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Abstract 

This thesis investigates the mechanisms of expertise and decision-making in esports, focusing 

on how contextual game knowledge informs expert behaviour. While extensive research has 

examined expertise across traditional domains including traditional sports, esports, defined 

broadly as competitive video gaming, empirical research into the mechanisms of expert 

performance and decision-making in esports remains limited. This is even though esports 

present a unique and nascent domain in which expertise can be observed and measured. 

Central to this thesis is the following question: What is the role of contextual game knowledge 

in decision-making by expert esports competitors? Domain experts leverage structured 

mental representations and extensive repositories of domain specific knowledge to make 

rapid and accurate decisions during a task, by anticipating and recognising emergent scenarios 

through assessment of environmental cues and other contextual factors. One theoretical 

framework prominent in the assessment of rapid decision-making within time-pressured 

domains is Naturalistic Decision Making (NDM), which posits that decision-making is 

facilitated through a recognition-primed process that focuses on rapid assessment of the 

situation and the selection for the first suitable action as opposed to other frameworks that 

frames decision-making as a more deliberative process and where action selection is focused 

on the most optimal solution. However, applications of NDM within the field of games and 

esports is limited. 

Following a pragmatic paradigm, grounded in Design Science Research (DSR), this thesis 

conducted a convergent mixed methods approach to the methodology that conducts two 

separate quantitative and qualitative studies, with findings discussed in conjunction after both 

studies were completed. Both studies examined competitive Team Fortress 2, a class-based 

first-person shooter. Interviews with expert video game players, following the semi-structured 

Critical Decision Method (CDM) interview protocol, found that decision-making within the 

game relies on predefined action templates, segmentation of play, and predefined roles with 

value and expectancies attributed to them. A hierarchical level of analysis framework is 

proposed, the Meta/Macro/Microgame model, which breaks actions and decisions into three 

temporal levels of play. Separately, a hand-based notational analysis captured behavioural 

patterns linked to distinct player actions, revealing that dynamic game states such as holding 

contextual advantages and control over objectives influenced player behaviour. Team-

coordinated actions are more strongly associated with success, although individual high-risk 

plays remain impactful. Synthesis of findings from both studies suggest that expert 

performance is underpinned by cue-driven recognition processes as theorised by the 

Recognition Primed Decision (RPD) model. Contextual game knowledge enables experts to 

form structured default plays that adapt dynamically to shifting scenarios. Methodologically, 

the integration of CDM and notational analysis offers a novel framework for esports research, 

facilitating a multi-layered analysis of cognition and behaviour. While limitations around 

generalisability and positionality are acknowledged, the research conducted advances 

theoretical, methodological, and practical understandings of expertise in esports.  
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1 Introduction 

In a wide range of domains from traditional crafts and trades to more recreational activities 

like music or sport, those who dedicate substantial amounts of their time to the development 

of their abilities through practice and learning are often recognised as an expert. In more 

competitive environments such as sport, expertise is reflected in refined and disciplined 

performances where one’s insight and mechanical ability work in perfect unison to achieve an 

intended objective. Therefore, there is an inherent desire with athletes to constantly be 

improving their skill to outperform their opponents, evidenced by the existence of support 

staff such as coaches and physical trainers whose primary goal is the optimisation of the 

athletes’ performance during competitions. Whilst a lot of focus is put on the physical 

performance of athletes, especially when demarcating them from non-experts, there is 

evidence to show that elite athletes display higher levels of skill across a range of psychological 

factors including adaptability, perceptual-cognitive proficiency, and ability to process multiple 

sources of information (Farrow & Robertson, 2017). Academic researchers, much like coaches 

and trainers, are interested in understanding how to best facilitate an athlete’s development, 

including how they process and learn, for example how to use affective learning experiences 

to promote adaptability within dynamic performance environments (Headrick et al., 2015). A 

significant body of research exists for the established traditional disciplines such as psychology 

and sport science, yet within the past twenty years competitive video gaming – commonly 

known as esports – has seen a growing body of literature and increasing interest from the 

research community. The extreme levels of fidelity found in esports provides a valuable 

environment in which to examine a range of disciplines including the psychology of human-

computer interaction (HCI) (Bányai et al., 2019; Pedraza-Ramirez et al., 2020) 

1.1 Defining esports 

In plain language, esports refers to the act of playing video games competitively, usually within 

a structured ecosystem for both professional and amateur competition. However, there are 

several differing academic definitions because of differences in what researchers consider as 

a part of said ecosystem. In one of the earliest literature reviews that provided an academic 

definition for esports, Wagner (2006) explains that simply considering it as ‘professional 

gaming’ is too narrow a view and that one should consider it in relation to traditional sport 

which encompasses activities commonly understood to be ‘sports’ like football, rugby, and 

tennis. The definition they produced defined esports as “an area of sport activities in which 

people develop and train mental or physical abilities in the use of information and 

communication technologies” (Wagner, 2006, p. 3). As research in this domain has grown, 

there have been more contemporary efforts to supply definitions that provide clear 

distinctions between esports, traditional sport, and gaming more generally (Formosa et al., 

2022). 
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Since the early days of esports research around the early to mid-2010s, the question of 

whether esports should be considered a sport has been a prevalent source of debate, as 

answering it would allow for governing bodies to evaluate the nature of their support of the 

domain. For example, national sporting bodies could recognise esports as a legitimate sport 

and open avenues for financial support. A contemporary example of such is when Sweden’s 

National Sports Confederation recognised the Swedish Esports Association and admitted it 

into the confederation despite pushback from members (Esports Around The World, 2023). 

There is significant overlap between esports and the foundations of traditional sport, 

including that esports feature both play – the voluntary, intrinsically motivated activity which 

is performed for fun or enjoyment, as defined by Guttman (2012) and competitions governed 

by rules requiring skill to succeed. Yet there is a distinct absence of physicality which for some 

is a key foundation of sport (Jenny et al., 2017; Parry, 2019; Pedraza-Ramirez et al., 2020). 

Others, however, argue that whilst the physicality of esports is not comparable to traditional 

sport, such elements are evident through the fine motor skills needed to operate the 

controller and the observation that players do exhibit increased physical exertion during play 

(Kane & Spradley, 2017; Thiel & John, 2018). While there is a necessity for a practical 

discussion around esports being a sport, especially regarding whether to include esports in 

national sport institutions, from an academic standpoint it is not imperative to clearly 

distinguish either way, as esports nevertheless presents an opportunity to explore established 

ideas in a new medium. Any learning derived from this exploration of the esports medium 

could then be applied to other domains. 

“Within sport management, many scholars have taken an interest in e-sports and 

are examining how it fits into scholarly discourse […] They all have embraced the 

phenomenon of e-sports, and I contend that it falls outside the purview of sport 

management scholars to decide what or what does not qualify as a sport. Instead, 

it is their responsibility to embrace these manifestations of sportification as part 

of our academic discourse, thereby allowing for examination and evaluation of 

how these activities affect the discipline, and more importantly, our society” 

(Heere, 2018) 

The task of defining esports within the context of this project must ensure that any definitions 

used are relevant to the discipline of psychology, sport, and HCI research, given the diversity 

of domains that esports can apply to. One of the most common definitions in such disciplines 

is Hamari & Sjöblom’s (2017) study into consumers’ motivation to spectate where they define 

esports as “a form of sports where the primary aspects of the sport are facilitated by electronic 

systems; the input of players and teams as well as the output of the eSports system are 

mediated by human-computer interfaces”. A challenge of this definition is that it does not 

clearly demarcate between gaming and esports, as there are clear differences between the 

two. Popular esport titles usually have some level of structure, organisation, and competition, 

whereas gaming more generally may not have all three (Funk et al., 2018). For instance, games 

like Grand Theft Auto V (Rockstar North, 2013) can have competitive elements, especially in 



13 
 

13 
 

its Player vs. Player activities, but there is a distinct lack of formal competitions regulated by 

official leagues (Pedraza-Ramirez et al., 2020). To account for this Pedraza-Ramirez et al. 

(2020) produced the following definition that provides a clear line between esports and other 

activities – and will be used in this thesis as the foundation for its own definition of esports: 

“Esports is the casual or organized competitive activity of playing specific video 

games that provide professional and/or personal development to the player. This 

practice is facilitated by electronic systems, either computers, consoles, tablets, or 

mobile phones, on which teams and individual players practice and compete 

online and/or in local-area-network tournaments at the professional or amateur 

level. The games are established by ranking systems and competitions and are 

regulated by official leagues. This structure provides players a sense of being part 

of a community and facilitates mastering expertise in fine-motor coordination and 

perceptual-cognitive skills, particularly but not exclusively, at higher levels of 

performance”. (Pedraza-Ramirez et al., 2020, p. 6) 

The only distinction from this definition that this thesis will make is that the ranking and 

leagues may be done by groups or organisations not officially supported by the developers of 

the game. For instance, if a game does not have an official in-game matchmaking or league 

system, but a third-party organisation has set up one instead and runs regular competitions 

with standardised rules then this thesis will consider that as a part of esports. This distinction 

allows the inclusion of grassroot communities of players who apply organisation, structure, 

and competition to games regardless of their recognition by the developers or major 

tournament organisers, as one interpretation of Pedraza-Ramirez et al.’s (2020) definition 

could exclude games that are not commonly understood to have an esports scene as a result 

of the developer not supporting or endorsing it. Defining esports for this thesis is important 

because competitive video game play as seen in esports is an environment in which players 

are exhibiting expert play. Thus, one can explore phenomena and theory of expertise, 

decision-making, and knowledge within it. It is important, however, to acknowledge that 

expert video game play exists outside of esports, such as in the case of speedrunning where 

players aim to complete a game or task within a game as fast as possible. Any findings in this 

thesis will refer and relate to esports and esports play, however findings may have applicability 

in non-esports expert video game play, that could be explored in future works. 

1.2 Psychology and Expertise Research in Esports 

In the late 2000s, esports gained a widespread interest as an industry as it was experiencing 

an increasing momentum with the emergence of popular esports titles alongside developing 

technologies including livestreaming on services such as Twitch (Scholz, 2019). With increased 

attention from the general population, the academic community similarly directed more 

attention towards the field, which has led to a rapid growth in the quantity of literature in 

esports research since the early/mid 2000s, with a particularly notable increase in the early 
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2010s. This was described in Reitman et al.’s (2020) review in which they also identified seven 

research disciplines which were engaging in esports research at the time: Business, 

Informatics, Media Studies, Law, Sociology, Sports Science, and Cognitive Science. The topics 

that the authors named in the literature within the discipline of cognitive science specifically 

included cognitive performance and the differences between experts and novices when 

playing video games. Use of games in cognitive and related sciences is not new, with a range 

of studies over decades covering topics including gamification, games as treatment 

conditions, and how processes of cognition act together in the performance of complex 

behaviour (Gray, 2017). Games are effective tools for examining behaviour, they create their 

own intrinsic motivation for participants to engage with the experiment by being enjoyable, 

in addition to producing a more ecological environment – especially if the participant has a 

history of playing games (K. Allen et al., 2023). A limitation of using laboratory tasks to capture 

cognitive performance in particular – especially that of experts – is that it is difficult to 

understand the long-term determinants, or resulting behaviours, of skilled performance. 

However, games are an environment in which researchers can explore performance and skill 

acquisition over varying timescales, from mere minutes to hundreds if not thousands of hours 

(Boot et al., 2017; Huang et al., 2017). While skilled performance is not a commonly identified 

motivator for why people play video games, there are those who identify competition among 

other reasons including entertainment, perceived usefulness, and social interactions (Hamari 

& Keronen, 2017; Vorderer et al., 2003). Given that esports are the activity of playing video 

games competitively against other players, those who take part will be intrinsically motivated 

to have a skilled performance to win. As such, esports is a well-suited environment to conduct 

research into the psychological principles behind expert performance and skill acquisition as 

it has the strengths of using games as a paradigm whilst ensuring that participants are 

motivated to have a skilled performance. Furthermore, esports research as a field of study 

would benefit from further research into the mechanisms of expertise and expert decision-

making to better understand how and why the most elite players can make rapid and accurate 

decisions during a complex situation. 

1.2.1 Esports Performance as a field of research 

The nature of esports research, having only gained notable interest in the last twelve years or 

so, means that much about the psychological characteristics of esport players and viewers is 

still being investigated. Because of this, much of the literature around the field of esports 

psychology has focused on the application of known concepts and principles from other 

domains or the creation of models and frameworks exclusive to the industry (D. Jeong & Youk, 

2023). For instance, there is a large body of research around the mechanics of stress, mental 

toughness, and coping in esports – all established concepts in sport science and psychology 

being applied to a nascent field (Leis & Lautenbach, 2020; Palanichamy et al., 2020; Poulus et 

al., 2020, 2022b; Trotter et al., 2023). In their systematic review of literature around the 

psychology of esports performance, Pedraza-Ramirez et al. (2020) divided up the publications 

that met the inclusion criteria into two categories: those which used esports as a measure of 
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cognitive performance, and those that investigated variables affecting game performance 

including expertise, training, and engagement. They concluded that research in esports could 

benefit from a closer relationship with the discipline of sport science to support one another. 

Esports psychology would benefit from using the theories and methodologies used by sports 

and in return, sports science would yield their own findings through the application of those 

theories within a domain like traditional sports yet has several divergent characteristics such 

as the medium in which competition takes place. 

When using esports or gaming more generally as a measure of cognitive performance, 

researchers have often made two different comparisons between groups. The first of these is 

the comparison between those who play video games and those who do not. An example of 

this is Green and Bavelier (2003) who found that video game players performed better on a 

range of tasks designed to test visual attention including attentional capacity and allocation 

of spatial attention on both trained and untrained locations. In addition, they found that non-

players trained on an action video game showed an improvement from their pre-training 

abilities, showing that playing such a game has a role in this effect. Further meta-analyses 

have shown that those who take part in action video games regularly exhibit better cognitive 

skills than those who do not play video games, and that using action video games as a tool for 

active training has a small-to-medium effect on improving some cognitive skills of young 

adults (Bediou et al., 2018; Belchior et al., 2013; Powers et al., 2013; Reynaldo et al., 2021; P. 

Wang et al., 2016). There is, however, conflicting evidence that video games can improve one’s 

cognitive abilities and that the differences in cognitive skills between those that play video 

games and those that do not are small (Gobet et al., 2014; Sala et al., 2018). Despite this, it is 

understood that playing action video games requires people to monitor and react to 

constantly changing stimuli and that those who frequently play such games possess a different 

cognitive profile that prioritises rapid response, even sometimes at the cost of accuracy 

(Kowal et al., 2018). 

The other comparison made when exploring measures of cognitive performance in esports is 

between amateur or novice players and expert players, meaning that both populations take 

part in esports games or other action video games but have varying degrees of expertise. Like 

research into video game players vs. non-video game players, literature around this topic has 

examined whether experts exhibit heightened levels of certain cognitive abilities or whether 

a specific cognitive ability is more prevalent in expert players in comparison to novices. For 

instance, Li et al. (2020) observed that expert League of Legends (Riot Games, 2009) players 

exhibited better cognitive flexibility and impulsive control compared to those of more average 

skill, although the authors acknowledge a limitation of their study being that they did not 

control for gaming experience outside of the game of study. This demonstrated an example of 

experts having an increased level of one or more cognitive abilities but does not state that 

these are predictors or determinants of expert performance. Röhlcke et al. (2018) gave 

experienced players of the game DOTA 2 (Valve Corporation, 2013) a questionnaire and four 

online cognitive tasks to determine whether working memory capacity, personality 
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characteristics, and the number of matches played could predict their performance score. 

Findings showed that the strongest predictor of performance was the number of matches 

played, followed by grit – the perseverance and passion for long-term goals – and age 

(Duckworth et al., 2007). However, there was no effect found for working memory capacity, 

which correlates with other research into the effect within the same genre (Kokkinakis et al., 

2017). Another cognitive trait to not differentiate between expert and non-expert players was 

inhibition, as was found following the use of a colour-word Stroop Task although it was found 

that expert players performed better on simple choice reaction times (Toth et al., 2019). The 

relationship between cognitive abilities and gaming is well documented, and even the effects 

of non-game factors such as exercise on cognitive factors research has been determined to 

contribute to esport performance (Toth et al., 2020). 

Aside from using esports as a way of measuring cognitive performance, esports performance 

research can also focus on the variables of in-game performance, the effects of esports 

participation or training, or measuring engagement (Pedraza-Ramirez et al., 2020). One area 

of interest for both researchers and players is what exactly does successful play look like, and 

what traits or actions does one exhibit or take during skilful performances. Poulus et al. 

(2022a) interviewed seven professional esport players to investigate their psychology when 

performing well, training, and working in esport teams. They found that players described 

high levels of confidence and characteristics of flow state as defined by Csikszentmihaliyi et 

al. (2014) when performing well; in addition, they often used strategies to manage their 

emotions and to mitigate ‘tilt’, in which a player’s performance is impacted due to negative 

emotions. This can also connect to stress which research has demonstrated to be present in 

esport players during play, although there are mixed results regarding the relationship 

between the act of playing esports competitively and psychophysiological stress (Leis & 

Lautenbach, 2020).  

Another aspect of examining successful play is to not investigate the emotions or perceptions 

of the players, but instead to examine the actions they are taking in-game. Thompson et al. 

(2017) collected replay files from the game Starcraft II (Blizzard Entertainment, 2010) and 

identified sequences of actions demarcated by shifts in attention, known as a perception 

action cycle. They identified that the latency to the first action, thought to be when a chunked 

sequence begins after an attentional shift, is delayed in relation to the other actions in the 

chunk which means that extra processing is taking place to determine the next sequence of 

actions through response selection and/or motor-processing. Latencies of all actions diminish 

with higher levels of skill meaning that expert players are completing and starting sequences 

of actions faster than non-expert players. Schubert et al. (2016) also segmented sequences of 

gameplay, albeit over a greater period. Using various sources of telemetry, they created an 

algorithm that could detect ‘encounters’ in the game DOTA 2 and predict the win probabilities 

based on the initial setting of said encounters, described as “when two or more heroes (units) 

from opposing teams are in range to affect each other”. The resulting technique allowed them 

to propose a number of metrics that could be used to monitor and evaluate team performance 
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during a match including the amount of gold or XP gained per minute, the difference between 

accumulated gold or XP across both teams, and the kill ratio – the latter of which was found 

to be a strong predictor of the match outcome. 

Research into esports performance varies significantly in both its methodologies and 

paradigms. One could evaluate the impact of video games on a specific cognitive trait and 

determine differences across varying skill levels, which in turn would provide insights into the 

cognitive traits needed for skilled performance in games. Alternatively, they could investigate 

the role emotion has on players during critical or stressful periods of play or uncover the 

specific in-game metrics that contribute towards successful encounter or match outcomes. 

The nascent nature of esports research in general means that much of the literature into a 

specific topic can be foundational for the current understanding of certain phenomena in 

professional play. However, much of the literature has been studied from within its own 

respective discipline or ‘silo’ and has seldom considered the fact that esports as an industry is 

interdisciplinary. Thus, much of this research has failed to engage in opportunities to exchange 

knowledge between and across disciplines (Pizzo et al., 2022). In a way, esports have been 

viewed from the outside in, applying concepts from other discipline ‘silos’ to phenomena in 

the industry. This thesis intends to do the opposite, by synthesising existing knowledge from 

across multiple disciplines and subject areas, including sport science, cognitive science, and 

games research to examine the actions and rationale of players’ decision-making during play 

and the influence of expertise. The findings of this research will be widely applicable and 

create opportunities for interdisciplinary efforts and a transfer of knowledge between each of 

those disciplines. 

1.2.2 Expertise in Esports 

Expertise refers to “the characteristics, skills, and knowledge that distinguish experts from 

novices and less experienced people. In some domains there are objective criteria for finding 

experts, who are consistently able to exhibit superior performance for representative tasks in 

a domain” (Ericsson, 2018). Investigations exploring the characteristics of such experts have 

covered a range of disciplines including medicine, teaching, music, sport, and games (Ericsson 

et al., 2018). There have been decades of research into expertise specifically within games, 

from perceptual-memory skills in chess players (Chase & Simon, 1973a, 1973b; de Groot et 

al., 1996) to skill acquisition or social behaviours of experts in Massive Multiplayer Online 

Games (MMOs) (Huffaker et al., 2009; Schrader & McCreery, 2008). Yet, there is a lack of focus 

on the relationship between expert performance and video games more generally; there is 

more interest in the effect video game experience has on non-game areas including education 

(Bhuiyan & Mahmud, 2015; D. B. Clark et al., 2016; Sala & Gobet, 2016), healthcare (Charlier 

et al., 2016; Comeras-Chueca et al., 2021; Maheu-Cadotte et al., 2021), and cognitive training 

(Belchior et al., 2013; Sala et al., 2018; P. Wang et al., 2016) to name a few. 

Literature on the relationship between expert performance and esports, however, is much 

more prevalent as it is an environment which facilitates deliberate skill acquisition and the 
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desire for skilled performances. Pluss et al. (2019) argues that esports research is an 

environment that is well suited to evaluating the nature of expertise since human-computer 

interaction mediates esports play which means that task representative designs can resemble 

a real-world counterpart. Much like the difference between video game players and non-video 

game players, there have been a significant number of studies investigating determinants of 

expert performance and the differences in perceptual-cognitive abilities between expert and 

non-expert video game players (Li et al., 2020; Pluss et al., 2019; Toth et al., 2019).  

Investigating the cognitive ability of esport players is just one aspect of investigation of 

expertise, with another being examination of actual performance of such players during play. 

One’s performance can be examined at both a macro and micro level as evidenced with Huang 

et al.’s (2017) study of habits and practices of esport players in both Halo: Reach (Bungie, 

2010) and Starcraft II. From examining specific in-game habits with unit grouping in Starcraft 

II to broader patterns of play over a longer period of time and the impact of breaks and 

number of matches played on one’s in-game ranking in Halo: Reach, they concluded that 

“Gaming skill forms from both deeply engrained individualized habits due to time pressure, 

and sustained and intense practice that can result in bursts of improvement.”. However, there 

is not a consensus on effective paradigms of measuring or monitoring expertise and skill 

acquisition of video game players. Boot et al. (2017) tested the efficacy of the and use of verbal 

protocol analysis and recommended its further use to understand performance and skill 

acquisition in other games. When asking esports players their own perceptions of what 

constitutes expertise, Fanfarelli (2018) identified two themes: Game Sense which they define 

as an awareness of the current game state, and Mechanics, the mechanical use of input 

devices as well as the player’s ability to manipulate game mechanics. They mention the 

concept of Game Sense as “the most complex and mysterious aspect of expertise that was 

described” despite its prevalence in the interviews with players. Recommendations for future 

research include the use of cross-game comparisons to identify consistencies in the nature of 

expertise across different games, and the use of empirical methodologies to examine whether 

identified skills had an impact on performance or if there is a discrepancy between an expert’s 

perception and the actual nature of expertise (Fanfarelli, 2018, p. 18). Taking this all into 

account, there is a demand for research into the factors contributing to the development and 

use of Game Sense in addition to effective methods of measuring or monitoring expertise and 

skill acquisition in video game players. 

1.2.3 Domain-Specific Knowledge in Esports 

As opposed to expertise in which there is a significant body of research which defines and sets 

the boundaries of the phenomena especially in disciplines such as games research, the 

concept of domain-specific knowledge is a bit more nebulous. It has a close relationship with 

the ‘knowledge-is-power hypothesis’ in which domain-specific knowledge is the primary 

determinant of success in cognitive endeavours as opposed to basic cognitive abilities 

(Hambrick & Engle, 2002). Whilst there have been challenges to that position in recent years 

with research into the relationship between prior knowledge and cognitive skills, as well as its 
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application in real-life contexts, there is a general consensus that success in complex domains 

does reflect a high level of domain-specific knowledge (Hambrick & Meinz, 2011; Moehring 

et al., 2018; Simonsmeier et al., 2022). Because of this link between domain-specific 

knowledge and skilled performance, there is a clear relationship between expertise and 

knowledge (Ericsson & Smith, 1991). 

Research into the relationship between video game play and domain-specific knowledge is 

incredibly limited, especially so in esports. Lakhmani et al. (2016) compared MMO players’ 

domain-specific knowledge to identify communities of practice, which are groups of people 

who share a common interest in a domain and further each other’s understanding. Their study 

identified two distinct populations separated by those with high knowledge and those with 

low knowledge, which has implications for the role of experience and community 

memberships in MMOs. A recommendation for future research was to use knowledge-based 

measures to identify populations of MMO players that are more active as practitioners to 

better understand the phenomena of learning and behaviour in the genre. When examining 

esports players specifically, Bonny and Castaneda (2016) asked DOTA 2 players of varying 

expertise to recall the game state and location of characters in both fake and real matches, 

with the former presenting information that may not be correct or unlikely to occur, including 

odd positions of characters, or certain buildings not having been destroyed in order. The 

results supported the hypothesis that players would be sensitive to the map information being 

consistent with realistic game states and that experts would do so to a greater extent, which 

concurred with previous expertise research into the impact of game information. Player’s 

recall performance was higher when presented with a real game state as opposed to a fake 

one, presenting a variety of explanations from a range of disciplines, including the use of 

schemas, to the awareness of conditional rules and probabilities. Suggested future research 

acknowledges the complexity of gameplay in the MOBA genre, recommending investigations 

comparing non-MOBA players to experts instead of other players to determine the impact of 

genre complexity. In addition, similar research to this in different genres could aid in 

determining the generalisability of game knowledge and expertise and be compared against 

other disciplines. 

1.2.4 Decision-making in Esports 

From a psychological perspective, decision-making is “an information-processing activity of a 

single decision maker, or of multiple decision makers, which begins with the recognition of a 

choice situation and ends with the implementation of the choice and the monitoring of its 

effects”  (Jungermann, 2004). A video game player’s decision-making ability has been a topic 

of interest for research around cognitive development, and whether the use of games – 

particularly serious games like simulations – has a positive effect on decision-making as a 

cognitive skill (Reynaldo et al., 2021). There is evidence to suggest that expert video game 

players exhibit faster and more accurate response times in environments requiring decision-

making (Ding et al., 2018; M. Pluss et al., 2020). At the time of its writing, Pedraza-Ramirez et 
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al. (2020) in their heuristic model highlighted a need for research into expertise and 

performance indicators in professional play using decision-making as an example. In direct 

response to that call, Valls-Serrano et al. (2022) found there to be a relationship between 

cognitive flexibility and decision-making processes, examined via in-game performance 

variables and the use of behavioural tests and recording of in-game performance of League of 

Legends players. Specifically with decision-making, they found that the number of minions 

killed per minute could be predicted by one’s decision-making abilities and that analysing the 

actions players take in decision-making tasks could be a predictor for in-game performance. 

In this work, they acknowledge the lack of research into the influence of decision-making 

processes in League of Legends players and recommend future research to confirm their 

findings. This acknowledgement, in conjunction with Pedraza-Ramirez et al.’s (2020) 

commentary on the lack of research around decision-making and its relationship with 

expertise and in-game performance, highlight a significant demand for research into this 

phenomenon.  

1.3 Research Question 

Expertise and factors facilitating it are of interest to both researchers and practitioners due to 

its immediate applicability. There are a lot of factors that can contribute towards expert 

performance, yet examining the current state of esports research, especially in the topic of 

esports performance, there is a lack of literature on how expertise is reflected in the game 

itself or how the player leverages the game in their own decision-making. Some of the 

research gaps highlighted in this chapter include: 

• Factors contributing to the development and use of Game Sense, 

• Effective methods of measuring or monitoring expertise and skill acquisition in video 

game players, 

• Generalisability of expertise and game knowledge mechanics across both game genres 

and academic disciplines, 

• The relationship between high-order functions, such as decision-making, and esports 

performance. 

This thesis aims to address these elements by investigating the specific relationship between 

expertise, domain-specific knowledge, and decision-making. When esports players are in the 

middle of play, they are required to make rapid – yet complex – decisions to predict sequential 

events and make effective actions contributing to the successful outcome of the match. Much 

of their decision-making will be informed by their perception of the current game state in 

conjunction with their existing knowledge about the mechanics of the game and predictions 

of sequential events based on previous experience. Therefore, this thesis investigates the 

following research question:  
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“What is the role of contextual game knowledge in decision-making by expert esports 

competitors?” 

1.4 Thesis Organisation 

Chapter 1 will discuss how expertise and elite performance has been explored in a range of 

domains such as music, medicine, art, and traditional sports, with research aiming to optimise 

skill acquisition and improve the performance of experts and novices alike. In recent years, 

the nascent domain of esports has emerged as a rich site for inquiry into the mechanisms of 

expertise, characterised with structured competitions and measurable outcomes of winners 

and losers, all of which is mediated by a human-computer interaction. Colloquially understood 

as competitive video gaming, the exact definition of esports remains a subject of debate 

(Section 1.1). Regardless, there is significant interest in esports as a medium for psychological 

inquiry as an environment that can blend games research, sports science, and cognitive 

psychology together with significant focus on research into whether esports and games can 

be used to train or enhance cognitive skills (Section 1.2). Despite growing attention, effective 

methods for measuring expertise and the cognitive processes underpinning esports play are 

underdeveloped, necessitating future research (Section 1.2.1 to 1.2.4). There are various 

factors contributing to esports performance, but with the state of esports research, there is 

limited literature on how expertise is reflected in the game itself and how the player sources 

and uses information from the game itself in their decision-making processes. This thesis aims 

to address these elements by investigating the specific relationship between expertise, 

domain-specific knowledge sourced from the game itself, and decision-making (Section 1.3). 

When esports players are in the middle of play, they are required to make rapid yet complex 

decisions to predict sequential events and take effective actions contributing to the successful 

outcome of the match. Much of their decision-making will be informed by their perception of 

the current game state in conjunction with their existing knowledge about the mechanics of 

the game and predictions of the sets of sequential events based on previous experience.  

To address the research question exploring the relationship between expertise, knowledge, 

and decision-making within video game play, a critical review of the historical and current 

research around the subject is needed. Chapter 2 forms the first part of the critical review and 

will investigate expertise and its underlying mechanisms, focusing on the cognitive, 

behavioural, and contextual determinants that distinguish expert performance from novice 

behaviour. Expertise as a term encompasses all the unique characteristics, skills, and 

knowledge that enables an individual to exhibit consistently superior performance within 

their domain (Ericsson, 2018). Research around the subject has explored various domains 

including music (Ruthsatz et al., 2008; Woody, 2001), science and medicine (Causer et al., 

2014; Causer & Williams, 2013; Patel et al., 1999), art (Augustin & Leder, 2006; Silvia, 2013), 

and traditional sport (Araújo et al., 2019; Headrick et al., 2015; E. Phillips et al., 2010). Sports 

science research in particular has focused on contributing factors to expert performance as 

determining the mechanisms behind superior play can be used to identify ways of advancing 
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performance further or to improve skill acquisition. Given the structural similarities between 

traditional sports and esports, findings from expertise research around sports can be applied 

to the domain of esports. However, further research is required to explore expertise within 

esports, including establishing methodologies that leverage the benefits of games as a 

paradigm (Pedraza-Ramirez et al., 2020). To do this, it is important to conduct a critical review 

of the literature surrounding expertise, the common characteristics of expertise exhibited 

across domains (Section 2.1), and domain-specific expertise research around traditional 

sports (Section 2.1.1.1), video games (Section 2.1.1.2), and esports (Section 2.1.1.3).Chapter 

3 will build on the previous chapter exploring general and domain-specific expertise research 

by conducting a critical review of decision-making, knowledge, and both contribute to expert 

performance. Janelle and Hillman (2003) describe two subdomains of cognitive expertise: 

tactical skills and decision-making. The first of which is using extensive repositories of 

knowledge to recognise sequences of events, understand how different concepts relate to one 

another, and predict future outcomes (Allen, 2007). Second is to leverage that knowledge to 

extract key pieces of information and decide the most suitable course of action for the 

emergent scenario. Experts routinely demonstrate superior decision-making ability within 

domain tasks exhibited by more accurate decisions selected at a greater speed, thus 

understanding the mechanisms behind the decision-making process would enable the 

development of training protocols to further enhance these processes (Salas et al., 2010; Valls-

Serrano et al., 2022). Because decision-making is a key contributor to superior performance, 

and those decisions make use of the individual’s knowledge about the domain task, both 

decision-making and knowledge have been the subject of a large amount of research within 

expertise research generally, as well as within more specific domains such as traditional 

sports, video games, and esports. To complete the critical review, definitions, and typologies 

of both knowledge (Section 3.1) and decision-making (Section 3.2 and 3.2.2) will be explored, 

as well as the mechanisms of domain-specific decision-making within traditional sports 

(Section 3.2.1.1), video games, and esports (Section 3.2.1.2).Chapter 4 will establish the 

thesis’ research paradigm and methodological framework, articulating the ontological and 

epistemological stance and the means of inquiry to ensure that the research design aligns with 

the research question and intended contributions (Rehman & Alharthi, 2016). This thesis will 

adopt a pragmatist paradigm integrated with principles from Design Science Research, to 

develop, conduct, and validate a new methodological approach to games and esports 

research (Section 4.2). While research has examined expertise in sports and psychology, there 

remains a limited understanding of how expertise is exhibited in video games, particularly 

around how players apply domain-specific knowledge in-game to make rapid, contextually 

grounded decisions (Section 4.1). To address this, the thesis aims to construct a foundational 

methodological framework that explores the relationship between expertise, knowledge, and 

decision-making in games. This will provide a basis for future research to systematically 

investigate esports performance across multiple genres, adapting established methods from 

cognitive psychology and sports science to the context of esports (Section 4.2.2.). With 

pragmatism as a guiding paradigm and its focus on solving real-world problems through 
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practical contributions, this thesis will adopt a convergent parallel mixed methods research 

design where qualitative and quantitative components will be held with equal weighting and 

conducted separately, with findings triangulated in the interpretation stage (Section 4.2.1.1). 

This triangulation combines different data sources to strengthen findings and deepen the 

interpretation of the data. Additionally, the researcher’s positionality will be discussed as a 

critical factor shaping the study’s design and interpretation (Section 4.3). As an insider with 

nearly a decade of competitive esports experience, extensive playtime, and active community 

involvement, the researcher possesses intimate domain knowledge and access advantages 

that support methodological depth. However, this proximity introduces potential concerns 

regarding bias, subjectivity, and power dynamics, so methodological safeguards need to be 

implemented to mitigate these issues through transparency and reflexivity (Section 4.3.1). 

For the qualitative study, the Critical Decision Method (CDM), a semi-structured interview 

technique from the field of Naturalistic Decision-Making (NDM), will be used (Section 4.4.1). 

CDM is a semi-structured interview technique that is designed to elicit expert decision-making 

through the retrospective analysis of key decisions during an identified incident. For the 

quantitative study, performance analysis through notational systems will be employed, a well-

established approach in sports science for capturing player behaviour, positioning, and 

performance metrics. The richness of in-game telemetric data and the potential integration 

of non-invasive analytical technologies further strengthen this approach (Section 4.4.2). 

Together, these methodologies aim to provide a multidimensional analysis of expertise in 

esports. After establishing and declaring the paradigm, researcher positionality, and 

methodological tools, the next step in the development of this thesis will be the design and 

implementation of both studies. 

Chapters 5, 6, and 7 follow the convergent parallel mixed methods design described in Chapter 

4, with both methods providing independent contributions and Chapter 7 synthesising the 

findings for a comprehensive discussion around the research question and designed 

methodology. Chapter 5 will explore expert decision-making in competitive Team Fortress 2 

through the Naturalistic Decision-Making (NDM) framework, employing the Critical Decision 

Method (CDM) to examine the role of contextual game knowledge and factors contributing to 

expert play. The application of CDM to esports presents new avenues for advancing expertise 

research within competitive gaming (Section 5.4), and this chapter will discuss its applications 

within esports research and its implications for understanding expertise in practical contexts. 

Chapter 6 will investigate the behavioural patterns of expert competitive Team Fortress 2 

players through the development and application of a bespoke notational analysis system, 

drawing on principles commonly employed in traditional sport performance analysis, to 

capture discrete player actions in relation to key game-state variables. Chapter 7 will then 

synthesise the qualitative and quantitative strands of the thesis, using expert insights from 

CDM interviews and behavioural patterns from Notational Analysis of gameplay. This chapter 

will examine the findings and how they answer the research question of “What is the role of 

contextual game knowledge in decision-making by expert esports competitors?” (Section 7.1). 
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Furthermore, it will evaluate the methodological implications of combining both methods, 

considering the strengths and limitations of the approach (Section 7.2). Chapter 8 will 

summarise the thesis in full (Section 8.1), highlighting key contributions to knowledge 

including contributions to theory (Section 8.2.1), methodology (Section 8.2.2), and both 

academic and industry practice (Section 8.2.3).  
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2 Critical review of characteristics of skill and expertise in 

video games, traditional sport, and esports 

Ericsson (2018) defines expertise as “the characteristics, skills, and knowledge that distinguish 

experts from novices and less experienced people. In some domains there are objective 

criteria for finding experts, who are consistently able to exhibit superior performance for 

representative tasks in a domain.” Determinants of expertise and exhibited behaviours of 

experts is a well-researched area, covering a wide range of domains including music (Ruthsatz 

et al., 2008; Woody, 2001), science and medicine (Causer et al., 2014; Causer & Williams, 

2013; Patel et al., 1999), art (Augustin & Leder, 2006; Silvia, 2013), and traditional sport 

(Araújo et al., 2019; Headrick et al., 2015; E. Phillips et al., 2010). Much discussion surrounding 

expertise focuses on identifying factors of expert performance that can be developed or 

refined through training, as structured methods of training are a primary factor into an 

athlete’s performance and whether they become an expert (Baker & Horton, 2004). 

Improvements to training can provide potential tactical or cognitive advantages over 

opponents.  The nascent domain of esports shares similarities with traditional sport and 

therefore, there is a possibility that much of the knowledge on expertise in traditional sport is 

applicable to esports. However, there is a lack of substantial research that investigates the 

factors that contribute to expertise in esports (Pluss et al., 2019). Pedraza-Ramirez et al.’s 

(2020) systematic review of esports psychology research highlighted several challenges 

related to expertise research within the domain including a need to develop training 

structures for esports players and establishing methodologies that leverage the benefits of 

games as a paradigm. To do this, and to explore potential generalisability of expertise across 

domains, it is important to understand the characteristics of expertise and skilled performance 

in traditional sport, gaming, and esports. To understand these components and 

characteristics, it is necessary to conduct a critical review of literature surrounding expertise, 

how expert performance exhibits itself generally and within specific domains relevant to the 

research question. As this thesis investigates expert decision-making and knowledge within 

video games, the domains of both video games and esports, which is the act of playing video 

games competitively, are highly relevant. Many esports exhibit characteristics of traditional 

sports such as well-defined win conditions, where competitions are regulated by professional 

leagues and/or governing bodies, and where there is a clear exhibition of motor cognitive 

skills (Jenny et al., 2017; Tang et al., 2023). 

2.1 Characteristics of Expertise and Expert Performance 

Understanding the structures of expertise and how individuals acquire the knowledge and 

experience necessary for expert performance has long been of interest to researchers, 

especially given the premise that there is transferability in such psychological structures across 

domains (Berditchevskaia et al., 2017; Christopher & Müller, 2014). It was not until the mid-

1950s that research in this field combined the use of empirical studies of thinking with 

theoretical models of human thought processes, which established some of the foundational 

https://www.zotero.org/google-docs/?sG1tNT
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theories and knowledge that underpin contemporary expertise research (Feltovich et al., 

2006). Early research in this field suggested that any single individual’s ability was constrained 

by biological limitations and could not be surpassed by training, as benefits of training near 

biological limits quickly diminished, resulting in research having a specific focus around 

whether there were biological factors that could be used to predict expert performance, for 

which there is conflicting evidence (Ericsson, 2004; Howe et al., 1998). In Feltovich et al.’s 

(2006) historical review of the study of expertise, they characterised some of the mechanisms 

of expertise that could be generalised across several domains: 

• Expertise is usually limited to a single domain of activity; it is unlikely that an expert in 

one domain can perform at a similar level in another domain without extensive 

training. Proficiency in one domain does not transfer to other domains, even those 

that at a surface level appear similar. 

• Knowledge of a domain is vital for expertise in a domain and is the dominant source of 

variance between individuals in a task. Performance in each domain is primarily 

influenced by patterns of knowledge and associated actions specific to that domain, 

as opposed to more general cognitive abilities. Additionally, those general cognitive 

abilities can be greatly influenced by one’s knowledge of the operative domain (Chi, 

1978; Chiesi et al., 1979; Spilich et al., 1979). 

• Experts use larger cognitive units, or chunks, to organise available information better 

than novices. Both experts and novices have the same capacity in their working 

memory but where a novice may, when memorising a chess board for example, 

process each independent piece on the board, an expert would group a number of 

pieces together, associating those groups with memorised moves or strategies (Chase 

& Simon, 1973a, 1973b). 

• Experts develop abstract representations of the domain which allows them to 

immediately recall information and knowledge relevant to the current task, whereas 

novices who lack that in depth knowledge and subsequent representations attempt to 

create some level of organisation which is less relevant to the domain. For example, a 

novice could evaluate a chessboard simply by which opposing pieces are nearest to 

the king, failing to factor in the larger complexities that occur during play. 

• Automaticity is important to expertise as it means that some of the more basic 

cognitive components such as decoding and encoding can be done with minimal 

conscious effort, leaving more cognitive resources available to be used for higher level 

skills like reasoning, comprehension, and monitoring (Logan, 1985). Automating 

certain components of tasks allows the expert to get more use out of available 

knowledge stored in their memory, giving them better access to a large body of 

https://www.zotero.org/google-docs/?gNQ0b0
https://www.zotero.org/google-docs/?gNQ0b0
https://www.zotero.org/google-docs/?4enB78
https://www.zotero.org/google-docs/?z55ssv
https://www.zotero.org/google-docs/?z55ssv
https://www.zotero.org/google-docs/?44RAUi
https://www.zotero.org/google-docs/?44RAUi
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information. Even when novices are given the same access to information as experts, 

experts are far more able to utilise it (Jeffries et al., 1981). 

• Experts exhibit selectivity of information, learning and distinguishing which 

information is most useful or applicable for a task. They take abstract representations 

of events from which they identify the invariant components that are useful when 

analysing a current problem or task for regularities, identifying a range of cues, which 

guides their thinking and decision-making. In many tasks, people often must tackle the 

problem of knowledge inversion, moving from understanding known concepts to 

problem identification. As an example, medical students are taught to identify the 

traits and symptoms of known diseases but then must apply that knowledge to the 

opposite situation, where a patient exhibits symptoms, but the disease is not initially 

known. 

• Experts routinely partake in metacognitive thinking by reflecting on their own 

knowledge, performance, and thought processes. This monitoring allows them to 

modify their abstractions and to identify when the task is outside of the boundaries of 

familiarity, as well as back-tracking or starting over when to abandon lines of 

reasoning. For example, experts may withhold decisions until sufficient constraints 

become apparent to limit the number of viable options. 

Domain-specific skill acquisition is a process of transition: novices will make a deliberate effort 

to avoid egregious mistakes resulting from a lack of knowledge that is needed to automate 

actions or construct representations of the domain; as experience is gained so those 

representations and automaticity of actions also improve (Ericsson, 2004; Simon & Chase, 

1988). Simply having longitudinal experience was once seen as the principal factor of skill 

acquisition and expertise, although Ericsson challenged this perception in the 1990s, arguing 

that exposure to a domain over time is not enough to become an expert and that there must 

be an intent to improve through structured activities, a process that became known as 

deliberate practice (Ericsson, 1998; Ericsson et al., 1993; Ericsson & Lehmann, 1996; Ruthsatz 

et al., 2008). The efficacy of deliberate practice is subject to significant academic debate, yet 

it was the impetus for much of the literature around general expertise.From a methodological 

standpoint, there was significant interest in developing a framework for studying expertise. 

Instead of identifying educated or experienced individuals as experts, methods were proposed 

for capturing the underlying skill in the domain and designing representative tasks to capture 

learning, which came to be known as the expert performance approach (Causer et al., 2014; 

Ericsson & Moxley, 2012; Ericsson & Smith, 1991; Ford et al., 2009; A. Williams et al., 2017). 

The foundations of expertise research have been developed through the application of theory 

across a range of disciplines including medicine, writing, teaching, entrepreneurship, music, 

art, sports, and gaming (Ericsson et al., 2018). By applying theory across a range of disciplines 

the generalisable rules of expertise became established, although there are distinct variations 

regarding how expertise is exhibited in different domains. 

https://www.zotero.org/google-docs/?BMlv9j
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2.1.1 Characteristics of Expertise in domain-specific tasks 

While there are components of expertise that can be generalised across domains, it is 

important to acknowledge that each domain is different and thus expertise, how it develops, 

and how it exhibits in skilled performance is also different. Because of this, it is necessary to 

review the mechanisms of expertise in the domain of esports as well as the comparative 

domains of video games and traditional sport. Esports is the casual or organised competitive 

activity of playing specific video games that provide professional and/or personal 

development of the player (Pedraza-Ramirez et al., 2020). Given that esports share the same 

medium and task environments with games, as esports is the act of playing video games 

competitively, there is a strong likelihood that the characteristics of expertise in esports will 

be shared within video games more generally. Traditional sport is a comparative domain as 

they both feature play and competitions governed by rules requiring skill to succeed, and 

often esports and sports are directly compared, especially in the context of governance and 

legislation. Thus, all three domains contain insights about expertise that are important for 

addressing the thesis’ research questions. 

2.1.1.1 Characteristics of Expertise within Traditional Sport 

Traditional sport is a domain long associated with performance optimisation, as there is an 

interest in determining methods of improving an athlete's ability to perform and how best to 

design training to facilitate skilled performance. Since sport often has an objective and 

standardised outcome, with winners and losers, it is an effective domain to test expertise 

(Allen, 2007). Understanding the difference between both of those groups would identify 

factors that could contribute to successful performance and resolve the question of whether 

expertise is primarily determined by nature or nurture, although it is understood that human 

performance is likely contingent on a combination of both (Baker & Horton, 2004). 

Contemporary sport science research has moved away from historical perspectives that 

consider expertise as a spectrum between biology and environment instead opting for more 

complex models of performance. Phillips et al. (2010) applied dynamical systems theory, 

which understands that several interacting factors can constrain performance and shape 

individual development, and presented some considerations for practitioners and researchers 

around skill acquisition and expertise. Firstly, the relationship between performer and 

environment adapts continuously in a non-linear manner and is dependent on context, 

training, and coaching. Secondly, a full examination of expertise involves understanding that 

differences between individuals and affecting factors can be very diverse. Dynamical systems 

theory shares similar characteristics to the expert performance approach, which understands 

that expert performance is a highly individual experience independent from any other person, 

thus, to understand expertise it is important to identify mechanisms intrinsic to the domain 

via the study of behaviour within representative tasks.Reviews on the efficacy of the expert 

performance approach in the context of sport have found that it is an effective method of 

designing representative tasks for capturing expert performance and understanding the 

factors that constrain human achievement, although there are some methodological 
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challenges, including that it can be difficult to design tasks for capturing expert performance 

that are truly representative yet also allow the monitoring and identification of mechanisms. 

Process-tracing methods such as verbal protocol analysis and eye tracking are recommended 

to aid in identifying these underlying mechanisms (Ford et al., 2009; A. M. Williams et al., 

2008; A. M. Williams & Ericsson, 2005; A. M. Williams & Ford, 2008). 

Early research into the mechanisms of expert performance in sports focused on motor 

abilities, both general and specific, in the hope that it could identify certain abilities that 

predict skilled performance. However, there were concerns that there was limited evidence 

this was the case and whether any findings were generalisable to other sports or domains. 

More contemporary research has focused on skills that are specific to a domain (Eccles, 2020). 

Expertise is reliant on domain-specific skills and there is little evidence that general abilities 

have a significant impact on the performance within a domain. For example, it was found that 

expert athletes did not possess superior reaction or visual correction times, and that expert 

performance was attributable to a number of other processes such as the processing of 

environmental cues and making quick decisions (Helsen & Starkes, 1999). Being able to 

process and predict situations more efficiently may explain the lay observation that experts 

are ‘faster’ than novices, especially if experts can anticipate future events before they happen. 

Being able to anticipate sequential events is a key skill for experts as recognition of patterns 

within their domain and predictions based on limited information can quickly constrain 

possible actions that the expert needs to decide between, with research suggesting that 

anticipatory skills can be trained through perceptual training (Abernethy et al., 1999, 2018; 

Magnaguagno et al., 2022). 

Differentiating between experts and non-experts by basic cognitive abilities like inhibition 

control remains a controversial topic, as observable differences between groups remain small 

(Kalén et al., 2021). Yet, there are several perceptual-cognitive skills that distinguish experts 

and novices apart, including cue recognition, perception-action patterns, and prediction of 

future events (Delmas et al., 2022; Mann et al., 2007; Williams et al., 2011). The perceptual-

cognitive skills employed during a match are constrained by contextual information such as 

the game score, pitch surface, and opponents’ preferences, although there is limited research 

into the relationship between that and expertise (Broadbent et al., 2015). What is clear is that 

contextual information plays a key role in expert performance as, when investigating the 

efficacy of self-generated information in expert and non-expert youth handball players, 

Magnaguagno et al. (2022) observed that while providing uncertain or incomplete 

information did not enhance or harm performance, introduction of false information 

negatively impacted expert performance at a greater magnitude than for non-experts. They 

recommend for sport practitioners to only introduce explicit contextual information under 

three conditions: if a player is not experienced enough to rely on self-generated information, 

there is not a sufficient knowledge base to self-generate, or the instructor is certain that the 

information is correct to the emergent situation. While there is a specificity to any perceptual-

cognitive skills that are used by experts, there is the possibility of some transferability 

https://www.zotero.org/google-docs/?t58RIM
https://www.zotero.org/google-docs/?Dn905o
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between related sports (Christopher & Müller, 2014; Smeeton et al., 2004; A. M. Williams et 

al., 2018). Even though expertise is considered to be domain-specific, all experts apply general 

cognitive memory skills to some extent to ‘shortcut’ their processing of information (Bilalić, 

2017). In summation, expertise research within the domain of traditional sport has been a 

process of understanding and identifying the common factors differentiating winners and 

losers. Historically focusing on the debate of nature vs nurture and motor performance, 

contemporary research moved towards exploring domain-specific characteristics exhibited by 

experts after finding limited or weak evidence that general cognitive skills translated to 

superior performance. Approaches like dynamical systems theory and the expert performance 

approach encourage researchers to acknowledge that expertise is influenced by an extensive 

range of factors, and that to truly understand it requires examination of player performance 

‘in-context’, in other words to explore behaviour within naturalistic tasks. 

2.1.1.2 Characteristics of Expertise within Video Games 

Games have long been a common medium to evaluate mechanisms of expertise. Chess, for 

instance, was used to study several cognitive skills thought to be related to expertise including 

perception skills, memory, and selective attention (Chase & Simon, 1973b, 1973a; Simon & 

Chase, 1988). Obviously, there are significant practical differences between board games like 

Chess and the medium of video games but, despite this, expertise research has often used 

video games to apply and test existing theories, and games research has utilised expertise 

research in understanding player choices and behaviour. The expert performance approach, 

for example, has been applied to video games several times to explore deliberate practice as 

the unique characteristics of games allow players to rapidly re-attempt challenging situations 

upon failure or bypass mastered segments through save mechanics (Boot et al., 2017; Towne 

et al., 2014). Since deliberate practice often requires individuals to engage in an activity at the 

limits of their own ability, failure and frustration can be frequent. Games on the other hand 

can provide a mixture of enjoyment and challenge with rewards, creating motivation and 

incentive for progression. The study of this phenomenon within video games has used a 

specially designed game for exploring various dimensions of difficulty and skill acquisition 

called Space Fortress (Mani & Donchin, 1989). Applying the expert performance approach, 

which explores the unique characteristics of specific individual performances, Towne et al. 

(2016) found that the highest achiever continually refined their performance regardless of 

explicit improvements to game score or quality of play. Furthermore, while they found no 

evidence that this participant’s performance could not be replicated by others if they had 

training, their adaptive behaviour in conjunction with the divergence of strategy between 

them and other participants challenges the idea that expertise is a converging phenomenon 

with a unified structure of performance one approaches as their skill increases. Both Towne 

et al. (2016) and Boot et al.’s (2017) follow-up study concluded that the expert performance 

approach could be a valuable tool for exploring expertise in video games by exploring 

individual skilled performers.Outside of the expert performance approach, there are other 

methodologies that have been applied in games to explore different components of expertise. 

https://www.zotero.org/google-docs/?Rgt7p8
https://www.zotero.org/google-docs/?Rgt7p8
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Huang et al. (2017) analysed naturalistic gameplay data for two different games, Halo: Reach 

(Bungie, 2010) and Starcraft II (Blizzard Entertainment, 2010). Examining skill progression and 

play frequency longitudinally in Halo: Reach, the most efficient skill gain came from regular, 

but not excessive, play with minimal extended breaks with the most elite players exhibiting 

unique skill progression paths suggesting additional contributing factors. Furthermore, 

investigation of habit and micro-level behaviour of Starcraft II players found that expert 

players exhibited specific routines and behaviours not seen in novices, such as use of the 

grouping mechanic, suggesting that certain in-game actions are necessary if not expected at 

higher levels of play. A significant limitation of Huang et al.’s (2017) study is that both Halo: 

Reach and StarCraft II are distinctly different games and thus it is difficult to conclude whether 

behaviours from one game are transferrable to the other, or to other genres. Despite that, the 

study demonstrates an indicative insight into the game-specific metrics of performance, 

informed from skilled performance from other domains. Another example of using theory 

from other domains explored in expertise research was Röhlcke et al. (2018), who explored 

whether other determinants of performance including working memory, personality, and time 

spent in the game predicted expert DOTA 2 (Valve Corporation, 2013) performances. They 

found that there was a significant relationship between one’s in-game ranking and the amount 

of time players have played the game, as well as a weaker relationship with ranking and one’s 

grit, a personality trait around perseverance towards long-term goals; no relationship was 

found between ranking and working memory capacity.  The question of whether expert video 

game players exhibit enhanced perceptual-cognitive skills and if that is transferable to 

different domains has been a well discussed topic especially as it relates to using video games 

to improve general cognitive abilities, with both arguments for and against that idea (Bediou 

et al., 2018, 2023; Gobet et al., 2014). Regardless of whether these cognitive skills are 

generalisable, expert video game players have exhibited higher performance in several 

cognitive abilities including cognitive flexibility, task switching, cognitive inhibition, and 

processing speed (Kowal et al., 2018; Large et al., 2019; Li et al., 2020; Toth et al., 2019).  

A review of research in surrounding expertise and skill acquisition in games found some 

challenges to using games as an experimental paradigm (Charness, 2017). While games can 

be an excellent task environment as it minimises additional experimental controls and 

provides intrinsic motivation for improvement, there is a lack of individuality representation 

when examining large data sets like game telemetry. In addition, variances in player behaviour 

and games being individually distinct from one another creates challenges in trying to create 

replicable and generalisable studies. Towne et al. (2014) had concerns of their own when 

exploring player behaviour in Space Fortress, namely that many recreational games provide a 

disproportional amount of positive reinforcement with very few points of overtly negative 

feedback, diminishing the need for deliberate practice and significant skills progression. While 

there are exceptions to this as seen in ‘masocore’, a game genre characterised by extreme 

difficulty and an emphasis on player failure and repetition, the common approach to feedback 

in games is to provide a consistent level of positive feedback when engaging with the game 

https://www.zotero.org/google-docs/?mf3eHa
https://www.zotero.org/google-docs/?E0BFNE
https://www.zotero.org/google-docs/?CRoa1n
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mechanics. Experienced players are not required to develop their skill beyond a certain level, 

leading to automaticity of behaviour and a declination of the rate of skill acquisition resulting 

in a plateauing of skill, a similar phenomenon observed with everyday real-world skills like 

driving (Ericsson, 2004). Thus, for a game to provide the environment necessary for expert 

performance, it needs to be one that requires players to develop increasingly complex mental 

representations (Ericsson, 1998). For instance, an environment where players directly 

compete with one another, one where outthinking and outperforming your opponent is the 

fundamental motivation. Furthermore, Charness (2017) highlighted that much games-related 

research around the topic of expertise and skill acquisition discusses phenomena without 

acknowledging the level of temporality, referring to the duration of a distinct period of time 

in which one is observing a behaviour and / or phenomena. One could examine a millisecond-

level reflex response to immediate stimuli, or how a participant responds to explicit 

information from a few seconds to several minutes, or one could evaluate the development 

of a community’s social norms longitudinally. It is impractical to examine longitudinal 

behaviours at a second-by-second basis, thus a more appropriate period of time, or 

temporality, is used.  Using the example of Newell’s (1994) time scale of human action, 

Charness (2017) recommended that future research make note at what level of temporality a 

phenomenon is being examined within. 

2.1.1.3 Characteristics of Expertise within Esports 

While video games are an effective model environment for testing various components and 

determinants of expertise, esports have several characteristics that make the domain 

particularly effective. These include structured skill ratings, large repositories of game 

telemetric data, and a large population of participants of varying skill levels, from amateur to 

paid professionals (Campbell et al., 2018). Esports present a unique environment where 

participants are intrinsically motivated to improve, with rich data sets for quantitative analysis, 

and where there is currently a demand for development and training programmes (Pluss et 

al., 2019). Furthermore, designing domain representative tasks is less logistically complex and 

more naturalistic as the test can make use of the game in which the participant is already 

familiar. In fact, esports is an environment where players already engaging in a process of self-

experimentation and pseudoscientific study to find individual strategies for improvement, 

which would benefit from more academic and evidence-based work, all of which presents 

some potential knowledge transfer across domains, particularly for Human Computer 

Interaction (HCI) domains (Boudaoud et al., 2022). Much like in the domains of games and 

traditional sport, research in competitive gaming often focuses on differentiating between 

levels of expertise and the determinants of skilled performance. One such method of 

differentiation is to analyse the motor inputs that players are conducting during play or in 

representative tasks. Superior performance in motor skills such as rapid and accurate 

movement of a mouse in an FPS game can be used to differentiate expertise not only between 

players and non-video game players, but also among players of differing in-game skill (Park et 

al., 2021; Toth et al., 2021). For example, expert FPS players demonstrated superior motor skill 
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and sensory-motor integration with a mouse, and both skills can be improved with training, 

with a stronger level of growth for less experienced players (Toth et al., 2023). Another 

method of differentiation is to identify in-game statistics or behaviours that are prevalent at 

higher levels of expertise. Comparing against cognitive tests, Valls-Serrano et al. (2022) 

observed that there was a positive relationship between decision-making and the in-game 

performance variable ‘minions per minute’ from League of Legends (Riot Games, 2009), 

highlighting the possibility to predict performance on specific variables in esports with high 

cognitive impact. The use of cognitive tests is well utilised within esports expertise research 

and has shown that expert esports players demonstrate superior reaction time (N. Phillips & 

Green, 2024; Pluss et al., 2020; Toth et al., 2019), working memory ability  (Benoit et al., 2020; 

Kang et al., 2020), anticipation (Kim et al., 2023), and visual skills (Cretenoud et al., 2021). 

When it comes to visual skills, Jeong et al. (2022) demonstrated that there are differences 

between expert and non-expert Starcraft II esports players’ gaze patterns, particularly with 

regard to the horizontal area covered and the number of saccadic eye movements of increased 

velocity, concluding that experts within that game had a specific gaze control ability that 

enabled rapid intake of visual information during play. While research demonstrates that 

video game experts demonstrate some superior cognitive abilities, there is competing 

evidence on whether there is a causal link between games, esports, and cognitive superiority 

(Miao et al., 2024).  

One key consideration that must be made when discussing expertise within esports is that 

each game plays differently and thus requires different skills or characteristics from experts 

within each title. As an example, the gaze control patterns highlighted in Starcraft II by Jeong 

et al. (2022) with wide horizontal area coverage is not observed in Counter Strike: Global 

Offensive (Valve Corporation, 2012) where significantly more gaze samples were found to be 

constrained within a tight series of ‘zones’ corresponding to the crosshair and UI elements 

(Korotin et al., 2019). Other cognitive skills, like reaction time for example, have been found 

to vary between esports players of different genres, furthering the idea that the cognitive 

demands of each game differ and highlighting the variance between the cognitive skills of 

esports experts in general (Bickmann et al., 2021). In simple terms, it is unclear whether 

individuals with superior cognitive abilities are more likely to become experts in esports or if 

playing games at an elevated level develops cognitive abilities. Another point of contention is 

how transferable these cognitive skills are to other domains, and if games can be used to train 

performance in different domains. Of particular interest was whether sport games like FIFA 19 

(Electronic Arts, 2018) could be used to train pattern recognition skills in traditional football, 

with evidence showing a positive transfer of pattern recognition between the game and the 

sport for FIFA 19 players (Murphy et al. 2021). Cognitive tests are a commonly applied method 

of measuring expertise in esports, although other metrics have been employed. For example, 

Pluss et al. (2022) examined the practice behaviours of expert and non-expert Counter-Strike: 

Global Offensive esport players and found that professional esport athletes practiced for more 

hours per week on average, with much of that additional practice being around competitive 
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team-based environments. Despite this, the increase in practice duration did not correlate 

with an increase in common performance metrics such as Kill/Death Ratio, which links with 

Ericsson’s findings that extensive durations of practice are not necessarily better for skill 

acquisition, arguing instead that more deliberate methods of practice should be employed 

(Ericsson & Harwell, 2019). 

One could also adopt an approach that considers or reviews the domain expert’s own opinions 

on important skills and characteristics as opposed to relying on observation and cognitive 

tests. Fanfarelli (2018) interviewed professional Overwatch (Blizzard Entertainment, 2016) 

players about skills they perceived to be important in high level play, of which they focused 

around two core skill types. First was the mechanical ability of the player to manipulate game 

mechanics and use input devices like a keyboard and mouse. The other was an awareness of 

the emergent game scenario, recognition of sequential events, and the leveraging of in-game 

information which the author and participants both describe as ‘game sense’. Examples of 

‘game sense’ in action from the study were players describing the need for anticipating 

changes to the game state, disseminating information to teammates, and deliberate decision-

making. Such deliberate considerations exhibited by these expert players shares 

commonalities with cognitive skills demonstrated by experts in other domains via cognitive 

tests, including anticipation and decision-making (Abernethy et al., 2018; Dane et al., 2012; 

Dane & Pratt, 2007). Despite this, Fanfarelli (2018) acknowledged limitations to their study, 

including that these experts’ perceptions are constrained to Overwatch only and may not 

extend to other games or genres without comparative studies, and that there was no 

standardised structure adopted in the interview of these participants, thus they recommend 

a more controlled and consistent interview protocol for similar studies. 

2.2 Chapter Summary 

Expertise involves numerous components that can contribute to expert performance, and it 

is difficult to examine all of them in detail. However, this chapter has identified the key 

mechanisms of expertise and skilled performance: such as the leverage of extensive 

knowledge structures, rich mental models allowing quick retrieval of information, 

automaticity of behaviour, identification of uncharacteristic situations, and metacognitive 

processes to adapt and improve behaviour. Furthermore, domain-specific characteristics of 

expertise within traditional sport, games, and esports were explored. Expertise is the 

characteristics, skills, and knowledge that distinguish novices from those who consistently 

exhibit superior performance within a domain (Ericsson, 2018). Characteristics of expertise 

differ within domains, but experts: 

• Are limited to a single domain of activity, with little transferability.  

• Consistently use knowledge specific to the domain task, which is commonly the 

dominant source of variance between experts’ performances. 
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• Organise information into larger cognitive units, or chunks. 

• Construct abstract representations of the domain or task for rapid recollection of 

relevant information. 

• Automate behaviours to minimise conscious effort for basic cognitive tasks, freeing up 

cognitive resources to process more of the available knowledge. 

• Learn and distinguish relevant information by identifying invariant components within 

their representations to create cues to recognise. 

• Routinely partake in metacognition, modifying their abstractions, and identify when a 

task is outside the boundaries of familiarity.  

• Demonstrate superior cognitive skill, which is influenced by their domain knowledge 

(Feltovich et al, 2006). 

Historical exploration of the mechanisms of expertise suggested expert performance was 

facilitated by a combination of extensive task experience, biological traits, and environmental 

factors. Contemporary research challenges this notion, instead presenting expert 

performance as a complex system built from a wide range of factors and that to truly 

understand expertise, research must acknowledge that an individual’s performance is 

independent of others (Ericsson & Smith, 1991; Philips et al., 2010).  Furthermore, the notion 

of a convergence of performance as skill increases is disputed by the variance of performance 

between different experts (Towne et al., 2016). Expertise is often constrained to a single 

domain of activity, each with their own participation requirements such as those seen in 

traditional sport and esports, where methods for facilitating greater skill acquisition is of 

significant interest to practitioners when they are designing training programmes. To the 

untrained eye, an athlete responds to changes in the game state at a faster rate, thus the 

historical assumption was that they simply had superior reaction or visual skills to do this. 

Contemporary sport science research challenges this notion, and advocates a move away from 

a general model of expert performance and towards more domain-specific ones (Helsen & 

Starkes, 1999; Eccles, 2020). A domain-specific explanation for rapid reactions exhibited by 

athletes is that their extensive domain knowledge allows for superior anticipation of future 

events through pattern recognition, which is then used to constrain appropriate actions to 

take. 

Games, and video games more specifically, are another domain which expertise research has 

targeted, with much early expertise research using Chess to explore memory, attention, and 

perception (Chase & Simon, 1973b, 1973a; Simon & Chase, 1988). Video games often present 

a unique environment where the domain task, the act of playing the game, gets progressively 

more challenging as the player is expected to gain experience and improve their ability. Either 

the game itself gets harder or the player has an incentive to achieve a higher score or engage 
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with more challenging content, all of which requires engagement with the task and skill 

acquisition. Expert video game players develop individual behaviours and engage in sustained 

and deliberate practice to improve their performance (Towne et al., 2014; Boot et al., 2017; 

Huang et al., 2017). These expert players also exhibit a range of superior cognitive skills 

including working memory, anticipation, cognitive flexibility, and reaction time (Kowal et al., 

2018; Toth et al., 2019; Large et al., 2019; Benoit et al., 2020; Kang et al., 2020; Li et al., 2020; 

Pluss et al., 2020; Cretenoud et al., 2021 Kim et al., 2023; Philips & Green, 2024). Yet there is 

ongoing debate about the use of general cognitive skills and their efficacy to differentiate 

expert and non-expert players (Kalén et al, 2021). Furthermore, there are limitations to using 

games as an experimental paradigm for expertise research as, despite their ability to collect 

big data sets and provide intrinsic motivation without additional experiment controls, there 

are significant concerns around reliability and generalisability of data obtained through game-

based methods (Charness, 2017). 

Another limitation of video games as an expertise research paradigm is that in most 

commercial titles there is a disproportionate amount of positive feedback to maximise 

retainment and enjoyment, but which contributes to a plateauing skill progression (Towne et 

al., 2014). To this end, esports presents itself as a potential solution as esports titles are based 

around player-vs-player competition, which is like traditional sport that is known to be an 

effective domain for analysing expert performance due to the need for athletes to develop 

complex mental representations to outthink an opponent (Ericsson, 1998). Esports is 

particularly effective as a paradigm for expertise research as most esports titles have access 

to repositories of telemetric data, a large population of players of varying skill, and where all 

competitive players have intrinsic motivation to improve (Campbell et al., 2018). Designing 

experiments with domain-representative tasks in esports is simple compared to traditional 

sport as tests can make use of existing esports games to test from. Despite this, the nascent 

nature of esports as a research domain means that many methodological designs are adopted 

from other domains and thus their efficacy in esports must be evaluated, especially when 

esports games function and operate entirely differently from one another (Pedraza-Ramirez 

et al., 2020). Esports players demonstrate superior cognitive abilities following cognitive tests, 

with some correlation between them and various in-game variables linked to successful 

performances, although there is competing evidence on any causal link between them (Valls-

Serrano et al., 2022; Miao et al., 2024). Other methodologies have been employed beyond 

cognitive testing such as the monitoring of practice behaviours or inviting experts to give their 

own opinions on expertise in esports (Fanfarelli, 2018; Pluss et al, 2022). In the latter, expert 

esports players have reported that knowledge and recognition of emergent game scenarios 

and how best to leverage the game mechanics to best tackle the new game state was a key 

skill, which they colloquially referred to as ‘game sense’ (Fanfarelli, 2018). The authors 

acknowledge methodological limitations and suggest future research interview players in a 

controlled structure and compare findings across multiple games to detect any consistencies 

with their findings. In assessing the mechanisms of expertise, it is evident that expertise in 
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any domain, including sports, games, and esports, is driven by the leveraging of domain-

specific knowledge and skills instead of general cognitive abilities. While there is evidence that 

experts in each domain demonstrate some heightened levels of ability, the causal link 

between them and performance has not been established. To better understand expert 

decision-making during play, further knowledge is required on the specific mechanisms of 

decision-making and knowledge representations. In addition, evidence is needed on effective 

methodologies in understanding how expert video game players, particularly esports players, 

construct and utilise knowledge during play.  
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3 Critical review of classifications of knowledge and decision-

making in video games, traditional sport, and esports 

Jannelle and Hillman (2003) outline two subdomains of cognitive expertise: decision-making 

and tactical skills. The latter involves leveraging extensive repositories of knowledge to 

facilitate the recognition of emerging events and suitable actions, establish relationships 

between domain-intrinsic concepts, and is a required skill in most specialist domains (Allen, 

2007). Historical approaches framed all of this as “knowledge is power”, that deep 

understanding of the domain is the primary determinant for task success (Hambrick & Engle, 

2002). While contemporary research challenges the ‘primary’ component  of the “knowledge 

is power” hypothesis, it is understood that deep knowledge of a domain is directly tied to 

expert performance and it is built through extended practice and refinement (Ericsson & 

Smith, 1991; Simonsmeier et al., 2022). A key difference between experts and non-experts, 

particularly in esports, is the exhibition of superior cognitive skills linked to knowledge and 

expertise, more so than certain physical characteristics such as exercise and health (Sans-

Matesanz et al., 2023). 

The other subdomain of expertise was decision-making, the ability to extract information from 

an emergent situation and determine a suitable action (Allen, 2007; Janelle & Hillman, 2003). 

Time-sensitive domains like gaming and esports require individuals to make quick decisions 

to rapid situational changes and experts appear to be able to do this at far greater speed and 

accuracy than non-experts, which is commonly linked to strong in-game performances 

(Hetrick & Crecelius, 2024; Lorains et al., 2013a; Valls-Serrano et al., 2022). This superior 

decision-making that experts exhibit is of particular interest for researchers seeking to explore 

the mechanisms behind effective decision-making. Understanding how experts make 

decisions can aid in the development of new training methods and further evaluate decision-

making of individuals or groups of varying skill across domains, which has clear application for 

esports coaching and support staff (Salas et al., 2010). Since both decision-making and 

knowledge have significant importance and impact on expert performance, there is a large 

body of literature within expertise, games, sport, and esports research. Thus to address the 

research question of examining the role of contextual game knowledge within esports play, a 

critical review of the historical and current research landscape surrounding knowledge and 

decision-making is necessary. 

3.1 Typologies of knowledge systems and their link to expert 

performance 

Experts are characterised as having extensive knowledge of a task or domain. There is a lot of 

interest in understanding the mechanisms behind how one establishes and builds knowledge 

so that training strategies that facilitate increased knowledge acquisition can be designed 

(Hoffman et al., 2009). Historical research into the power of knowledge found that those who 
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had higher knowledge exhibited better recall and recognition abilities in addition to reasoning 

and task-specific performance, the latter of which is exhibited by Chess players performing 

better on memory tests based on Chess (Chi, 1978; Chiesi et al., 1979; Feltovich et al., 2006; 

Spilich et al., 1979). Chess was a popular medium for examining knowledge and knowledge 

acquisition in that period as it was well-structured with huge ranges of possible sequential 

game states from a single  state, requiring elaborate structures of knowledge and recall, as 

memorising all possible game states is beyond human capabilities (Simon & Chase, 1988). 

Chess was not the only domain where knowledge was being analysed, as Spilich et al. (1979) 

investigated how individuals with high-knowledge and low-knowledge of baseball acquired 

new domain-related information. They found that high-knowledge individuals were better 

able to recall this new information, hypothesising that high-knowledge individuals were 

relating the actions of the game to the goal structure of the sport and filtered information to 

retain the information deemed most important in a complex working memory system. They 

hypothesised that, as proposed by Kintsch and van Dijk (1978), this working memory structure 

was comprised of two interacting systems where each one is based on one type of 

information. Back then, these knowledge types were discussed in the context of text 

comprehension and semantics but nevertheless, this established that knowledge and 

information could be stored or managed in diverse ways. 

Use of distinct knowledge types allows for the classification and demarcation of the different 

ways that knowledge can be constructed, used, and stored. Shadbolt and Smart (2015) defines 

four types of knowledge relevant to expert performance within a domain: 

• Domain Knowledge: The known facts, concepts, and elements narrowly relevant to the 

domain and the relationship between them, often referred to as declarative 

knowledge. 

• Inference Knowledge: How components of expertise are organised and utilised in the 

overall system, and the types of inferences one makes in an environment with limited 

information. 

• Task Knowledge: Task knowledge is concerned with goals and tasks necessary for 

successfully conducting an action or sequence. 

• Strategic Knowledge: The higher-level monitoring of and metacognitive processes 

involved in problem-solving. 

Since expertise, as discussed in the previous chapter, is usually limited to a single domain of 

activity and where knowledge is often specific to the domain task, domain-specific knowledge 

is a key source of variance between experts and thus warrants further analysis (Feltovich et 

al., 2006). To do this, however, first requires an understanding of the common ways in which 

knowledge is classified: from historical models of intelligence like fluid and crystallised 

intelligence defined by Cattell (1943), to more contemporary models such as declarative, 

procedural, and tacit knowledge. The personal component of tacit knowledge creates some 
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differences to procedural action, which focuses more on how an action is completed, whereas 

tacit knowledge incorporates the role that personal experiences may have on how different 

people approach the same problem. All the above knowledge types can describe knowledge 

and intelligence in a range of contexts, from general intelligence and knowledge across a range 

of domains to procedural knowledge specific to a single domain.  

3.1.1 Fluid vs. crystallised intelligence 

Fluid and crystallised intelligence is an early model of knowledge types born from 

observations by Donald Hebb and Raymond Cattell that measures of intelligence at the time 

were not accurate and did not consider the significant role of culture on successful intelligence 

scores (Brown, 2016). Cattell conceptualised that intelligence takes two forms: the ability to 

reason and solve problems that do not require extensive prior learning, named fluid; and the 

application of prior knowledge and experience to complex problems, named crystallised 

(Cattell, 1943, 1963; Horn, 1972). While the origins of distinct knowledge types are 

challenged, since other researchers like Hebb (1941) had explored this at the time, Cattell’s 

work was understood to be the origin of these terms in this context (Brown, 2016). Being able 

to effectively use crystallised intelligence is dependent on one’s fluid intelligence, which is 

formed from their fundamental cognitive processes (Cattell, 1943; Ganzach, 2021). Experts 

demonstrate superior cognitive ability in general contexts as shown in the previous chapter 

but exhibit exceptional cognitive skill when taking actions linked to their own domain such as 

those seen in Chess (Chi, 1978; Chiesi et al., 1979). Furthermore, stronger cognitive skills can 

improve performance in a task like Chess, as demonstrated by participants who have greater 

fluid intelligence performing better than those who with less fluid intelligence; it is worth 

acknowledging however that it unclear whether expertise in another domain can facilitate 

greater skill acquisition in Chess or if the act of Chess itself simply attracts higher intelligence 

individuals (Grabner, 2014; Grabner et al., 2007).Evaluating fluid and crystallised intelligence 

remains a common test of cognitive performance. Tests of medical assistant students, for 

example, found their crystallised intelligence was a strong predictor of vocational knowledge, 

whereas fluid intelligence had a weaker relationship all of which indicated the ability to 

acquire new knowledge has strong links to prior experiences and existing knowledge 

structures instead of general cognitive ability (Moehring et al., 2018). Games and esports 

research has also explored these knowledge types, finding that performance in League of 

Legends correlated with fluid intelligence suggesting that commercial games could be used to 

test cognitive performance at scale (Kokkinakis et al., 2017; Valls-Serrano et al., 2022). 

However, a causal link has not been established as to whether superior cognitive ability can 

predict future expertise or being an expert in League of Legends results in superior cognition 

(Valls-Serrano, 2022).  

3.1.2 Declarative vs. procedural knowledge 
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Crystallised intelligence describes using prior knowledge about a domain, yet there is a distinct 

difference between distinct facts or ‘know-what’ knowledge and how an action is conducted 

or ‘know-how’ knowledge. To address this, another set of knowledge types were developed, 

namely declarative and procedural knowledge. Declarative knowledge described information 

that is explicit that can be easily declared or reported to others, whereas procedural 

knowledge is the understanding of how to perform an action and is often harder for people 

to describe (Anderson & Lebiere, 2014; Salaberry, 2018). Procedural knowledge shares 

similarities to tacit knowledge (Section 3.1.2.1) which describes ‘know-how’ knowledge 

personal to the individual, constantly changing, and difficult to describe (Dampney et al., 

2002). Declarative and procedural knowledge originated with the work of Anderson, who 

proposed a framework for understanding skill acquisition by splitting it into two stages: the 

first stage is declarative and involves learning facts about the domain to build one’s own 

knowledge structures, the second is the procedural stage which connects those structures to 

the process of enacting specific actions (Anderson, 1982). The resulting Adaptive Control of 

Thought (ACT) model and the later Adaptive Control of Thought-Rational (ACT-R) model built 

on these stages and presented the following core claim, that: 

“All that there is to intelligence is the simple accrual and tuning of many small units 

of knowledge that in total produce complex cognition. The whole is no more than 

the sum of its parts, but it has a lot of parts” (Anderson, 1996, p. 356) 

To apply a Chess analogy to the ACT-R model, skill acquisition does not focus on the growth of 

one encyclopaedic memorisation of all game states, but rather the development and 

refinement of small units of knowledge corresponding to specific situations or conditions 

within the game. ACT-R remains active within contemporary research, including in video 

games where the model has been used to examine the cognition of Tetris (Pajitnov, 1985) play, 

further highlighting the potential for video games as an experimental paradigm for cognitive 

science (Gentile & Lieto, 2022; Lindstedt & Gray, 2015). Traditional sport has also explored the 

dynamic between declarative and procedural knowledge. Declarative knowledge of a sport 

related to the development of procedural knowledge, and expert athletes focused on higher-

level concepts and had more connections between concepts compared to novices (McPherson 

& Thomas, 1989). While expert athletes exhibit both superior declarative and procedural 

knowledge compared to non-experts, further development of their performance is best 

oriented towards refining one’s procedural knowledge, which can be done through the timed 

introduction of declarative knowledge and skills instead of solely focusing on them during 

training (Thomas & Thomas, 1994). Skill acquisition in sport is not a linear process of learning 

declarative information and developing procedural skills afterwards, but a continuous cycle of 

refinement that leverages both. Yet, how both declarative and procedural knowledge can be 

trained via coaching is contentious, particularly procedural knowledge. Although introducing 

critical thinking skills into the training of young football players, for example, did aid their 

technical ability their impact on both knowledge types was weak which indicates a need to 

explore other means of aiding knowledge development (Gaviria Alzate et al., 2024). What is 
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clear is that extensive knowledge, both declarative and procedural, contributes to expert 

performance (Thomas & Thomas, 1994). 

Declarative and procedural knowledge have also been discussed within the context of gaming 

and esports. Both knowledge types have been discussed in connection with Schema Theory in 

games, which refer to distinct cognitive structures that connect knowledge with other 

cognitive skills like memory and perception, with research focusing on how schemas relate to 

player behaviour and engagement in games (Lindley & Sennersten, 2006; 2008; Howell, 2016; 

Sasupilli & Bokil, 2023). Discussion of declarative and procedural knowledge and its link to 

Schema Theory in games had limited reference to their impact on performance in games. 

Instead discussion of the relationship between declarative and procedural knowledge and 

performance is anchored around the use of video games that share characteristics with a real-

life sport, such as the Madden series for American Football, with research supporting the idea 

that games could be used to increase sport knowledge both declarative and procedural, 

especially for novices (Sanger et al., 2019). However, while sport-specific declarative 

knowledge can be stimulated through video game play, athletes with existing sport experience 

gain little development when playing comparative games (Fernandes da Silva et al., 2021). 

Games research investigating declarative and procedural knowledge specifically remains 

limited or discusses similar characteristics but uses alternative terms such as tactical 

knowledge (Shikata & Kojiri, 2021). Another example of similar characteristics being discussed 

with different contexts is games research into mental models, representations of the world 

that individuals use with the environment and the systems within it. Furlough and Gillan (2018) 

examined mental models in video games, an environment determined to be effective for 

facilitating development and monitoring of these models, finding that knowledge 

development can be broken down into three experience stages, as demonstrated in Figure 1. 

 

Figure 1 - Furlough and Gillan's (2018) Three-Stage Model of Mental Model Development 

The first stage concerns people who are new to a domain and have limited procedural or 

abstract structures of knowledge, instead opting for more declarative or explicit links between 

actions that use natural language over more domain-specific terms. With more experience, 

those connections using natural language get replaced with procedural connections, 

corresponding with the individual refining actions, and becoming familiar with the language 

of the domain. When an individual has high levels of experience, those procedural connections 

develop further and result in a strong presence of abstract relationships between concepts 

and actions, with subnetworks around each concept resulting in a complex knowledge 

structure. In summation, novices demonstrate limited understanding and make use of 
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knowledge outside of the domain as a starting point. With further experience, one constructs 

a domain-specific mental model and shifts towards developing and refining their procedural 

knowledge. Once an expert, they develop abstract representations to create shortcuts when 

assessing a situation and improve the efficiency of their knowledge structures (Furlough & 

Gillan, 2018). 

3.1.2.1 Tacit knowledge 

In the previous section it was mentioned that procedural knowledge is often difficult to discuss 

as it is an intuitive, and often unconscious, process of completing an action. These 

characteristics are also seen in another type of knowledge commonly discussed in expertise 

and performance research that being tacit knowledge, where an individual can perform an 

action without deliberative thought or has an understanding that is difficult or even impossible 

to describe (Smith, 2001). Tacit knowledge, like procedural knowledge, focuses on ‘know-how’ 

processes but where it differs is that it extends beyond just the process of conducting an action 

but also considers personal beliefs, assumptions, and values (Nazim & Mukherjee, 2016). 

Much of the literature around tacit knowledge is focused on management and organisation 

science, with some prevalence in other domains including medicine (Nazim & Mukherjee, 

2016; Patel et al., 1999; Thornton, 2006; Young & Milton, 2011). Games and esports have also 

discussed tacit knowledge as well, with De Moor et al. (2025) finding that players in esports 

teams shared tacit knowledge with one another and that it was affected by changes in the 

game state. Furthermore, shared tacit knowledge was found to have a positive effect on overall 

team performance although it negatively impacted individual tasks. De Moor et al. (2025) 

highlight the potential for esports to test group-based performance due to the ability to 

precisely control variables through the game state. Such research is of benefit in supporting 

staff in esports teams like coaches, as while each player will have tacit knowledge of the game 

state, being able to share a cohesive understanding with other members of the team can 

improve their collective performance. 

3.1.3 Domain-specific knowledge and its connections with expert performance 

Domain-specific knowledge is defined as “specialised knowledge of a topic, such as knowledge 

of chess, baseball, or music” (APA Dictionary of Psychology: Domain-Specific Knowledge, 

2018). When knowledge directly relates to a domain’s principles, concepts, or characteristics 

then that would be considered ‘domain-specific’ (Carey & Spelke, 1994). Domain-specific 

knowledge is a significant predictor of expert performance, characterised with rapid and 

accurate adaptations by the individual and reflects years of deliberate practice; like crystallised 

intelligence domain-specific knowledge is constantly accrued over a lifetime (Ericsson et al., 

1993; Ericsson & Smith, 1991; Ericsson & Ward, 2007). In domain tasks, experts leverage their 

extensive knowledge bases to routinely exhibit superior recall performance, anticipate future 

events with limited information, and this can better explain why specific actions contribute to 

goals compared to non-experts (Charness & Tuffiash, 2008; Chiesi et al., 1979; Lane & Chang, 

2018; M. Williams & Davids, 1995). Those knowledge bases are effective as they establish 
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typicality of the domain which facilitates recognition leading to rapid and accurate decision-

making, however introduction of ill-structured or false information has a greater negative 

impact on expert decision-making than non-experts which demonstrates their reliance on 

domain knowledge (Bonny & Castaneda, 2016; Devine & Kozlowski, 1995; Magnaguagno et 

al., 2022; Magnaguagno & Hossner, 2020). 

Skilled performance in most domains often requires both strong motor movements and 

extensive domain-specific knowledge, but the balance between them does vary as some 

domains require more motor skills and others more cognitive (Ackerman, 2007). Domain-

specific knowledge in traditional sports allows athletes to construct cues and identify 

commonalities between events, which then can be used to recognise an emergent situation 

or potential deviations from what is expected (Johnston & Morrison, 2016; Levi & Jackson, 

2018; Macquet & Fleurance, 2007; Schläppi-Lienhard & Hossner, 2015). Having extensive 

domain-specific knowledge also facilitates further knowledge acquisition, superior recognition 

and anticipation skills, and memory (Chiesi et al., 1979; Devine & Kozlowski, 1995; Hambrick 

& Engle, 2002; Hambrick & Meinz, 2011). Evidence suggests that having extensive knowledge 

of a domain like Baseball could aid learning in a different, but mechanically similar, sport like 

Cricket by acting as an organisational framework (Jessup, 2009). However, there are challenges 

to this observation, with a meta-analysis finding only weak correlations between prior 

knowledge and learning performance, suggesting further research is needed on the mediating 

processes of domain-specific knowledge (Simonsmeier et al., 2022). 

Domain-specific knowledge shapes how events are processed, with experts segmenting play 

differently from non-experts, highlighting that one’s experience of play is dependent on 

experience of the domain (Feller et al., 2023). However, games research suggests that an 

expert’s segmentation strategies do not appear to improve their memory skills suggesting that 

while knowledge can positively influence memory and segmentation strategy, those 

influences are separate phenomena (Newberry et al., 2021). Beyond the impact on memory, 

those with extensive domain knowledge construct elaborate knowledge structures to 

organise information and anticipate future events by constructing probabilities (Bonny & 

Castaneda, 2016). This corroborates findings by Abernethy et al. (2001) that found an expert’s 

superior ability to recognise and predict future outcomes is sourced from their experience in 

the domain by evaluating situation probabilities and sequential dependencies. However, 

research into the role domain-specific knowledge has in esports play and how it influences 

one’s decision-making remains limited. 

3.1.4 Defining Contextual Game Knowledge 

When anticipating oncoming events, traditional sport athletes make use of two primary 

sources of information: the physical movement of actors and contextual knowledge, the latter 

of which refers to information sourced from the domain itself (Abernethy et al., 2001; 

Magnaguagno & Hossner, 2020; A. M. Williams et al., 2011). Contextual knowledge can be 

explicitly gained, like observing who has the ball, or self-gained and implicitly understood, for 
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example knowing which teammate is most effective at blocking incoming passes. Experts are 

able to balance both explicitly provided and implicit self-generated knowledge to improve 

performance, whereas non-experts only saw improvements when given explicit 

information,which demonstrates that only experts can connect their understanding of the 

domain to new context-specific information (Magnaguagno & Hossner, 2020). Leveraging 

contextual information requires a sufficient degree of certainty as missing contextual 

information neither harms or enhances performance, compared to the introduction of false 

information which harms expert performance more than non-experts (Magnaguagno et al., 

2022). 

This thesis coins a new term, Contextual Game Knowledge. Sharing many characteristics of 

domain-specific and contextual knowledge, it refers to information sourced from the game 

itself including, but not limited to the player’s health, position, game mode, and characters in 

play. This is done to draw a distinct line between actions conducted within the context of the 

game and those outside of it, an example of the latter being the environmental factors of the 

real-world venue or the specific peripherals being used by the player. While both can be 

contributing factors to the player’s performance, they have no direct impact of the in-game 

contexts and thus would not be considered Contextual Game Knowledge. A distinction 

between ‘real world’ and ‘in-game’ contexts, however, creates points of ambiguity. An 

example are the players themselves, as they both exist in physical space but also control in-

game avatars to influence the game state, furthermore these players will have interpersonal 

relationships with one another that could impact their in-game decision-making such as an 

awareness of an opponent’s playstyle. Knowing an opponent’s approach to play, their 

behaviour, and preferences all count as contextual knowledge because it is an influencing 

factor on the domain task (Gredin et al., 2018; Magnaguagno & Hossner, 2020; McRobert et 

al., 2011; Navia et al., 2013). For these reasons, Contextual Game Knowledge will include 

interpersonal relationships between players, including relationships external to play. 

3.2 Defining decision-making and domain-specificity of decision-

making as a cognitive skill 

Decision-making is “an information-processing activity of a single decision maker, or of 

multiple decision makers, that begins with the recognition of a choice situation and ends with 

the implementation of the choice and the monitoring of its effects” (Jungermann, 2004). It is 

one of the subdomains of cognitive expertise outlined by Janelle and Hillman (2003) and is a 

key predictor of domain expertise characterised by high processing speeds and accuracy 

compared to novices (Lorains et al., 2013a; Valls-Serrano et al., 2022). Historically, modern 

decision-making research started with investigating choices people made with gambling with 

the intent of constructing a unified theory of decision-making although it became apparent 

that more domain-specific models were necessary that needed unique analysis and 

evaluation (Jungermann, 2004). To make effective decisions requires the recognition of 

relevant domain information and the determination of the most suitable action. As 
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demonstrated in Section 3.1.3, domain experts can leverage domain information to construct 

and recognise cues, make associations of the emergent scenario to their extensive knowledge 

repositories, and use that to make faster and more accurate decisions (Dane et al., 2012; Dane 

& Pratt, 2007). Experts are particularly effective at a type of decision-making called intuitive 

decision-making, defined as “a non-conscious process involving holistic associations that are 

produced rapidly that result in affectively charged judgements” (Dane & Pratt, 2007, p. 36). 

This contrasts with more consciously controlled or deliberative decision-making which 

requires more cognitive effort, although the extent to which a domain requires a more 

intuitive or deliberative decision-making process, or an individual’s decision-making style, is 

specific to each domain (Pachur & Spaar, 2015). Interaction between the two decision-making 

types is commonly observed, although intuitive decision-making efficacy is more closely 

attributed to experience (Collins et al., 2016; Salas et al., 2010). The decision-making 

strategies that experts employ share some commonalities between domains, such as the use 

of feedback and adjustment of behaviour based on prior experiences, although contemporary 

research around decision-making has moved away from general models and mechanisms and 

towards domain-specific examinations (Shanteau, 1988). 

3.2.1 Domain-specific Decision-Making  

3.2.1.1 Decision-making within Traditional Sports 

Decision-making in its simplest form within the context of traditional sports is “making a 

decision about the play to be performed in the game” (Nakagawa, 1984; Shikata & Kojiri, 

2021). Three perspectives commonly taken when examining decision-making within team 

sports are ecological, information processing, and recognition-primed decision-making 

(Ashford et al., 2021; Bonnet et al., 2020; J. G. Johnson, 2025). The first approach, ecological 

dynamics, proposes that evaluating athlete performance can be done via the relationship 

between the athlete and the environment, with patterns in behaviour emerging through the 

athlete’s own interpretation and understanding of the specific task and environmental 

constraints (Vilar et al., 2012). Skill acquisition under ecological dynamics does not come from 

simple repetition until proficiency, but a continuous adaptation of performance in response 

to the environment. Within the context of ecological dynamics, decision-making is the 

selection of an action when an athlete considers all the environmental constraints and 

opportunities for distinct actions have been identified, which are called affordances (Araújo 

et al., 2019; Dicks et al., 2019). Ecological dynamics have been used to study decision-making 

in a range of sports by evaluating how behaviour changes in response to a range of eco-

physical variables including location of the player, ball, and goal in football; physical position 

of the body in swimming; and contact time on each hold in climbing (Araújo et al., 2023; 

Carrilho et al., 2020; Guignard et al., 2020; Seifert et al., 2024). It is argued that the approach 

is particularly effective at examining both individual and team cognition and that decision-

making within the approach can be simulated based on the adjustment of athlete behaviour 

in response to changes in the task environment, and when mapped to eco-physical variables 

can be used to construct task-specific models of performance (Araújo et al., 2023; Passos et 



47 
 

47 
 

al., 2009). However, Collins et al. (2025) argues that while ecological dynamics could be an 

effective tool, there are several epistemological issues that limits applicability and capability 

to real-life sporting contexts, including a lack of conceptual clarity between key concepts in 

sports science, highlighted by the discrepancy between papers dismissing mental 

representations and others seemingly highlighting the lack of focus on strengthening them 

(Handford et al., 1997; Seifert et al., 2017; Correia et al., 2019). Furthermore, Collins et al. 

(2025) raises the concern that many of the proclaimed ‘novel’ findings from ecological 

dynamics research reflect ‘good practice’ seen elsewhere in pedagogical research or in the 

coaching techniques already demonstrated by practitioner, all of which is coupled with a lack 

of empirical evidence such as the use of neurobiological technologies. 

The next approach often juxtaposed with ecological dynamics is the information processing 

approach, which is a framework originating from cognitive psychology that frames human 

thinking as a system receiving information from the environment, processing that information 

, and selecting an appropriate action (David et al., 2004). Decision-making in this approach is 

considered as a deliberate process of identifying environmental cues, recognition of familiar 

patterns of play, and selecting the most suitable course of action; information processing 

aligns with the expert performance approach that also considers expert decision-making in a 

similar manner (Abernethy et al., 2001; Ericsson & Smith, 1991; Lorains et al., 2013a; Williams 

et al., 2011; Williams & Ford, 2008). Information processing requires the transformation of 

external stimuli into distinct and deliberate action via a complex process of perception, 

response selection, and response execution (Shea et al., 2019). While ecological dynamics 

argue that athletes have an existing perception of what is technically possible within the 

context of the task, in information processing that perception comes from the leveraging of 

task specific representations from long term memory to determine the suitable response, 

with those representations further refined with experience (Ashford et al., 2021). Much of the 

research discussed in the sections on knowledge and expertise are applications of the 

information processing approach (Chapter 2 and Section 3.1). In the context of sport, athletes 

are demonstrated to have a greater level of decision-making ability with faster and more 

accurate decisions, and have superior cognitive ability compared novices within specific task 

settings (Chamberlain & Coelho, 1993). Information processing posits that it is possible to 

train and refine these cognitive skills, including decision-making, thus much research 

investigates training interventions for improving decision-making (Hinz et al., 2022; Iuliano et 

al., 2023; Kolar et al., 2025; Lorains et al., 2013a; Petiot et al., 2021; Sanger et al., 2019). A 

critique of information processing from the perspective of ecological dynamics is that 

examining cognitive processes, especially the idea that one can train such processes, in 

isolation can only provide some general transfer to domain-specific performance and that to 

understand performance cannot neglect the context of the task itself (Renshaw et al., 2019).  

Finally, recognition-primed decision-making suggests that decisions are made through a 

cyclical process of emergent game state, recognition of the state because of a number of 

factors including cues, expectancies, and goals, and enacting the first suitable action (Bossard 
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et al., 2022; Fortin-Guichard et al., 2021; Klein, 1993; Neville & Salmon, 2015). It aligns with 

information processing in that skilled performers develop task-specific representations of 

appropriate action which creates tension with ecological dynamics that suggests those 

representations do not exist and that adaptation comes from the relationship between the 

performer and the environment (Ashford et al., 2021). Recognition-primed decision-making 

as a model of understanding the decision-making process comes from the Naturalistic 

Decision Making (NDM) paradigm, which will be discussed later (Section 3.2.2). 

While these three are some of the more commonly adopted approaches, others do exist 

including Judgement Decision Making (JDM) which frames decision-making as construction of 

preferences determined by the emerging situation and the nature of the decision itself (Appelt 

et al., 2011). The multitude of perspectives indicates that decision-making with traditional 

sports is a complex process that involves engagement with the match environment, shared 

understandings between individuals, both intuitive and deliberative decisions, and use of 

various temporalities and contexts (Ashford et al., 2021; Bourbousson et al., 2011; Macquet, 

2009; Raab, 2003). Taking the breadth of approaches to this topic into account, there are some 

common behaviours exhibited by athletes, including effective use of domain knowledge, 

information recall, and focus on higher-level strategy over specific actions or kinematics 

(Abernethy et al., 2001; McPherson, 1994; McPherson & Thomas, 1989; Schläppi-Lienhard & 

Hossner, 2015). Domain knowledge in sport involves cognitive representations of the domain 

task aided with cues sourced from surrounding contextual factors; factors can be dynamic 

such as the status of the game or one’s personal performance, or they can be static such as 

pre-match preparation and the overall stakes of the match going in (Levi & Jackson, 2018; 

Magnaguagno & Hossner, 2020). These contexts allow an athlete to develop cues that they 

can then rely on to rapidly assess the current match contexts and anticipate future events 

(Johnston & Morrison, 2016; Murphy et al., 2019; Petiot et al., 2021). All this points to expert 

athletes following a process of simplifying actions via defined rules to make rapid decisions 

without the need for undergoing a period of deliberation or other mentally exhausting 

processes (Hinz et al., 2022; Petiot et al., 2021). Whether these decision-making skills transfer 

across sports remains a contentious issue, but there is evidence that suggests that there is 

some level of transferability between sports with common characteristics (Causer & Ford, 

2014). In summation, the complex domain of sport results in numerous perspectives for 

understanding decision-making, from examining the cognitive processes or the relationship 

between athlete and environment, to models of decision-making primed by recognition of 

familiar cues or anticipation. What is clear is that athletes, particularly experts, engage in 

shortcutting or simplification of the decision-making process through efficient perceptions of 

the current game state, leveraging of prior knowledge, and an oscillation between intuitive 

and deliberative decision types based on the temporalities and match contexts. 

3.2.1.2 Decision-making in Video Games and Esports  

The common topic in the context of video games and decision-making is to examine whether 

games can be used as a form of cognitive training to improve both general and domain-specific 
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decision-making, which remains a significant subject of debate (Gobet et al., 2014 ; Jordan & 

Dhamala, 2022; Kowal et al., 2018; Lappas et al., 2023; Martínez-Maldonado, 2025; Reynaldo 

et al., 2021; Sanger et al., 2019). Related to investigating the potential for games as cognitive 

training, is the question of whether expert video game players have an increased level of 

cognitive performance because of their time playing games, or whether these experts 

inherently have superior decision-making which results in more skilled performances (Powers 

et al., 2013; Sörman et al., 2022). The abundance of research investigating the cognitive 

impact of video games in relation to cognitive training and general skill development contrasts 

greatly with the limited amount of literature around the mechanisms of expert decision-

making, specifically around the way that decision-making ability is exhibited within the 

domain of play. There is, however, some research into in-game performance and decision-

making within the field of esports. 

In esports competitions, players must make rapid yet complex decisions to predict sequential 

events and determine suitable actions contributing to successful match outcomes, and 

research investigating decision-making and in-game performance has often used existing 

models and theories and tested them in the esports environment. An example of this was 

Maier et al.’s (2024) React-Predict-Manipulate Model that used the decision-making theory of 

Dual Mechanisms of Control and the Information Processing Model to explore the hierarchy 

of decision-making in esports (Braver, 2012; Wickens & Carswell, 2021). It delineates decisions 

in video game play into three stages: instinctual reactions, strategic foresight, and tactical 

manipulation and that breaking up decisions by temporality allows practitioners to evaluate 

an action at different levels. There is significant focus in esports performance research on the 

practical considerations of performance such as training, and across a range of games in 

esports, training focuses a lot on improving the player’s cognitive skills including decision-

making (Nagorsky & Wiemeyer, 2020). This can be interpreted as practitioners perceiving that 

making the right choices during play is fundamental to overall success, furthermore there is 

also a consumer interest in improving in-game decision-making with the existence of analytic 

and companion apps like Mobalytics (Gamers Net Inc., n.d) that are designed to give players 

information for their pre-match planning. All of these factors suggest that there is a demand 

for tools or methods to facilitate decision-making in esports. 

Pedraza-Ramirez et al. (2025) conducted semi-structured interviews with expert League of 

Legends players and found that they described decision-making in four ways: a chronological 

process from pre-game strategy to in-game adaptation to emerging situations; use of 

experience and established plays for intuitive decision-making; a need for fine motor action; 

and a relationship between domain-specific knowledge and other cognitive functions. This 

demonstrates that the decision-making of esports players is effected by a range of contextual 

and external factors, the latter of which can link to deteriorating performance as a result of 

negative emotions, otherwise known as Tilting (Manikandan et al., 2025; Ortmann et al., 

2023; Steinkuehler & Wu, 2020). It is apparent that decision-making research in esports 

corroborates findings in different domains by observing the fundamental role skill and 
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expertise play in, and how knowledge is integral to, rapid and accurate decision-making, and 

how knowledge is used to understand the current game state (Roose & Veinott, 2020; Sörman 

et al., 2022; Valls-Serrano et al., 2022). Seeing corroborating findings is especially important 

since video games, particularly esports, is a domain with significant promise as an 

experimental paradigm for understanding cognition and expertise, particularly in how experts 

make decisions in a naturalistic environment (Phillips, 2023). 

3.2.2 Naturalistic decision-making framework and the relationship to expertise 

and knowledge 

As discussed in Section 3.2.1.1, decision-making research within the domain of traditional 

sport commonly adopt one of three approaches: ecological dynamics, information processing, 

and recognition-primed decision-making (Ashford et al., 2021). Recognition-primed decision-

making suggests that decision-making is a cyclical process where an individual encounters a 

situation and enacts the first suitable action, the determination of which comes from the 

recognition and comparison of the current game state with past experiences and one’s own 

knowledge structures (Bossard et al., 2022; Fortin-Guichard et al., 2021). Strategies for 

recognition are highly specific to the domain task, and thus to understand the mechanisms 

behind expert decision-making it is important to understand and investigate behaviour within 

the context of a specific domain. Insights from domain experts can be difficult to capture in 

artificial laboratory settings and require examination of behaviours within the task 

environment (Klein et al., 2006a; Klein, 2008; Lipshitz et al., 2001). Decision-making research 

saw this paradigm shift towards understanding decision-making in ‘real world’ contexts and 

led to growing support in Naturalistic Decision-Making (NDM) as a field of study (Cannon-

Bowers et al., 1996; Klein, 2015, p. 15). In simple terms, NDM focuses on how individuals use 

their experience within a domain to make decisions during a task (Zsambok & Klein, 2014). It 

is the leading framework for the study of expert decision-making within operational 

environments, including aviation, disaster response, and traditional sport (Mosier et al., 

2018). NDM researchers typically focus on such domains as they share common task 

characteristics difficult to replicate in laboratory environments, including ill-structured 

problems, limited, or changing information, dynamic goals, strict time constraints, high stakes, 

and where multiple people contribute to the decision-making process (Lipshitz et al., 2001; 

Orasanu & Connolly, 1993).  

Expertise is a central component of NDM as understanding or explaining how experts make 

decisions within real-life contexts can identify opportunities to develop training strategies to 

improve skill acquisition and make sense of situations more effectively (Cannon-Bowers & 

Bell, 2014; Klein, 2015). By examining domain experts within ‘real-life’ contexts, there began 

to be a better understanding as to why experts across several domains consistently 

demonstrate more effective decision-making during a task. Firstly, experts utilise most of their 

efforts on situation assessment to constrain possible actions, highlighting the importance of 

recognition of the emergent situation when making decisions during a task (Klein et al., 2007; 



51 
 

51 
 

Orasanu & Connolly, 1993; K. G. Ross et al., 2006) Often individuals are working with limited 

information and problems that are ill-structured, thus seeking the most optimal solution is 

often not feasible or possible. As a result, experts often identify the first satisfactory course of 

action and act on that as opposed to considering several possible actions simultaneously 

(Klein, 1993, 2008). To confidently consider an action as satisfactory, experts require a deep 

understanding of their domain and can rapidly recognise and understand an emerging 

situation. To do this, experts develop cognitive structures that represent how their domain 

operates and can run mental simulations to understand the circumstances leading to the 

situation at hand and how to refine their action choice (Klein, 2008; K. G. Ross et al., 2003). 

These cognitive structures are based on the expert’s experience of many events and cases, 

which they can use to identify commonalities across situations and develop routines for rapid 

recollection during a task (Chi et al., 2014; Klein, 1993; Lipshitz & Strauss, 1997). 

NDM can also explain phenomena like intuitive decision-making, the non-conscious process 

of rapid evaluation and action without deliberative thought. Klein (2015) describes intuitive 

decision-making as the recognition of patterns in the task and the leveraging of domain 

knowledge to select the first appropriate action, with expert decision-making further relying 

on that knowledge for more rapid and accurate decision-making. This approach differs from 

other models of understanding decision-making like Fast and Frugal heuristics, which 

emphasises the importance of information filtering and pre-defined ‘rules-of-thumb’ as 

central concepts to decision-making (Klein, 2015; Shan & Yang, 2017). NDM research also 

established the three macrocognitive decision types – sensemaking, coordinating, and 

managing uncertainty – used by Roose and Veinott (2020) in their analysis of competitive 

Overwatch play. Sensemaking describes the use of cues and contexts within the emergent 

situation to anticipate future events and dictate future actions (Klein et al., 2006a, 2007; 

Militello et al., 2012). Coordinating refers to the communication of intent to others and 

developing shared understandings (Militello et al., 2012; Roose & Veinott, 2020). Managing 

Uncertainty concerns a more deliberative process of thinking when encountering situations 

for which there is limited or incomplete information (Lipshitz & Strauss, 1997). The use and 

discrimination of cues to identify situations and filter information was found to be a critical 

skill for experts, allowing them to use information from a range of sources effectively for their 

decision-making (Okoli et al., 2022). Methodologies in NDM often utilise the family of 

methodologies called Cognitive Task Analysis which focuses on the elicitation and 

documenting of complex cognitive processes including decision-making through a range of 

methods including semi-structured interview techniques like the Critical Decision Method (O. 

Brown et al., 2025; Hoffman et al., 1998; Hoffman & Lintern, 2006; Lintern et al., 2018). 

As discussed, NDM posits that naturalistic decisions within operational environments engage 

in a process of recognition and action, which was the source for the recognition-primed 

decision-making approach identified in Section 3.2.1.1 A model exploring this process is the 

Recognition Primed Decision (RPD) model, built on the belief that experienced individuals 

within naturalistic environments do not engage in a complex process of deliberative cognition 
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to select the most optimal action, but rather utilise their experience to identify the first 

suitable action (Klein, 1993). At a simple level, the RPD model breaks down the process of 

decision-making into a few key stages: experience of an emergent scenario, recognition, 

simulation and testing of the action, and implementation. Figure 2 outlines the RPD model as 

created by Klein (2021). Earlier versions of the RPD model had three levels of decisions and 

described how each of those stages were represented: reactive and instantaneous decisions 

with rapid recognition straight to implementation; situations not recognised because of 

missing or inconsistent information; more deliberative decisions that involve evaluations of 

planned actions. However, more contemporary models opt to connect the three levels 

together (Klein, 2021; Macquet & Pellegrin, 2017). 

 

Figure 2 - Klein’s (2021) contemporary Recognition Primed Decision Model (RPD) 

The RPD model has been utilised in several domains, particularly those involving intense and 

rapid decision-making requirements, such as emergency services, aviation, and medicine (Hu 

& Wang, 2025; Klein et al., 2010; Koufidis et al., 2022). It has also been used to evaluate 

athletes within a range of sports including football, volleyball, and rugby (Ashford et al., 2020; 

Bossard et al., 2022; Johnston & Morrison, 2016; Macquet, 2020; Macquet & Fleurance, 

2007). It has been used to explain the prominence of intuitive decision-making in sport, how 

seemingly an expert can rapidly decide on a suitable action, and it continues to be a relevant 

model for understanding decision-making within the context of sport nearly forty years after 

the original model was designed (Bossard et al., 2022). The theoretical framework 

underpinning the RPD model is NDM, which focuses on how individuals make decisions within 
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the context of the domain task (Zsambok & Klein, 2014). Using NDM as a framework, 

exploration of how expert athletes create and use cues within a domain task to inform 

decision-making compared to non-experts found that professionals demonstrated a greater 

ability to discriminate between cues and responded to and processed cues differently 

compared to lower skill players, indicating that increasing expertise corresponded to a 

difference in how experts process in-game information (Fortin-Guichard et al., 2021; Johnston 

& Morrison, 2016). Especially of interest, it was found that the process of anticipation and 

decision-making differed based on an individual's role, as characterised by setters in 

volleyball, who have significant decision-making responsibilities within the team, and who 

demonstrated greater conformity to the RPD model than other roles on the team (Fortin-

Guichard et al., 2021). Despite the prevalence of NDM as a theoretical framework and 

specifically the RPD model in many domains including traditional sport, there has been 

extremely limited use of either within the contexts of gaming and esports. In their review of 

decision-making research in esports, Pedraza-Ramirez et al. (2025) refer to NDM when 

discussing research into the relationship between cognitive and motor actions within the field. 

In exploratory literature searches, the discussion of NDM and RPD within the context of games 

focuses on serious games or the applicability of games for training (Jalife et al., 2021; Lappas 

et al., 2023; Mun et al., 2017). 

3.3 Chapter Summary 

This chapter critically reviews how knowledge and decision-making has been defined, 

explored, and conceptualised across psychology, traditional sport, video games, and esports. 

The discussion demonstrated that expert performance is characterised by superior decision-

making ability that leverages distinct and complex knowledge structures. Literature within 

cognitive psychology features a range of typologies such as fluid and crystallised intelligence, 

‘know-what’ declarative and ‘know-how’ procedural knowledge, and indescribable tacit 

knowledge. What is clear is that domain expertise requires elaborate repositories of 

information and associations exclusive to that domain, or ‘domain knowledge’. Those 

repositories are used to recognise cues, anticipate future states, and select adaptations to 

behaviour in response to emergent situations. Although some findings question the strength 

of prior knowledge of new learning, structured domain knowledge is a key component of 

expert anticipation and decision-making. The structure of decision-making is understood to 

be specific to each domain and is shaped by one’s experience within the domain and contexts 

in each independent instance of the task. Decisions can take place in several temporalities, 

from instinctual and intuitive to more deliberative and strategic, although experts consistently 

demonstrate a superior ability with both types. In traditional sports, decision-making has been 

evaluated from a range of perspectives including information processing, ecological dynamics, 

and recognition-primed models, the latter of which is anchored in NDM as a theoretical 

underpinning. Athlete decision-making is characterised by a simplification or shortcutting of 

cognitive processes through cue recognition or the use of knowledge structures like heuristics. 

Comparable mechanisms appear in esports, where players must make rapid yet strategic 
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choices under pressure, which take place at various levels of temporality and again leverage 

different contexts.  

This chapter concludes by discussing the NDM framework as the most suitable paradigm for 

examining expertise in dynamic real-world environments, emphasising experience-driven 

recognition, sensemaking, shared understandings, and managing situations where 

information is incomplete or missing. Those macrocognitive processes resonate strongly with 

the behaviours observed in both traditional sports and esports, as within those domains 

expert cognition is defined not by extensive periods of deliberative review, but by rapid and 

contextually grounded interpretations. Attempts at mapping these macrocognitive processes 

such as the RPD model, based on NDM as a theoretical underpinning, have extensive use 

within sports science research, and focus on a cyclical response of recognition, processing, 

and response which has potential links to how decision-making in games can be characterised. 

However, both NDM and the RPD model have had limited applications in games and esports 

research. Overall, this chapter establishes that knowledge and decision-making are 

fundamental concepts within expertise, and their interaction between one another enable 

experts to perceive and respond to emergent situations across a range of domains that feature 

complex scenarios necessitating rapid response. In conjunction with the previous critical 

review chapter on the characteristics of expertise, the theoretical underpinning of this thesis 

has been established and each of the core concepts – expertise, knowledge, and decision-

making – have been defined. With this foundation in place, the next stages of this thesis will 

identify appropriate methodologies leveraging the theory established in these past chapters 

and design the thesis’ overall research paradigm and how it will approach the construction of 

new contributions to knowledge. 
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4 Research Paradigm 

The previous critical review chapters explored the theoretical underpinning of topics 

considered relevant to the research question which in turn highlighted approaches to 

understanding skilled performance and its mechanics within competitive video game play, as 

well as methodologies appropriate for examining expert behaviour. In order to determine 

which approaches and methodologies are most suitable for addressing the research question 

it is important for a researcher to establish their position about the nature of reality, how 

knowledge is constructed within that reality, and the methodology one can use to obtain a 

greater understanding – commonly known as a research paradigm (Rehman & Alharthi, 2016). 

The process of determining one’s research paradigm allows for the researcher to better 

position their arguments and ensure that their selected approach and methodology, or the 

design of a novel approach/methodology, is sufficient to address the research question. In this 

chapter, the following topics will be established and discussed: the aim(s) of the thesis in terms 

of addressing the research question and contributions made, the application and justification 

of pragmatism and design science research as a research paradigm, and how the paradigm 

focuses on the development of a new methodological approach within games research that 

applies existing methodologies from cognitive psychology and sports science. Additionally, the 

researcher’s own positionality will be discussed. Their extensive personal and practical 

experience with the subject domain positions them as an ‘insider’ and thus has implications 

for the design of the study together with the interpretation and discussion of the findings. 

4.1 Research Aims 

In the introductory chapter, it was discussed that there is limited research on how expertise is 

reflecting the game itself and how the player leverages domain-specific knowledge situated 

within the game environment in their decision-making. Specifically, it highlighted a few 

research gaps including factors involved in developing gamesense, methods of measuring or 

monitoring video game expertise, generalisability of game expertise across genres, and the 

relationships between decision-making and esports performance. The thesis aims to 

investigate the specific relationship between expertise, domain-specific knowledge, and 

decision-making by addressing the research question “What is the role of contextual game 

knowledge in decision-making by expert esports competitors?” Answering this research 

question presents the key theoretical contribution of the project, which is to build a 

preliminary framework of esports decision-making in the context of leveraging in-game 

information and knowledge. This will help provide future research with an approach for 

examining esports performance in different games and genres, with the long-term aim of 

creating a more robust framework that has generalisability across the domain of gaming. 

Being able to identify or understand mechanisms of esports game performance, including how 

players make rapid and effective decisions during play, has a number of practical implications: 

(1) esports coaches with a philosophy that specific skills like decision-making can and should 

be trained can develop practice routines; (2) game designers can create environments in their 
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games that facilitate or nurture rapid skill acquisition and more effective decision-making; and 

(3) players can better understand how they make decisions during play and make a more 

conscious effort to improve. The latter reflects the principle of deliberate practice where the 

subject engages in a conscious goal-oriented approach to improvement and practice and so 

making that process easier could help players improve their performance (Ericsson & Harwell, 

2019; Ericsson & Moxley, 2012). 

The other contribution this thesis aims to make is via the application of existing methodologies 

in new domains where they are untested or have had limited testing. While there are several 

research methodologies that have been used to examine various mechanisms of expert 

behaviour in domains such as healthcare, disaster response, and traditional sport, many of 

them remain untested or have had limited application within the domain of games and 

esports research. Determining their efficacy within the domain of games and esports presents 

a key methodological contribution, as understanding which methods are effective at testing 

various mechanisms of expert performance in games will aid in the research design of future 

projects within this domain. As will be discussed later in this chapter, the positionality of the 

researcher as an experienced ‘insider’ to the game selected for testing presents a unique 

opportunity to examine the influence of domain expertise or experience in research design 

and the discussion of study findings. The overall aim with the methodological contributions of 

this research is to build a foundational approach to examining expert decision-making in 

games which future research can use to inform their own research paradigms. 

4.2 Ontology and Epistemology 

A research paradigm is defined as “a framework that guides how research is conducted, based 

on assumptions about reality (ontology), knowledge (epistemology), and methodology” (Turin 

et al., 2024). It is the way that the researchers understand the world around them and their 

respective topic, acting as a guide to help design and conduct research, including writing 

research questions and the selection of appropriate methods for addressing said questions. 

Despite there being a distinction between when one is discussing the nature of reality, or the 

way one can further understand and construct knowledge, distinguishing something as either 

ontological or epistemological can prove difficult in addition to directionality of the 

relationship between the two; whether ontology logically precedes epistemology, or 

epistemology is required to gain knowledge of ontology (Kant, 2014). What is commonly 

agreed upon, however, is that there are three common approaches to research paradigms, 

specifically oriented towards epistemology although there is a relationship between one’s 

epistemological position and ontological perspective on reality. Positivism, for example, 

assumes there is one true and objective reality and that constructing new knowledge focuses 

on the establishment of laws or rules that explain a phenomenon. The approach commonly 

seen as an opposite to Positivism is Interpretivism which believes that there is no true reality, 

and that an individual’s motivations and meanings construct one’s own reality, so constructing 

knowledge requires exploring individuals’ perceptions and how that influences their 
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behaviour. Finally, there is constructivism which posits that reality is constructed from the 

relationship between individuals and where knowledge is found by examining how individuals 

engage with the environment (Belharar et al., 2023).  

4.2.1 Pragmatism as a Research Paradigm 

Despite the prominence of the prior three approaches to research paradigms, there are a far 

greater number of alternatives as well, including those created in response to critiques of 

other paradigms. As an example, Positivism is frequently criticised for ignoring or neglecting 

sources of understanding originating from human experiences and sources as well as ignoring 

context in its attempt to establish universal rules for phenomena. This among other critiques 

led to the development of paradigms including post-positivism which posits that universal 

laws or truth cannot exist, that reality is subjective and imperfectly understood, and that 

knowledge is everchanging in response to new information (Fox & Ramazanoglu, 2008). When 

a researcher ‘selects’ a paradigm, they are often compelled to follow a scientific method 

appropriate to that paradigm, so Positivist researchers would be more inclined to use 

quantitative methodologies and strictly follow the scientific process whereas Interpretivists 

would more likely use qualitative methodologies. The act of constraining oneself in this way 

was criticised by early pragmatist scholars who claimed that researchers should embrace the 

plurality of methods available (Maxcy, 2003). The philosophy of pragmatism has its origins in 

the late 19th Century in the Unites States and posits that the actions people take are 

inextricably linked to their past experiences, that they take actions based on predicted 

consequences and use the results to refine their future predictions, that reality is not static 

but is in a constant state of change, and actions are the way people change existence (Kaushik 

& Walsh, 2019; Morgan, 2014a). Pragmatists believe that knowledge is obtained through a 

myriad of methods and that getting closer to the truth is not possible through a single 

scientific method alone. The process of reaching that truth involves addressing problems with 

practical solutions or contributions (Sol & Heng, 2022). 

For pragmatist researchers, the priority component of their work is the research question and 

using all available and appropriate methods to answer it. Unlike the other paradigms, 

Pragmatism does not directly engage in concepts considered metaphysical such as the nature 

of reality or whether there are objective truths, but rather acknowledges that a single reality 

exists that can only be engaged with through the human experience (Creswell & Clark, 2017b; 

Kaushik & Walsh, 2019; Morgan, 2014a; Savin-Baden & Major, 2023a). So both knowledge and 

reality are shaped by the beliefs and habits of people, and those beliefs are built through that 

person’s previous experiences and the worldviews of those around them (Kaushik & Walsh, 

2019; Yefimov, 2004). The explicit implications of adopting Pragmatism for research is that 

work is oriented in a Problem/Action dynamic, where the researcher recognises a problem, 

designs a solution, and then conducts an action (Sol & Heng, 2022). However, Pragmatism is 

not just about the practical contributions one can make but also moves the nature of inquiry 

and construction of knowledge away from an abstraction of philosophy and towards the 
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relationship between belief and action (Morgan, 2014b). Unlike other paradigms that 

distinctly cover ontology and epistemology, Pragmatism does not put much emphasis on 

either and instead focuses on practical problems and the solutions to them. As mentioned in 

the last section, there is debate as to the directionality between epistemology and ontology 

and whether any given concept is ontological or epistemological in nature. Adopting 

Pragmatism moves away from this dynamic and instead focuses on the relationship between 

one’s beliefs and the actions one takes in resolving a defined problem, which in the case of 

this thesis is addressing the gaps in knowledge and methodology within this subject area to 

answer the research question and fulfil the thesis aims.  

4.2.1.1 Use of Mixed Methods Research within the Pragmatism Paradigm 

Historically, qualitative and quantitative research were considered to be separate and distinct 

approaches to one another, although this sentiment has been replaced by understanding it to 

not be ‘one or the other’ but rather a continuum between the two (R. B. Johnson & 

Onwuegbuzie, 2004; Maarouf, 2019). This changing sentiment is best characterised by the 

growth of Mixed Methods Research (MMR), where a researcher uses a combination of 

qualitative and quantitative methods in one or multiple studies (Hassmén et al., 2016; 

Maarouf, 2019). The intent of MMR is to use multiple different methods and their components 

in a way that compliments their strengths while mitigating their weaknesses, with the aim of 

better understanding a research problem (V. L. P. Clark, 2017). However, it is important that 

the strengths of the selected methods complement one another in addition to having their 

own independent strengths, so that the collective methodology directly addresses what is 

necessary to answer the research question (Morgan, 2014a). This also has the added benefits 

of triangulation where using different methods to study the same phenomenon has the 

potential to strengthen each other’s results (Maarouf, 2019). Therefore MMR synergises well 

with the Pragmatism paradigm, as the practical goal of pragmatic research is to use any and 

all approaches to answer the research question, regardless of whether it is quantitative or 

qualitative (Savin-Baden & Major, 2023a; Sol & Heng, 2022). Aside from the practical benefits 

of adopting the Pragmatism paradigm for MMR, namely that a researcher can choose a 

combination of methods most suited for addressing the research question and/or aims, there 

exists a broader philosophical and metaphysical benefit for it as well, as Pragmatism seeks to 

bridge the gaps between different philosophical systems and moves away from a binary 

system of understanding the world around us towards a continuum-based one (R. B. Johnson 

& Onwuegbuzie, 2004). However, it is worth acknowledging that MMR and Pragmatism are 

not interdependent, that using MMR means you must adopt the Pragmatism paradigm or that 

adopting Pragmatism requires using MMR. For instance, two notable alternatives to 

Pragmatism in MMR are Realism, that posits a single reality independent from human 

perceptions of that world and that knowledge is subject to error and change, and 

Constructivism, which posits multiple realities that reflect different people’s experiences and 

that individuals have a different conception on what is ‘truth’, thus understanding is built by 

incorporating broad viewpoints (Morgan, 2014a).  
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Pragmatism’s strength, despite not being the sole philosophy underpinning MMR, surrounds 

the acknowledgement that the way one approaches research will result in different outcomes, 

so focus is placed not only on answering the research question but also scrutinising and asking 

questions about the process one took to generate that new knowledge (Biesta, 2010). Despite 

much research praising or highlighting the strengths of Pragmatism for MMR, there are critics 

of the paradigm that highlight that the lack of guidelines for conducting MMR allows the 

researcher to avoid epistemological and ontological questions that would scrutinise the choice 

of using MMR (Hampson & McKinley, 2023). In fact, there may be researchers who only 

choose Pragmatism to justify the use of MMR, even if there may be a more appropriate 

methodology or paradigm, thus is it vital that those seeking to use MMR provide ample 

justification for using it  (Hampson & McKinley, 2023; O’Sullivan et al., 2024). The justification 

for use of a pragmatic paradigm utilising MMR for this thesis is that expertise and decision-

making research commonly use both qualitative and quantitative methods and even utilise 

MMR at times. Some studies utilise qualitative methods like interviewing experts (Bogner et 

al., 2018; Macquet & Stanton, 2014; Ramsey et al., 2025), others use quantitative measures 

such as data analytics (Memmert, 2021; Seidenschwarz, 2021) and biophysiological 

monitoring (Ayaz et al., 2012; K. Ross et al., 2019). Because expertise research within the 

context of modern video gaming and esports is a nascent field, there is a need to further 

understand the mechanisms behind expert decision-making within this domain as well as 

appropriate methodologies to test that relationship. As stated in the research aims, the 

broader goal of addressing this is to establish a foundational approach to understanding and 

examining complex expert decision-making within games. Due to the methodological gaps in 

this domain due to how recently developed it is compared to traditional subjects, engaging in 

triangulation by studying the same phenomenon with different methods will either 

strengthen the findings if data are found to share commonalities, or highlight future research 

opportunities if they are not. The testing and evaluation of a new methodological approach 

with a clear focus on the thesis aims and research question aligns closely with the Pragmatism 

paradigm and use of MMR.  

4.2.2 Methodological Pragmatism and the foundational principles of Design 

Science Research 

Pragmatism focuses not just on the resulting contributions after research has been conducted 

but also evaluates and scrutinises the efficacy of the procedures undertaken in the generation 

of those contributions (Rescher, 2020). Thus, the design and creation of a novel methodology 

within a nascent field such as esports as a practical contribution in and of itself alongside the 

theoretical contributions resulting from answering the research question is a key aspect of the 

broader aims of this thesis. The generation of knowledge during the design process of an 

artefact aligns with the Design Science Research (DSR) approach, including the identification 

or creation of a novel methodology (Carstensen & Bernhard, 2019). DSR seeks to build human 

knowledge through the development of artefacts that solve problems within their topic 

domain, with some wider contributions in other disciplines (vom Brocke et al., 2020). There 
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are seven key principles that should be followed by research following the DSR approach, from 

the production of a viable artefact to the application of any available means, including a range 

of methods, to address relevant problems (Dresch et al., 2015; Hevner et al., 2004). Table 1 

outlines these principles and how the thesis aligns with each of them, thus demonstrating the 

applicability of DSR within the context of this work. 

Principle of DSR Alignment with the Thesis 

Research using DSR must produce a viable 

artefact in the form of a construct, model, 

methodology or instantiation. 

The use of methods new to the domain of esports and 

games research but often used in comparative domains 

contributes to the development of a foundational 

framework of understanding esports decision-making. 

It must be used to develop solutions to 

solve important and relevant problems. 

Determining this framework will help practitioners 

within esports and games by providing a methodology 

for eliciting expert decision-making and player action. 

The utility, quality, and efficacy of the 

artefact must be scrutinised via a 

structured evaluation method. 

Evaluation and validation of the methodology is 

embedded within the mixed methods approach being 

undertaken; corroborating findings indicates a level of 

efficacy whereas contrasting ones demonstrate a need 

for future research. 

It must produce clear and verifiable 

contributions and present clear grounding 

on the foundations of design. 

Each study and the synthesis of their findings provide 

clear contributions in the form of academic outputs. 

The design of the methodology will present clear 

theoretical grounding and establish the rationale for its 

application. 

Research should be based on an 

application of rigorous methods in both 

the construction and evaluation of 

artefacts. 

The thesis uses a mixed methods approach using both 

qualitative and quantitative methods, which seeks to 

complement each methods’ strengths while mitigating 

potential weaknesses. 

Development of an effective artefact uses 

any available means to achieve the 

desired purpose, while also satisfying any 

governing laws within the problem 

environment. 

Methodologies across all relevant domains were 

analysed to determine effective methods, and the 

thesis adopts a pragmatic paradigm, where the most 

effective means of addressing the research question is 

determined and applied. 

Research conducted within DSR must be 

presented to a range of audiences, from 

practitioners, to management, and 

academics. 

Planned or completed outputs have been curated for 

academic and practitioner audiences. Academic 

dissemination is conducted in the form of journal 

articles, conference papers, and presentations. Practical 

dissemination is planned to take place through social 

media, video content such as podcast interviews, and 

infographics. 

Table 1: The seven key principles of Design Science Research and their alignment with the thesis’ aims and approach. 

Several principles of DSR focus on the development of solutions that address real-life 

problems, where the use of any available means to create those solutions are encouraged, 

and that the contributions of those works are clear and verifiable. These principles share 

strong commonalities with the pragmatism paradigm, where researchers believe that a range 
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of methods should be employed to address real-life problems and develop practical solutions 

as the way to construct new knowledge (Sol & Heng, 2022). In fact, many scholars believe that 

pragmatism is a highly effective paradigm base for DSR for those reasons (Goldkuhl, 2012).  

Additionally, pragmatism aids domains that have more functionalist paradigms including 

information science by placing further emphasis on human action and a wider range of values 

beyond purely utility and efficiency (Hovorka, 2010). Goldkuhl (2008, 2012) identified four 

types of pragmatism in information systems research: Local functional pragmatism, where 

knowledge contributes to improved action within a specific local practice; General functional 

pragmatism, where knowledge contributes to improved action within general practice; 

Referential pragmatism, where contributions to knowledge are about the actions taken; and 

Methodological pragmatism, where knowledge is constructed through actions or processes 

undertaken. The latter of these, methodological pragmatism, is most applicable in the context 

of this thesis as the process of designing a new methodological approach and establishing a 

theoretical framework of expert decision-making and knowledge structures in games creates 

new understandings of not only the theoretical elements of the topic, but also the 

methodological strengths and limitations of this area of study. In summation, there are a range 

of established methodologies within existing domains, including cognitive psychology and 

sports science, which have not been tested within the nascent context of video games and 

esports. In the process of addressing the theoretical contributions surrounding the research 

question, this thesis will also be creating methodological contributions following the DSR 

approach by designing a new methodology for studying expert decision-making and 

knowledge structures. The evaluation and validation of this methodology will explore 

characteristics of expertise research within the context of video games and esports, 

highlighting both strengths and limitations in examining this domain. 

4.3 Positionality and the ‘Insider Researcher’ 

Another aspect of a research paradigm that has growing prevalence, particularly within 

qualitative research, is the role of the researcher and how academic work cannot ignore the 

biases one may have as a result of the researcher’s personal values and perspectives, or any 

existing experience outside the current research within the target domain (Strunel & Cordoba, 

2025). Positionality describes a researcher’s own worldview and the contextual position of 

oneself when conducting a research task, and any potential implications that may have on a 

study’s design, execution, and data analysis (Holmes, 2020; Qin, 2016; Savin-Baden & Major, 

2023b). The aim of establishing one’s positionality is to contextualise the researcher to provide 

further meaning to the work, as well as define the boundaries within which the research was 

conducted (Jafar, 2018). Especially within qualitative research, different researchers’ work will 

develop or be conducted differently based on the knowledge and background of those who 

conduct the work. Those differences in background and experiences can influence various 

aspects of research, such as the choice of topic, access to participants, data collection and 

analysis, and interpretation of findings (Breen, 2007). Engaging in reflexivity and reflecting on 

one’s positionality enriches the research process, enhances transparency, and fosters further 
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dialogue on the role of the researcher in future research in the subject domain (Strunel & 

Cordoba, 2025). Gurr et al. (2024) have a number of suggestions on how to present 

positionality within one’s work including: explore alternative viewpoints; think about 

positionality early on in your project; reflecting on one’s positionality should be an iterative 

process throughout work; researcher-practitioners should reflect on both their background as 

a researcher and as a practitioner; and to not reflect on everything, just the elements 

specifically relevant to your work. This process of self-reflection is especially useful and 

encouraged for early-career researchers (ECRs) including those conducting postgraduate 

studies such as PhDs, as understanding one’s own ontology and epistemology provides clarity 

to the direction of their work and continues the process of personal and academic growth that 

is expected, even necessary, at that stage (Goundar, 2025; Holmes, 2020; van Heugten, 2004). 

It is especially important for ECRs engaging in a subject in which they have close personal 

connections to the research matter, participants, and contexts, such as ECRs engaging in 

professional practice alongside their studies (J. Smith et al., 2021). However, positionality is 

not a concept exclusive to ECRs and anyone conducting research, especially qualitative 

researchers, should routinely reflect on their positionality within their subject domain, career, 

and wider societal contexts. There are, however, contexts in which discussion of positionality 

within a piece of work could be irrelevant or even detrimental to the research. Therefore, a 

statement of positionality should be used in situations where it is methodologically consistent 

to do so, with the responsibility to determine that sitting with the researcher (Singh et al., 

2025). There are even some who argue that while positionality does seek to address legitimate 

research process concerns, it does not belong in scholarship as credible positionality 

statements cannot exist as a result of that very positionality, that stating the researcher’s 

identity or membership of a community does not in and of itself reduce bias in the data 

collection or interpretation, and that positionality threatens the impartiality of research 

(Savolainen et al., 2023). Acknowledging one’s relationship with the subject domain, however, 

allows the development of mitigation strategies and can in fact benefit traditional strategies 

of reducing bias. 

Often ECRs face the dilemma of whether they as researchers should be a member of, or 

affiliated with, the members of the population they are studying and whether it is better to 

be directly connected as an ‘insider’ or an external observer of the population, an ‘outsider’ 

(Sharma, 2024). The ‘insider/outsider’ debate is a long held one and a commonly discussed 

topic regarding positionality, because if a researcher is discussing the experiences of 

participants having had lived experiences of their own, that introduces potential biases and 

thus benefits from a reflexive analysis of one’s own involvement (Couture et al., 2012; Dwyer 

& Buckle, 2009; Qin, 2016; Sharma, 2024). Often this dynamic is discussed in the context of a 

researcher’s identity, such as one’s ethnicity or cultural background (Ademolu, 2024; Bayeck, 

2022; Bourke, 2014; Bukamal, 2022; Chavez, 2008), or disability (Berkovic et al., 2020; Bulk & 

Collins, 2024; Sharma, 2024). Examining one’s identity allows the researcher to critically 

reflect on how that can affect their epistemology and engagement with the subject matter 
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including personal influences, relationships with participants, and power structures endemic 

within the domain and academia more broadly (Cumming-Potvin, 2013; Myers, 2019; 

Olukotun et al., 2021). However, identity is only one part of positionality regarding the 

insider/outsider dynamic, as it can also include lived experiences that are connected to the 

research topic, such as when Breen (2007) investigated grief responses following fatal vehicle 

crashes, the decision to undertake such research came as a response to their own personal 

loss in such a situation. In that research, they argued against the idea that this insider/outsider 

discussion was a pure dichotomy, but instead a continuum between them as they themselves 

described they were not a true ‘insider’ to the grief process in this case as the loss was of their 

partner’s loved one thus placing them in an environment where they were an active 

participant-observer of the phenomenon.  

To consider oneself an insider researcher they must conduct work in a subject area or with a 

population of which they have prior intimate experience (McBride et al., 2016). As an 

example, conducting ethnographic research of a sports club of which one is already an active 

member would constitute as having intimate experience or knowledge with the domain, thus 

meaning work conducted on this subject by that individual would be insider research 

(Macphail, 2004). At a basic level, the key prerequisite for conducting insider research is that 

the researcher has an existing relationship with the subject domain or population. Others 

argue that insider research is not simply about having experience with a subject or sharing 

characteristics, but is a complex and negotiated process that at times can be a very personal 

one; “If insider research involves doing research with one’s own people, who are one’s own 

people and who decides?” (Bulk & Collins, 2024). Insider research can be quite a contentious 

issue as there are two broad perspectives on it, one that believes that only outsiders can be 

truly objective around a subject matter and another that believes outsiders cannot fully 

understand the issue they are working on without insider knowledge (Saidin, 2016). The 

strengths of conducting insider research are that the researcher has existing tacit knowledge 

of the domain which differs from those who are unfamiliar, which results in unique responses, 

and that the researcher is not ‘starting from zero.’ They have easier access to data and 

participants, the latter of which can be more cooperative and where the researcher can ask 

more meaningful questions of them, as they have shared understanding, all of which 

culminates in deeper and more authentic findings.  

However, there are several limitations and challenges. Firstly, insider research is at substantial 

risk of bias and subjectivity due to existing understanding of the subject often shaped by 

beliefs and unreliable viewpoints. Secondly, it gives too many roles to the researcher which 

can strain their ability to remain objective and establishes a complex power dynamic with the 

participants. Thirdly, familiarity or shared understandings with participants can manipulate 

the data that participants report, such as leaving gaps for suppositions or disclosing potentially 

sensitive information (Adam, 2013; Berkovic et al., 2020; Geirbo, 2018; Greene, 2014; 

Kirpitchenko & Voloder, 2014; McBride et al., 2016; Mitchell, 2008; Saidin, 2016; Unluer, 

2012). There are also ethical considerations, such as ensuring informed consent from 
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participants that have a shared understanding, confidentiality of participants, dissemination 

of potentially sensitive information, and handling personal relationships with participants 

(Finefter-Rosenbluh, 2017; Kirpitchenko & Voloder, 2014; McBride et al., 2016; Mitchell, 2008; 

Zeni, 2001). To mitigate some of these methodological and ethical challenges, there are a few 

techniques and tools one could employ to verify and validate insider research: 

• Establish safeguards between the researcher and interactions with participants or data 

collection techniques. 

• Engage in triangulation with the use of multiple sources and methods. 

• Share findings with critical friends who can position themselves as outsiders, after 

ensuring that participant data is anonymised beforehand, and that appropriate data 

protection and governance protocols are followed. 

• Frequently engage with reflexivity around being an insider researcher throughout the 

project (Greene, 2014; Guba, 1981; Lincoln & Guba, 1985). 

4.3.1 Statement of Positionality 

As Singh et al. (2025) described, a statement of positionality should be used in situations 

where it is methodologically consistent to do so. Additionally, Gurr et al. (2024) stated that 

discussing positionality should only cover elements that are relevant to the subject matter. 

Because of this, this statement of positionality will not be discussing any social identities as 

they are not relevant to the subject matter of expertise and decision-making within games. 

What is methodologically appropriate is the discussion of my external experience with the 

domain of esports, and specifically that of the competitive community of Team Fortress 2, 

which is the selected game of choice for the studies undertaken through this thesis. As of the 

writing of this thesis, I have participated in competitive Team Fortress 2 play for over eight 

years as a player, organiser, and tournament operator. Additionally, I have over 6,000 hours of 

playtime of the game over the course of a decade. This has given me extensive experience 

with the game and its communities and as a result, I have established myself as a recognisable 

individual by members of that community. While this experience, as discussed in the previous 

section, does have several methodological benefits there are also challenges or ethical 

concerns that required addressing during all stages of the research process. Thus, mitigation 

strategies have been considered, including an MMR design that incorporates a range of 

methods for triangulation, as well as clear safeguards between myself and any participants, 

with specific attention on ensuring informed consent of any participant. The studies were also 

reviewed by the supervisory team and went through an internal peer review as part of the 

ethical review process. 
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4.4 Development of a Mixed Methods Methodology 

Conducting MMR is more than just running a qualitative and quantitative study, as the way 

these studies are designed, run, and interpreted, both separately and in conjunction, will 

influence the results and the discussion related to them. Dawadi et al. (2021) describe three 

high-level mixed methods designs. Exploratory Sequential Design is a three-stage approach 

where qualitative data is first collected to identify quantitative variables after which these are 

measured during quantitative testing, with the goal of expanding the qualitative findings and 

establishing generalisable rules. Explanatory Sequential Design is where quantitative data is 

collected and analysed to identify specific quantitative findings, those that are unexpected or 

that warrant further explanation using qualitative methods to explain the phenomena. Lastly, 

Convergent Parallel Design is where qualitative and quantitative methods are run concurrently 

as opposed to one method leading to another, the findings of which are triangulated with the 

aim of building a more complete understanding of the phenomena through the synthesis of 

the data. Sequential designs, whether exploratory or explanatory, are linked to constructivist 

and post-positivist epistemologies, as post-positivism is an effective perspective for 

quantitative methods of identifying instruments or interpreting statistical trends, while 

constructivism is useful for incorporating a variety of perspectives and a more in-depth 

exploration of phenomena (Creswell & Clark, 2017a; Dawadi et al., 2021). Convergent Parallel 

design, in contrast, is linked more with studies following a pragmatic paradigm (Dawadi et al., 

2021; Delaney et al., 2017). In a Convergent Parallel design, both qualitative and quantitative 

methods carry equal weight and resulting data are kept separately, only merging during the 

discussion or interpretation stage of the project (Delaney et al., 2017). Figure 3 presents a 

diagram of a Convergent Parallel design which demonstrates that each study is conducted 

separately, after which the findings are synthesised for a deeper and more informed 

discussion (V. P. Clark & Creswell, 2015; Zegarac et al., 2025) 

 

Figure 3 - Convergent Parallel Mixed Methods Design from Clark and Creswell (2015) and Zegarac et al. (2025) 

Due to a lack of consensus and limited research on effective methods of analysing expert 

decision-making, knowledge structures, and performance in esports and video games, there 

is a need for work in this area to not only develop those theoretical contributions but also 

establish a methodological foundation for conducting future research. Thus, it is beneficial for 
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new research in this domain to anchor itself within existing approaches and design. 

Convergent parallel design is a proven approach to mixed methods and aligns itself with a 

pragmatic paradigm and because this thesis also follows pragmatism, conducting research in 

this manner is the most appropriate approach. Following this research design, specific 

methods for qualitative and quantitative study must be determined. 

4.4.1 Qualitative Study: Interviews of Elite or Expert Participants 

Methods of exploring the mechanisms of expert performance and knowledge can take a few 

forms, from the use of cognitive tests (Kang et al., 2020; N. Phillips & Green, 2024; Toth et al., 

2019) and neuropsychology (Benoit et al., 2020; Bilalić, 2017; Hetrick & Crecelius, 2024) to 

monitoring of behaviour and habits such as practice routines (Huang et al., 2017; Pluss et al., 

2022). Another way to understand how experts think about a task, from the rationale 

underpinning their decision-making to their complex knowledge structures, is to directly 

engage with the expert themselves via expert interviews. The deep practical understandings 

on a subject area exhibited by experts can be a very useful tool for exploratory works as they 

are an effective way of gathering rich and focused data as opposed to other methods including 

observation and quantitative surveys (Bogner et al., 2009). For complex tasks, it is especially 

useful as there can be a huge range of potential data points or subjects of interest that can be 

examined holistically or intricately, and as such this approach has been used in a range of 

domains including Politics, Management, Information Science, Games, and Traditional Sport 

(Biel et al., 2025; A. Cote & Raz, 2015; Hassmann & Westner, 2024; Soest, 2023; Trinczek, 

2009). The process of interviewing experts does not have a unified format and depends on 

the type of data the researcher intends to analyse and the broader research topic. For 

interviews specifically focused on eliciting the mechanisms behind the knowledge structures 

and decision-making of experts, specific techniques aimed at this area have been developed 

for over forty years from the advent of cognitive psychology in the 1970-80s (Lintern et al., 

2018). 

However, expert interviews do have a few points of contention amongst the research 

community; whether researchers can truly understand what experts report, that there is no 

guarantee what experts report in interviews is objective or even accurate, and how power 

dynamics between the interviewer and participant can influence what experts report (Van 

Audenhove & Donders, 2019). This thesis does adopt some mitigation strategies because of 

the research paradigm and positionality.  

Conducting MMR with qualitative and quantitative measures around a similar topic provides 

triangulation of the data to find congregant and divergent evidence. Quantitative methods 

that evaluate in-game behaviour would provide an opportunity to evaluate the accuracy of 

the experts, determining whether the information experts report correlates with the 

behaviour they exhibit. Congregant findings would indicate that the participant’s reporting is 

accurate in the sense that it is representative of in-game behaviour. Regardless, it is important 

to exhibit a level of scepticism and avoid making assumptions that the statements from 
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experts are accurate and if the researcher has truly understood their interpretation, as well as 

to evaluate the impact the interview format will have on the dialogue (Mason-Bish, 2019). 

While the researcher’s positionality in having intimate experience with the domain aids in 

having a more informed understanding of what the experts are saying, it does raise the 

concerns of how the researcher conducts the interview and the relationship dynamics they 

have with the participant. The researcher is the core instrument in running qualitative 

interviews, and each individual will have different characteristics and personality traits that 

can create unique conversations and result in variations in the reported data (Pezalla et al., 

2012). Having an interviewer with extensive insider experience with the domain can help by 

having participants be more receptive to the interviewer, however it can also raise issues of 

participants withholding information out of a sense of distrust as a result of disclosing 

positionality, or obfuscating information that is obvious knowledge to both parties but not to 

outsiders (Mitchell, 2008). Thus, it is thoroughly recommended that an insider interviewer 

critically review and reflect on how their presence and positionality effected the results given 

(Berkovic et al., 2020; Chammas, 2020; Glas, 2021; Myers, 2019; Pfadenhauer, 2009; Wicks & 

Roland, 2009; Witkowski, 2018). 

Reflecting on interviewing methodologies utilised in NDM research, some of which was 

discussed in the critical review chapter on decision-making and knowledge, a commonly 

adopted school of methodologies used involve Cognitive Task Analysis (CTA). CTA focuses on 

eliciting and reporting on complex cognitive processes using a range of open or semi-

structured interview techniques (O. Brown et al., 2025; Johnston & Morrison, 2016). The 

specific actions or formats differ between each method but generally focus on using the 

expert as the medium of breaking down a complex task into tangible steps or segments, then 

analysing known cognitive processes and mechanisms within the context of these steps, with 

the aim of mapping practical skills, environmental cues, and knowledge requirements 

(Crandall et al., 2006; Swaby et al., 2022). One method within CTA that was particularly 

interesting within the context of video games and esports was the Critical Decision Method 

(CDM). CDM is a semi-structured event-based retrospective interview technique designed to 

elicit decision-making processes of experts within naturalistic environments that have 

dynamic and everchanging conditions, large amounts of information, and have significant 

time pressures (Hoffman et al., 1998; Klein et al., 1989). These conditions make it very 

appropriate for interviewing experienced individuals in areas like Disaster Response including 

Firefighting which can have large quantities of potentially life-threatening situations requiring 

rapid decision-making and response (Okoli et al., 2022). All those conditions: dynamic, high 

quantities of information, and time-pressured, are also met with high-intensity games such as 

those commonly played in professional and amateur esports environments.  

In fact, CDM has been used previously to examine the decision-making of experienced players 

in the class-based first-person shooter Overwatch (Roose & Veinott, 2020). Roose and 

Veinott’s (2020) study used CDM in conjunction with eye-tracking technologies, which aligns 

with the idea of conducting a convergent parallel mixed methods approach as well. They took 
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a deductive approach to the CDM method, classifying critical decisions into three 

macrocognitive functions as described by Klein et al. (2006a, 2006b): Coordination, 

Sensemaking, and Managing Uncertainty. During the interviews, participants also reported 

the critical decisions or moments during play from which eye tracking data in and around 

those decisions were pulled for analysis of their gaze patterns. The strengths of this approach 

were that the qualitative interview data could be triangulated with the visual gaze patterns to 

conduct a richer analysis of what in-game information players were leveraging and the types 

of decisions they were making at the time. However, eye tracking data could not be used to 

source information from elements not on screen such as voice communications between 

players, and the use of eye tracking technology provides logistical challenges for capturing 

more physical activities such as traditional sports. An inductive approach, more appropriate 

for an exploratory investigation into the mechanisms of expertise within the nascent domain 

of esports, that uses a method of data collection not necessarily reliant on highly-technical 

methods which restricts its applicability, would broaden the potential use cases of CDM in 

combination with more quantitative methods. Thus, for the qualitative study this thesis will 

be following the CDM method of interviewing expert players within the game Team Fortress 

2, in which the researcher has intimate experience, with the aim of understanding the 

mechanisms of decision-making during competitive play and the sources of information that 

expert players leverage.  

4.4.2 Quantitative Study: Notational Analysis for analysing in-game 

performance 

The use of metrics and analytics has been a popular and growing means of analysing the 

behaviour of video game players, as the dataset that can be generated from a single in-game 

match can be extremely large (Xenopoulos et al., 2021). These data sets could be used to 

identify patterns of behaviour that are notably different from standard play, which could 

indicate moments of interest or unique play. Such moments could then be leveraged by 

practitioners including esports coaches or game developers to review player behaviour and 

in-game circumstances surrounding it more effectively (Qian et al., 2022; Sifa et al., 2021). In-

game metrics such as proximity to opponents or incidents where there are significant 

quantities of damage exchanged between teams could be used to demarcate gameplay or 

identify segments of gameplay that would warrant further analysis. Furthermore, data from 

the game API relating to these segments could be used for real-time game analysis such as 

calculating win probabilities (Hodge et al., 2021; Schubert et al., 2016; Tot et al., 2021).  

Analysing the performance of athletes and players is a popular methodology in sports science. 

Performance analysis is a school of methodologies that focus on “the assessment of 

competition, parts of competition, and performance prerequisites with different methods for 

different purposes” (Lames, 2023). While the author admits this is a particularly broad 

definition, it is intentional to capture the breadth of methods that are used in evaluating the 

performance of athletes. Overall, performance analysis seeks to identify general and/or sport-
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specific characteristics of skilled performance, from which coaches and other practitioners 

can focus on developing an athlete’s or team’s ability. Researchers use findings from 

performance analysis to investigate topics including technical effectiveness, tactics, physicality 

of a sport, and the effectiveness of performance analysis support services (Bartlett, 2001; 

Cullinane et al., 2024a; O’Donoghue, 2014). There are two distinguishing types of disciplines 

within performance analysis: Theoretical Performance Analysis (TPA), which investigates 

general laws that describe behaviour or quantify the impact of determinants on behaviour, 

and Practical Performance Analysis (PPA), which focuses on the specific performance of an 

athlete or team to identify their own, as well as their opponent’s, strengths, weaknesses, and 

future development strategies (Lames, 2023; Lames & and McGarry, 2007). While PPA is 

oriented towards practitioners more, TPA is more suitable for academic or research 

investigations and is based on utilising behavioural research methodologies. The use of 

performance analysis varies within academic settings, from purely an observational method 

to using it in combination with other methods, which could include mixed methods work 

(O’Donoghue, 2014). 

Technology has had a profound influence on the evolution of performance analysis to provide 

more opportunities and metrics to evaluate performance, including biophysiological 

monitoring, machine learning, data visualisation, and especially the use of video-based 

technologies such as reviewing recorded performance or the use of simulations (Benito Santos 

et al., 2018; Cossich et al., 2023; Gomez-Ruano et al., 2020; Hughes et al., 2019; Liebermann 

et al., 2002; Moreira et al., 2024; P. D. Smith, 2021). Further research is necessary, however, 

to provide a more objective analysis of the effectiveness of such technology as literature 

around the subject uses qualitative cross-sectional methodologies (Pearson et al., 2023, 2024; 

Plakias et al., 2025).  Literature investigating the relationship between performance analysis 

and technology has focused on the potential of technology to aid or support the methodology, 

but there is limited research into whether performance analysis as a methodology could be 

applied to HCI such as in video gaming and esports. 

There is literature that has leveraged video games for performance analysis in traditional 

sport, with some research evaluating their efficacy in training domain-specific skills (Buns, 

2020; Gaviria Alzate et al., 2024; Polikanova et al., 2022; Sanger et al., 2019). Specific 

application of performance analysis within esports and gaming is limited but highlights some 

unique characteristics of esports that compliment performance analysis well such as the 

quantitative recording of all in-game actions which can be used in conjunction with qualitative 

methods to provide deeper insights into player behaviour (Novak et al., 2020). Furthermore, 

gaming is moderated via a human-computer interaction which makes adding further non-

invasive technologies such as computer vision easier, enabling collection of even more data 

and to then subject it to machine learning (Maymin, 2021). Commercial and consumer interest 

in performance analysis tools in games and esports is also growing, from players using data 

visualisation and analytics to evaluate their own behaviour and that of their opponents, to 

game developers using similar technology to evaluate player behaviour to inform future game 
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design and balance decisions (Afonso et al., 2019; Kavanagh & Miller, 2021; Varga et al., 2024). 

Methods analysing in-game performance both in academic works and commercially has often 

leveraged the use of large datasets and metrics (Sifa et al., 2021; Xenopoulos et al., 2021). 

However, large quantitative data on its own can establish trends of behaviours but struggles 

to evaluate causes of those behaviours or to ask deeper questions that often necessitate 

qualitative methodologies to ascertain why certain behaviours appear preferable to expert 

players. Thus, a mixed methods approach that utilises the qualitative insights of players like 

the use of CDM in this thesis in conjunction with performance analysis presents the 

opportunity to combine the strengths of both qualitative and quantitative methods while 

mitigating their weaknesses. 

Notational analysis is one of the foundational methodologies in performance analysis, the aim 

of which is to provide an objective method of recording critical events during a task in a 

manner that can be reliably quantified, for researchers and practitioners to evaluate factors 

contributing to skilled performance (Hughes & Bartlett, 2015; Ungvarsky, 2023). Taking 

objective notes like these is nothing new, especially in traditional sport, with historical 

examples of this process dating back to the mid-nineteenth century (Eaves, 2015). Notation 

systems can be very versatile as they can be designed to capture whatever the researcher 

wishes to evaluate, including but not limited to player positioning, patterns of play, 

probabilities of action success, player movement and biomechanics, and big data profiles 

(Moreira et al., 2024). Early notational analysis methods were conducted primarily by hand, 

aided by video playback when available, involving a manual coding system to record 

information including the player in question, action type, outcome, time on the clock, and 

spatial location of the player (Carling et al., 2007; Hughes & Franks, 2004). The range of 

traditional sports using notational analysis is extensive, including football (Caso et al., 2025; 

Jara et al., 2024; Marcori et al., 2022; Pinheiro et al., 2022; Tienza-Valverde et al., 2023), 

basketball (Patterson et al., 2024), pickleball (Prieto-Lage et al., 2024, 2025), Australian 

football (Rayner et al., 2022), beach handball (Iannaccone et al., 2020), and table tennis 

(Guarnieri et al., 2023). Much like with performance analysis generally, technology brought 

about significant changes and developments to notational analysis, particularly addressing 

challenges including the timely processing of data seen in hand-based notation techniques 

(Hughes & Franks, 2004). Computerised notational analysis provides a combination of 

automating data collection and processing, and advanced video-based analysis techniques 

like alternative perspectives and side-by-side comparisons (Carling & Court, 2013). The extent 

to which a notation system is computerised varies, from complete automation of data 

processing and analysis to a computerised interface designed for manual ‘hand-based’ 

notation (Cullinane et al., 2024b). Broadly speaking, hand-based notational systems focus on 

one or more of the following approaches: Scatter diagrams, schematic representations of the 

court or pitch to indicate where, for example, a team loses possession of the ball; Frequency 

tables, a quick method of recording how often a certain behaviour is exhibited; and Sequential 

systems, which record the chronological sequence of events to identify contexts and actions 
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during critical moments (Hughes, 2019). The stages of notational analysis follow a structured 

process of designing the notation system and ensuring suitability for aims and objectives, data 

collection, identifying key performance indicators, and the presentation of the gathered 

results (Cullinane et al., 2024c). 

The use of notational analysis in games and esports is especially limited, with only a couple of 

studies utilising notational analysis. As a part of their wider application of performance 

analysis to esports, Novak et al. (2019, 2020) assessed the validity and inter-rater reliability of 

both match summary statistics provided by the developers and hand-based video notational 

analysis. They found that video annotations of an individual with experience with the game 

could be used interchangeably with summary statistics in the event there is a match in which 

summary statistics are not available. Smithies et al. (2021) utilised a computerised notational 

analysis to identify in-game metrics for Rocket League (Psyonix, 2015) that predicted a match 

outcome or a player’s rank using a random forest learning model, finding several statistically 

significant indicators of both. The limited number of studies in this field utilising notational 

analysis, despite its prevalence in traditional sport science, presents an opportunity to 

evaluate the efficacy of different forms of notational analysis while investigating the 

relationship between player action, game contexts, and decision-making. Lorains et al. 

(2013b) used a hand-based notational analysis system with a custom-designed computerised 

interface and database to evaluate the decision-making of thirteen Australian football players 

over four matches and found that the cognitive components of decision-making improved 

throughout the season. However, a similar notational system has not yet been applied within 

the field of games or esports. Thus, for the quantitative study this thesis will be developing a 

hand-based notational analysis system with a custom-designed computerised interface to 

evaluate the contexts and distinct actions of expert Team Fortress 2 players, with the aim of 

identifying distinct patterns of behaviour, recurring game contexts, and the relationship 

between them. 

4.5 Team Fortress 2 

Due to the researcher’s positionality as someone intimately familiar with the game Team 

Fortress 2 and its competitive scene, both the quantitative and qualitative study will be 

evaluating the mechanism of expert decision-making and knowledge in that game. Commonly 

abbreviated to TF2, Team Fortress 2 is a class-based first-person shooter released by Valve 

Corporation in 2007, featuring nine characters with unique weapons and traits. The 

competitive variant of Team Fortress 2 is entirely community-run and moderated, and features 

custom rules including smaller team sizes, a limited number of classes allowed on the field at 

any one time, and various restrictions on weapons. Typical esports play revolves around two 

teams of six where both teams engage in a ‘tug-of-war’ style of play where they must fight 

over control of five capture points on the map, with a round awarded after all five are 

captured. A unique characteristic of competitive Team Fortress 2 is also the existence of the 

‘Ubercharge’. Many esport games feature different characters, all of which have their own 
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abilities and traits, sometimes including an ‘Ultimate Ability.’ In Team Fortress 2 the only 

ultimate ability is held by the ‘Medic’, whose primary role is healing their teammates and who 

is the most reliable and effective source of healing in the game. Unlike other esports titles, 

progression of this ultimate ability only happens when the Medic is actively healing 

teammates and does not persist after death. 

4.6 Chapter Summary 

This chapter outlined the decision-making process to determine the thesis’ research paradigm 

to best address the research question and the thesis’ aim. There is limited research on how 

video game expertise is exhibited within the context of the game itself and how the player 

leverages domain-specific knowledge sources from the game in their decision-making. This 

presents a key gap in research in understanding the mechanisms of skilled performance in 

games. Thus, the thesis’ aim is to investigate this relationship between expertise, domain-

specific knowledge, and decision-making and to construct a foundational framework of this 

phenomenon. This framework can then provide future research with a tool for examining 

esports performance across different games and genres. Due to the nascent field of esports, 

there is limited consensus on effective methodological approaches for investigating expertise 

within the domain despite the prevalence of such methodologies within similar or adjacent 

domains including cognitive psychology, expertise research, and traditional sports science. 

Thus, the key methodological contribution that the thesis seeks to make is to design and test 

a methodological approach that uses existing techniques, determine the efficacy of such 

methods, and identify characteristics of esports and gaming that aid or hinder expertise 

research within this domain. When designing a research paradigm, it is important to define 

how knowledge is pulled from the reality around us and how it is constructed, commonly 

reflected in research as ontology and epistemology. The thesis’ methodological contributions 

practically address the problem of limited methodological approaches to expertise research 

in games and esports with new methodological tools. Focusing on practical solutions to real-

life problems closely aligns with a pragmatic paradigm. Pragmatism is based on the idea that 

knowledge is obtained through the practical solutions to problems, and that all available and 

appropriate methods should be used.  

Pragmatism as a paradigm aligns well with MMR, which uses a combination of qualitative and 

quantitative methods in a manner that compliments their strengths while mitigating their 

limitations, as the practical goal of pragmatic research is to use the most appropriate methods 

to answer the research question and develop practical solutions. There are several ways to 

conduct MMR, but the one that is more aligned with a pragmatic paradigm is the convergent 

parallel design, where both qualitative and quantitative methods are run concurrently, carry 

equal weight, and resulting data is only merged during discussion and interpretation stages of 

the research. The use of different methods to study the same phenomenon can strengthen 

their findings through the triangulation of the data, synthesising what was found and 

facilitating a more in-depth and informed discussion. The design and development of a new 
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methodology also ground the methodological element of the thesis within DSR, which aims 

to build human knowledge through the development of artefacts, including new 

methodological approaches, which solve problems within a specific domain, another 

alignment with a pragmatic paradigm. The final consideration to be made before the design 

and development of a methodology would be the role of the researcher themselves. Stating 

one’s positionality contextualises the researcher within the research process, how they 

themselves provide unique contributions to the work, and defines potential limitations to how 

the work is conducted, as different researchers will operate differently based on their prior 

knowledge and backgrounds. Within the context of this thesis, I have a decade of esports 

experience within the competitive variant of Team Fortress 2, over 6,000 hours of playtime, 

and an established presence within the community that makes me recognisable. This has 

several methodological benefits including familiarity with abstract concepts within the game 

and easier access to expert participants, but without mitigation strategies presents concerns 

regarding objectivity, bias, and power dynamics with participants.  

With the paradigm established, the next step was to determine the most appropriate 

methodologies for both the qualitative and quantitative studies. The thought rationale and 

decision-making of experts can be evaluated through cognitive tests and behavioural analysis, 

but direct engagement with them through interviews is a commonly used approach for 

exploring the topic. Within the field of naturalistic decision-making, CTA is a commonly used 

family of open or semi-structured interview techniques that focus on exploring complex 

cognitive processes by breaking down complex tasks into segments and then analysing known 

cognitive processes within the context of those segments. One technique, CDM, is a semi-

structured event-based retrospective interview technique designed to elicit decision-making 

techniques of experts in naturalistic environments within dynamic, complex, and time-

pressured domains like disaster response. High-intensity games such as those played in 

esports share a lot of those domain characteristics, making CDM an appropriate methodology 

for studying expert decision-making in games. For the quantitative study, performance 

analysis is a commonly used method for analysing behaviours of athletes within traditional 

sport. Notational analysis, a system for reporting game information such as player positioning, 

action, kinematics, and more, is a foundational method for analysing performance. The use of 

metrics and complex data analytics and visualisation techniques is prevalent within the 

domain of esports due to the high quantity of rich data that can be pulled from the game and 

the ability to integrate further non-invasive technologies. However, the use of hand-based 

notational systems is limited, despite their proven effectiveness in a range of sports. Thus, it 

is a proven methodology with an extensive range of theoretical and methodological 

contributions making it a suitable tool for the quantitative study. Now that both 

methodologies have been selected, the next stage is to design and conduct both studies 

concurrently and separately and report their individual findings. 
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5 Applying the Critical Decision Method to esport players as 

a method of eliciting video game domain knowledge and 

decision-making 

A version of this chapter has been published in the Journal of Electronic Gaming and Esports 

under the name “Expert Video Game Domain Knowledge and Decision Making: Applying the 

Critical Decision Method to Team Fortress 2 Players” in August 2025. Additionally, a 

conference presentation of the same name was given at the Esports Research Network 

Conference 2024 on October 31, 2024.  

The critical review of knowledge and decision-making identified that decision-making is a core 

component of performance and a predictor of domain expertise, and that to make the most 

effective decisions an individual must be able to recognise relevant domain information in the 

emergent scenario to determine a suitable course of action. That chapter highlighted the 

difficulties in capturing the mechanisms of expert decision-making within artificial 

laboratories and that examinations of behaviour within the task environment can provide 

unique contributions to the subject area. This idea is the foundational principle of the NDM 

framework. By examining individuals within ‘real-life’ contexts or their ‘real-world’ behaviour, 

researchers can compare patterns in the behaviour of experts between different domains, 

similar or not, to identify commonalities (Zsambok & Klein, 2014). Such commonalities include 

constant situation assessment to constrain possible actions (Klein et al., 2007; Orasanu & 

Connolly, 1993; Ross et al., 2006); selection of first appropriate action as opposed to the most 

optimal (Klein, 1993, 2008); and cognitive structures that represent how the domain operates 

and facilitate mental simulations (Chi et al., 2014; Lipshitz & Strauss, 1997; Ross et al., 2003). 

When investigating the role of contextual game knowledge on decision-making, being able to 

identify whether these commonalities exist within the domain of gaming and esports, as well 

as identifying any unique characteristics exclusive to the domain, are vital in understanding 

that relationship. However, there is limited research that investigates decision-making in 

games and applies the NDM framework, or any methodologies attributed to it, thus 

presenting a significant research gap.  

There are a range of methodologies that are applied in NDM research, as evidenced by 

quantitative, qualitative, and mixed methods being used with similar frequencies in studies 

evaluating mental health professionals (Ahuna & Becker, 2025). Of the studies evaluated in 

that review, a majority examined individuals as opposed to teams, the decision-making 

processes of professionals, and how they utilised their experience to make those decisions. 

Unlike fields such as medicine, there is minimal existing research on the application of NDM 

in video games, with most studies investigating the relationship between video games and 

expertise in another domain, or the use of games as a training tool (Lappas et al., 2023; Mun 

et al., 2017; Shrestha et al., 2023). Thus, when applying an existing framework like NDM to a 

new area it is appropriate to follow an established methodology from within said framework. 
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Cognitive Task Analysis (CTA) is a popular school of methodologies that are commonly applied 

in NDM that “can enhance the rigorous elicitation and documentation of complex cognitive 

processes within interview-based qualitative research” (Brown et al., 2024). It is based on 

three phases of research: interviewing or observing an expert to break down a complex task 

into steps, identifying cognitive processes used by the expert, and mapping knowledge 

requirements, skills, and cues during the task and presenting this in a manner that can be used 

by domain practitioners for future skill development (Crandall et al., 2006). Similar to the 

Expert Performance Approach described by Ericsson (Ericsson & Moxley, 2012; Ericsson & 

Smith, 1991), CTA focuses on understanding the behaviour of an expert within the domain as 

a means of identifying patterns in behaviour, which in turn can be used to identify future 

development needs or opportunities for experts and methods for rapid growth for novices or 

intermediates  (Boot et al., 2017; Brown et al., 2024; Ericsson & Moxley, 2012). 

Other methodologies were considered when evaluating methods of expert knowledge 

elicitation. The Think Aloud method is a contemporary approach in sport science where 

participants vocalise their thoughts while partaking in a naturalistic task, the aim of which is 

to capture the natural cognitive processes of athletes (Ericsson & Simon, 1993; 1998; 

Whitehead & Jackman, 2021). An initial concern in the context of this study was that vocalising 

thoughts during play could disrupt one’s decision making, however studies investigating the 

impact of Think Aloud have found that doing so does not appear to negatively impact 

performance (Whitehead et al., 2015; Whitehead & Jackman, 2021). Yet, Think Aloud at times 

may not be a suitable method to use in certain cases, particularly in practical contexts where 

vocalising thoughts would interfere with the main task (Jackman et al., 2022; McGreary et al., 

2024). As an example, Think Aloud can increase the time that it takes to complete a task which 

makes it difficult to use in time sensitive contexts, especially in competitive contexts (Jackman 

et al., 2022). This is the case here with esports and competitive Team Fortress 2 play. The game 

is fast paced requiring rapid and responsive actions and continuous communication between 

six players. To introduce deliberative vocalising of thoughts would disrupt the standard 

process of play to an extent where players would need to play abnormally, thus making Think 

Aloud not an ideal approach for this study. 

Another method considered was the use of Stimulated Recall, which involves discussion with 

participants in an interview-style format that is prompted by a video sequence, often of the 

participant during the task (Lyle, 2013). This is a method that is interdisciplinary in a way that 

is relevant for this thesis as it has been used in both traditional sports and video games and 

has strong links with examining naturalistic decision-making (Pitkänen, 2015; Nichol & Hall, 

2024). In both cases Stimulated Recall aims to support the participant in rebuilding the original 

situation and their cognitive processes at the time in an authentic manner, which can then be 

used to analyse their actions and thought processes (Pitkänen, 2015). Practically, esports 

athletes may already engage in a variation of Stimulated Recall when reviewing recordings of 

prior matches and performances with both coaching staff and teammates. Commonly referred 

to aas ‘VOD Review’ or ‘Demo Review’ depending on the game or type of video file, the act of 
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reviewing performance or thought processes post-hoc aided with a recording of a task seen 

in a ‘VOD Review’ has significant similarities to the process of conducting a Stimulated Recall 

interview. Therefore, it would be reasonable to suggest that having esports players follow 

Stimulated Recall would be similar to common practice, creating a naturalistic environment 

for disclosing one’s thoughts processes. However, there are several limitations of Stimulated 

Recall both generally and within the context of the thesis’ aims. One prevalent risk comes with 

providing a recording of the participant’s behaviour to the participant during the interview 

allowing them to distort the truth by presenting their behaviour and ‘thought process’ in the 

best possible light, or to add retrospective information that the participant at the time of 

recording had not considered (Lyle, 2013; Pitkänen, 2015; Stodter & Whitehead, 2024). 

Another limitation, one more linked to this thesis, is that the use of Stimulated Recall comes 

with the specificity of the data collected. There are arguments that Stimulated Recall can have 

too narrow a focus, considering the impact of single moments or snapshots of tasks without 

wider contexts, or to consider alternative perspectives or voices (Nichol & Hall, 2024). Thus, 

Stimulated Recall presents several issues when trying to explore not just what players did but 

eliciting expert processes of using and leveraging knowledge in a range of different contexts. 

There are, however, methods within CTA that facilitate the exploration of alternative 

perspective and narrow temporalities, including some techniques that ask the participant to 

consider alternative contexts to events or possible outcomes if other individuals were in their 

position.While both Think Aloud and Stimulated Recall can be powerful methodologies for 

eliciting expert insights, for the reasons listed above they were determined not to be suitable 

in the context of this study. Thus, attention returns to methods employed within NDM 

research including those within CTA, which focus on elicitation of complex cognitive process 

using either open or semi-structured interview techniques (Brown et al., 2025; Johnston & 

Morrison, 2016). Each interview technique has characteristics or structure that differ them 

from one another, but generally have the expert as the medium for deconstructing a complex 

task into segments which then can be analysed in the context of known cognitive processes 

or mechanisms (Crandall et al., 2006; Swaby et al., 2022). Section 4.4.1 described one 

interview technique designed to elicit decision-making processes of experts within naturalistic 

environments with dynamic conditions and significant time pressures, known as the Critical 

Decision Method (CDM) (Hoffman et al., 1998; Klein et al., 1989). The description of the 

environment closely aligns with the context of esports which is an everchanging game state 

where players are expected to decide on an action in a matter of moments. CDM has been 

used before when exploring the decision-making processes of esports players, as Roose and 

Veinott’s (2020) study used the interview protocol deductively in conjunction with eye-

tracking technology to map visual gaze patterns with distinct decision types, which they 

named the Tracer Method. The strength of this approach was the triangulation of qualitative 

interview data with quantitative visual gaze patterns to conduct a richer analysis of when 

players are sourcing in-game information. However, the use of eye tracking did not consider 

information sourced from non-visual data, including communication from teammates, and 

presents logistical challenges for capturing data in more physical activities like traditional 
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sport, or in environments where access to suitable equipment may be limited. An exploratory 

investigation into the mechanisms of expertise in esports, therefore, can make use of an 

inductive approach to CDM that could be synthesised with more empirical research, but also 

stands independently with its own contributions. 

5.1 Study Aims 

This study aims to investigate the relationship between contextual game knowledge, decision-

making, and expertise specifically within the field of esports, identifying how esports players 

organise information sourced from the game within their cognitive structures and how that 

influences their decision making. It will use the Critical Decision Method (CDM), an existing 

methodology for expert knowledge elicitation linked to the NDM framework, alongside CTA, 

adopting them for the context of games and esports. This exploratory study leverages existing 

understanding of expert decision-making and knowledge, utilising a methodology commonly 

used in other domains, but which has limited presence within the field of esports and video 

gaming. In doing this the study also contributes to supporting the development of experts 

within esports, a challenge highlighted in Pedraza-Ramirez’s (2020) review of esports 

performance research. 

5.2 Method 

5.2.1 Study Design 

CDM is a semi-structured interview technique linked to the NDM framework designed to 

explore the cognitive elements of key decisions made by experts during non-routine or distinct 

incidents (Hoffman & Lintern, 2006). It is one method within the methodological approach 

known as Cognitive Task Analysis (CTA) which focuses on the elicitation and documentation of 

complex cognitive processes through semi-structured interview techniques like CDM (Brown 

et al., 2024). CDM is a multiple-pass event retrospective interview guided by probing 

questions and has been used on experts from a wide range of domains (Hoffman et al., 1998). 

Figure 4 describes a typical CDM interview which follows four key steps: Incident Selection, 

Decision Identification and Ordering, Deepening, and Hypotheticals (Klein et al., 1989; 

Crandall et al., 2006). 
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Figure 4 - The Critical Decision Method Interview protocol from Crandall et al. (2006) 

Incident Selection starts with the interviewer inviting the participant to recall a specific event 

in their past that illustrates non-routine aspects of their domain, or in other words particularly 

stands out to the expert. It is the responsibility of the participant to identify the incidents they 

wish to discuss; the interviewer’s responsibility in Incident Selection is to aid the participant 

if they encounter difficulties recalling a specific incident in addition to ensuring that the 

participant has sufficient recollection of their selected incident. For example, if the participant 

immediately does not have a specific incident, or incidents, in mind, the interviewer will ask 

elicitation questions that are intended to aid the participant in identifying incidents. Often 

incidents presented a unique challenge for the participant that relied on their expertise and 

where someone less experienced would have made different decisions. For this study, 

participants were often told to think of incidents, in this case a competitive match, where their 

skills were tested or where their extensive experience had an impact on specific moments 

during the match. Each incident elicited by the participant undergoes a process of validation, 

where the participant is asked whether they can recall the event in detail, which in the case 

of this study was whether they could remember the match on a round-by-round basis or 

identify landmark moments in chronological order. Finally, if an abundance of incidents is 

elicited and verified the participant is then asked to determine which of the incidents were 

the most challenging.  
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Following Incident Selection, the next step is Ordering, where the participant is asked to recall 

the event from the first instance in which they were involved through to the last instance, 

uninterrupted by the researcher. The researcher in this moment would be responsible for 

constructing a timeline of the event as described to establish a shared awareness between 

the participant and researcher. Once a timeline has been established and agreed upon the 

participant is asked to identify specific key decisions they made during the event, some of 

which may be identified in the construction of the timeline and others after the fact. At this 

point several decision points must be selected to be subject to further probing. Once several 

decision points have been selected, the interviewer asks probing questions about each 

decision point to examine various aspects of the event in and around the instance. Appendix 

A presents the full list of questions asked including the probing questions such as “What were 

you seeing and hearing that helped decide your next action(s)?” and “Were you reminded of 

any previous moment(s) either in this match or another match while managing this particular 

event?” for the Deepening stage of the interview. The final stage of the interview involves 

going over each decision point and presenting hypotheticals including whether a less 

experienced individual would make the same decisions as the participant did by asking 

questions like “In the event that a Novice was in the situation you were in, would they make 

the same decision or do you expect a different decision?”, or if the participant’s response 

would be different if an aspect of the situation were different, such as if an alternative cue or 

additional information was available. 

5.2.2 Participants 

Six expert Team Fortress 2 players were recruited through a combination of community 

forums, social media, and snowball sampling. One consideration that needed to be made in 

the sampling of expert players was to determine by what metric or measurement a potential 

participant could be considered an ‘expert’. One review found that the range in which a 

researcher can identify a participant as an expert is especially broad and can range from 

people competing in local leagues all the way up to only including Olympic-level competitors 

(Swann et al., 2015). In esports research in particular most of the research found in a scoping 

review did not define what was meant by ‘elite’ esport players, but when research did define 

‘elite’ participants they did so under four categories: highest level of competition, professional 

status, in-game achievement, and domain experience (Poulus et al., 2024). Both Swann et al. 

(2015) and Poulus et al. (2024) present frameworks for classifying ‘elites’, the former uses a 

model where definitions are “based on the athletes' highest standard of performance, their 

success at that level, and the amount of experience that they have gained at that level” 

(Swann et al., 2015). Each of these components are then entered into an equation that then 

classifies the participant into one of four categories of ‘elite’. 

For this study however, expertise was classified more in line with Poulus et al.’s (2024) model 

of classifying ‘elite’ esports players. That model proposes a two-step process. First, the 

participant is assessed according to the highest competition that they have competed at, from 
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regional to national and international competition. Next, researchers consider the wider 

contexts of that players participation including their success at that level and duration spent 

at that level. It is acknowledged that the model considers expertise as a continuum until there 

is enough consistency in participant sampling to establish distinct levels of expertise. For this 

study, participants must have competed within one of the unofficial community-run 

competitive leagues above a threshold equivalent to the top 20 percentile of competitive 

players. This threshold is based on the division that they recently competed within these 

competitive leagues, as only players from the top few divisions for each region were included. 

Competitive Team Fortress 2 is rarely delineated by region or nation; thus the community 

leagues and their respective divisions are used as competition standards. This study did not 

apply further contexts as defined in step two of Poulus et al.’s (2024) model, only the 

competition standards defined in step one. Future research should consider adhering to both 

steps when classifying their own participants. 

Participants had a mean estimated playtime of 8397 hours (SD = 4177) with the lowest 

playtime count of 4307 hours and the highest having 13622 hours. Participants were given a 

pseudonym corresponding to their division and playtime. While the participant count of this 

study is low, limitations of which will be discussed later, it is comparative to similar studies 

that utilise semi-structured interviews of experts within a specific domain (Macquet, 2009; 

Macquet & Fleurance, 2007; Schläppi-Lienhard & Hossner, 2015). Additionally, the population 

of expert Team Fortress 2 players is extremely limited with an estimated population size of 

3,000 active participants of the esport at any one time and of those only a small proportion 

are above the criteria for expert, representing the top twenty percentile of competitive 

players. Finally, the CDM methodology is a lengthy interview designed to elicit rich qualitative 

data from experts and thus despite the limited number of participants there is a large body of 

data from which to draw conclusions. 

5.2.3 Team Fortress 2 

Team Fortress 2, commonly abbreviated to TF2, is a class-based first-person shooter released 

by Valve Corporation in 2007. Gameplay focuses on players selecting one of nine characters, 

each with their own weapons and characteristics, broadly defined into one of three roles: 

Offense, Defence, and Support. Teams must complete a series of objectives, depending on the 

game mode, to win. The competitive variant of Team Fortress 2 is entirely community-run and 

moderated, and features custom rules including smaller team sizes, a limited number of 

classes allowed on the field at any one time, and various restrictions on weapons. Typical 

esports play revolves around two teams of six where both teams engage in a ‘tug-of-war’ style 

of play where they must fight over control of five capture points on the map, with a round 

awarded after all five are captured.  
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5.2.4 Procedure 

All interviews were personally conducted by the principal researcher, who has extensive 

experience with Team Fortress 2 with a recorded playtime of 6,050 hours as of the writing of 

this thesis. Interviews were conducted on the Zoom video conferencing platform for an 

estimated 90 to 120 minutes each. Participants completed an informed consent document 

and gave verbal consent prior to recording. While participants were encouraged to use video 

cameras during the call to facilitate discussion, this was optional and only audio from the calls 

was recorded. Interviews followed the four-step CDM process in a semi-structured format. 

Structured questions were prepared for each step with pre-requisite conditions for their use; 

however, the interviewer was able to ask follow-up questions or adjust existing ones in 

response to the participants’ answers. 

5.2.5 Data Analysis 

Audio recordings from the interviews were transcribed verbatim for subsequent data analysis. 

An inductive approach to reflexive thematic analysis was employed, following the six-stage 

approach outlined by Braun and Clarke (2006, 2019, 2023). The inductive approach prioritises 

the generation of themes based on patterns of shared meaning within the data and the 

researcher’s engagement with the text as opposed to the deductive approach in which the 

text is reviewed using an existing list of themes or codes. The principal researcher who 

conducted the interviews familiarised themselves with the transcriptions through a line-by-

line coding process. Context-specific codes were generated, reviewed, then grouped or 

discarded, as necessary. Once verified, these codes were consolidated into initial groups based 

on shared characteristics which were then named and defined. In-keeping with the inductive 

approach, the groups were categorised into distinct themes that collated the important 

considerations participants reported. All coding and theme generation activities were 

conducted through the NVivo 12 software. 

5.2.6 Validation 

The principal researcher conducted all data analyses and interviews. To ensure that the 

research had sufficient rigour, supervisors acted as critical friends that reviewed various 

aspects of the study’s design and development, including the interview questions and 

procedure. The principal researcher was responsible for the data collection and carrying out 

of the interview itself. When data collection was complete and data analysis was being 

conducted, preliminary reports on each of the steps of the inductive approach to the thematic 

analysis were reviewed by supervisors to ensure that the process was being followed 

according to Braun and Clarke’s guidelines (2006, 2019, 2023). The generation of themes and 

initial interpretations were conducted by the principal researcher, with the supervisory team 

critically evaluating the initial data analysis, verifying that the process was correctly followed, 

and making recommendations for the refinement of the themes and the interpretation 

presented in this study. 
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5.3 Results 

As this study was coded through an inductive approach to reflexive thematic analysis, the 

themes were generated through an iterative process in which codes were created to highlight 

commonalities between participants, and these were then grouped into themes. While there 

was a broad range of specific granular factors that participants reported, there were five 

distinct considerations players reported making during play. Participant quotes have been 

edited from the raw transcript to enhance readability, such as eliminating stutters or pauses. 

5.3.1 Distinct Sequences of Play 

One of the most prevalent themes reported by participants was that in competitive Team 

Fortress 2 the flow of play was clearly delineated into distinct sequences. For instance, many 

participants used the term ‘hold’ to refer to a whole-team action where players focused on 

maintaining a fixed position on the map to defend against any incoming enemies. These 

sequences feature a typical set of actions expected for a team or individual to do, such as 

taking positioning deemed as minimal risk to avoid being put into a disadvantageous situation. 

“I mean there's not a lot of reasons to not forward hold, you could just play passive 

and stand on mid, but you’d probably get an extra couple of seconds doing a 

forward hold. If you are forward holding and getting rolled you probably should 

just play passive, play on the point-ish and just take standard positioning.” 

(Participant D13622) 

These sequences of gameplay occurred regularly throughout matches and often participants 

described having a standardised set of actions for them or, as some described it, a ‘default 

play.’ These plays act as a baseline response to the emergent situation that players can focus 

on either executing in the most optimal manner, or actioning alternative sequences based on 

the unique characteristics of the situation. Such plays are even baked into the collective 

consciousness of competitive Team Fortress 2 players as it was reported that even non-expert 

players are expected to conduct a default play. 

“There's just less coordination, and they don’t understand - they might not 

understand what their role in the forward hold is well, right? They might not have 

that talk with their team like “oh, soldiers play here, scout I want you there, demo 

I want you trapping this door” but as you play more and more you kind of get that 

default strategy in your head like ‘this is what people do, this is what I generally 

need to do in this situation’” (Participant D13622). 

These distinct sequences of gameplay often had an expected or intended outcome, and that 

could be used to rapidly evaluate whether the team or individual has the advantage at the 

end of the sequence which then acts as a clear cue for determining the next sequence of 

actions. Outcomes of these sequences could include capturing objectives or killing high value 

targets on the opposing team. Such outcomes would put the team in an advantageous state 
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over the opposition and put them in a position where they can conduct higher-reward actions 

such as winning a round or capturing multiple objectives in succession. 

“It’s like a default play. It’s the most clear cut advantage that you can get is killing 

the Medic or forcing the uber and so it’s very common for low level players that I 

review even in fights where an Ubercharge isn't relevant, they still try and kill the 

Medic because ‘it's the Medic!’ it’s the big target like - ‘my team has a medic and 

their's doesn't so - so we win’” (Participant AD7800) 

Alongside these standardised responses to a situation, there were unconventional or 

alternative strategies or actions participants reported taking. These occurred at a lower 

frequency than the default plays, but these unconventional plays acted as ways of challenging 

the opponent’s baseline response in a way that is unforeseen or limits the potential outcomes 

of the opponent’s default play. Some participants reported that the unconventional plays they 

used were explicitly planned beforehand, either before the action in question or even before 

the match entirely, and others were purely reactive and opportunistic in response to a flaw in 

the opponent's strategy or execution of a play. 

“I would say that as a medic player, some people call me a troll. I say I am very 

creative and that comes with knowing what game play and game style the other 

team wants to do all the time and knowing how they play. You can do things that 

any other time of the game would be considered trolling. But in the moment, 

because you know that somebody has low health, you can, you know, go for a silly 

bow on them or you can run into a certain position because you know that players 

are going to come to you and it makes space for the rest of your team.” (Participant 

P6690) 

“Never in a match, I think we had scrimmed it once or twice, but we didn’t want 

to be known for that obviously. So we made sure and nobody’s ever gonna scrim 

you again if you do that in a scrim but we did it once with scrim partners that we 

were close with and we were like ‘we’re gonna try this for one round and we’re 

sorry, don’t tell anybody, you’re welcome to use it if you want’ and we did and they 

were just - they were so mad and it worked so well.” (Participant IMP4307) 

The balance between conventional default plays and unconventional plays creates a dynamic 

where on the one hand, players are focused on optimising their standard strategies to have a 

routine response that is relatively low risk with moderate reward, while on the other, there 

are players who seek out opportunities to exploit flaws in those strategies using 

unconventional plays. All these plays and actions are broken into small sequences of gameplay 

with rapid feedback on their success from which quick adaptations to strategy and execution 

are possible. 
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5.3.2 Self-Evaluation and Playstyle 

Participants exhibited a degree of reflexive thinking during play, where players would engage 

in regular self-assessment of their in-game performance and their performance in recent 

results. The intent was to identify errors in their gameplay or judgement, make adaptations, 

and to establish or refine long-term strategies for the match. 

“We kind of drag it back because we realise in that first round that when they were 

trying to get the point they just bait the point from the corner, they never do 

anything else, they never trade ubers, they never run into us and try to get frags, 

they just kind of sit in that corner and bait cap. The next few rounds we’re able to 

just pressure that corner when they are trying to bait the cap and were just 

spamming it with rockets and stickies and basically, we ride that momentum.” 

(Participant D13622)  

Their adaptations during play often were responsive to the demands of the match and often 

focused on alterations based on specific actions or behaviours of teammates or opponents. 

Sometimes these could be specific behaviours, such as playing in a certain position as in 

Participant X's reference to ‘baiting the point from the corner,’ whereas other times the 

adaptations were in response to a collection of behaviours or characteristics often defined as 

one’s ‘playstyle.’ 

“Hard to tell, but it really depends on playstyle of the player, like if he's more 

aggressive and they would realise that they can go for the Medic there than I think 

yes, if not I think they would just leave.” (Participant P4553) 

Characteristics like ‘aggressive’ or ‘passive’ would be used by participants to categorise a set 

of actions that could be attributed to one’s playstyle or action. Typically, high-risk actions that 

require instigating or initiating engagements with the opponent are seen as more aggressive 

whereas low-risk actions that require the opponent to initiate often are considered more 

passive. Many of these playstyles would have their own standardised responses to them, 

much like the default plays, to draw out the weaknesses of the opponent’s playstyle and 

reinforce the strength of their own.  

“I guess you could call it normal TF2 if you want to call it that and then I was like 

‘let’s play like super passive just let them come into us and they are feeding into us 

just let them kill themselves on us and then we’ll deal with that after’ and it 

seemed to work really well. But I decided after the end of the first half we had to 

play more passively than realise what they were doing on the midfight and told 

the demo.” (Participant AD13415) 

Participants reported having preferred ways of playing, with some preferring to play more 

unconventionally, and others opting for safer strategies. However, the emergent scenario was 
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the largest factor that contributed to a player’s overall playstyle. A player would not opt for 

an aggressive action if the situation necessitated a passive response, and vice versa. Where 

an individual’s choice was more influential on one’s overall decision-making was when the 

situation itself was more ambiguous or where there was not a standardised method of playing 

that situation. 

5.3.3 Player Role and Value 

Participants frequently discussed the strategic importance of specific characters during 

gameplay. For example, the Medic class in Team Fortress 2 is the only one that can reliably 

heal other teammates and possesses an ultimate ability that grants invulnerability to them 

and their healing target. Consequently, eliminating the enemy Medic and protecting one’s 

own becomes a primary objective that dictates a large amount of the distinct actions taken. 

This environment creates a dynamic where certain players’ lives hold inherently greater value 

than others. 

“So, the goal of the counter [sacrifice] is to: number one is to kill the Medic, 

number two is to kill the Demo or another player and at that point if as long as you 

have a one-man advantage you can pretty much infinitely sac. So, the goal of the 

counter sac is to create an advantage, and I guess at the point where I’m behind 

the advantage is I’m behind them and I can theoretically come from anywhere.” 

(Participant AD7800) 

The difference in value between characters and their associated capabilities results in 

predetermined roles for players even before a match even starts. Specific characters have 

expectations that they would fulfil designated tasks within the broader team dynamic. 

Individual player actions were influenced by their chosen characters and designated role, as 

each one possesses unique in-game mechanics that facilitate or hinder certain tasks. While 

there were expectations for each member of the team, and a specific role for them to fulfil, 

there is flexibility for individuals to demonstrate their independent agency if the emergent 

situation is favourable for them. 

“I should have probably went back to help my team maybe block second or meet 

up with my medic because I'm playing the pocket scout role. But I knew that in 

order to win and to maximise our chances of winning, I need to create some sort 

of advantage for my team. And I felt like I was doing well mechanically. That game 

like well enough that I can go for something more risky to create an advantage for 

my team.” (Participant P4553) 

The player’s role in a team often gave them the specific tasks that they would need to 

complete in any default play, such as positioning, priority targets, and sequence of actions. 

Opportunistic or unconventional plays, on the other hand, were available to all players 
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although there were roles such as the Medic in which doing high-risk plays were often 

frowned upon by others due to the high value of that character. 

“I think that the vast majority of medics when they learn the game that it's taught 

to be a lot more black and white and playing safer, always being able to reset and 

live and take your team to the next fight. You know, I think I actually have never 

known a medic to tell me or teach anyone that I know that you should go for 

aggressive plays like that.” (Participant P6690) 

In short, even before a match is underway, each character selected during the game has a pre-

defined role and a set of expectations they must fulfil within both default and unconventional 

plays. While every player in the team can do an unconventional play, there are some roles 

with inherently higher value like the Medic where the risk attached to unconventional plays 

are too great. However, there are some roles with less value where their death is less impactful 

on the team’s success if they are unsuccessful, meaning they are more likely and are in fact 

expected to engage in risky and unconventional behaviour. The assignment of roles provides 

constraints that limit what actions a player can and should take, which in turn impacts what 

decisions a player can make during play. 

5.3.4 Means of Execution 

Participants discussed that formulating a strategy and determining the means of executing 

that strategy were interconnected but had varied factors contributing to them. Often the 

default play would be the chosen strategy or action sequence but could only be enacted under 

specific conditions. Thus, players actively seek to create these conditions during play, often by 

surprising opponents with unconventional plays or fighting them in advantageous 

environments.  

“I was kind of hesitant to push back because I knew it would be hard, but I think 

my medic called to go for it because we have to. And luckily, they were really 

caught off guard with it. Their positioning was really poor, and they were 

unprepared for it. So, they died one by one.” (Participant P4553) 

Additionally, participants noted that the execution of some actions were completely 

impromptu without prior strategic planning, executed simply because the situation 

necessitated it. Although a considerable number of matches discussed in the interviews 

focused on the skilful execution of tactical plans, the dynamic nature of real-time gameplay 

frequently required reflexive adaptations to unforeseen circumstances. 

“The passive holding is something that we kind of started doing very often in 

scrims as because of what we encountered and the experiences we had. But 

pushing back was something that we basically never really done in that way. It was 
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kind of in the moment where we felt like we could probably do it.” (Participant 

P4553) 

Enacting a specific play, even a standardised one, often required a rapid assessment of the 

current situation to identify whether the conditions were suitable for it. If the conditions were 

not suitable, players would then opt for the next best available option. Instead of evaluating 

every action simultaneously, the priority was determining a suitable option as quickly as 

possible, even if it was not the most optimal one. 

“So if you want to start a forward hold you need all your spam classes alive, you 

could maybe wing it without a soldier but you’re just adding a lot of unnecessary 

risk I’d say, that's probably a team thing - but I would recommend you need all your 

spam classes and you only really wanna forward hold if you’ve pretty much wiped 

them or you’ve pushed them back into spawn and only really forward hold if you’re 

like one scout down in like perfectly optimal situations.” (Participant D13622) 

The participant above describes some conditions that must be met if they wanted to engage 

in a specific collective team action, where the use of in-game information can prompt 

individuals to exhibit certain behaviours. If those conditions are met, then the action was 

selected otherwise another appropriate action was chosen instead. 

5.3.5 Extraludic Factors 

While most of the factors affecting a player’s decision-making focused on the in-game 

contexts, there were instances where players reported factors external to the game in 

question having an impact on their strategy. One such example was the deliberate attempt at 

negatively impacting the opponent’s mental state through trash talking and unconventional 

strategies: 

“Y'know, cause everyone’s getting quite agitated with just these two and a half 

minutes of us being the one supposed to be making a play and absolutely nothing 

happening. No risks taken, just sitting there typing at them. You know, it sounds so 

silly, but sometimes to break this when teams are very organised, you must play 

that kind of mental side of it.” (Participant P6690) 

With this example, the rationale given was that their opponents were considered the best in 

their division and the participant’s team was considered the underdogs. This expectation of 

losing against this team created an external pressure where they were encouraged to think of 

alternative, underhanded, tactics to influence their opponent’s decision-making or mental 

state. The wider contexts in which a match was situated had notable contributions to the 

approach players took to the earlier stages of their matches, where direct feedback on their 

match performance was unavailable. 
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“Because going into the match we have unfavourable circumstances, we were 

undoubtedly the underdogs even with our full main roster we were still massive 

underdogs cause we were originally a lower division team and we got moved up 

so we weren’t favourites to win many games if any, y’know? The opponents 

basically said in the pre-game that they feared nobody which is a very admirable 

attitude from them but because they kind of underestimated us there we were 

basically able to conduct getting a win on them.” (Participant D13622) 

On the other side of the match, as the game nears its conclusion some participants reported 

a growing level of stress that caused them to second-guess their actions or to opt for higher 

risk or safer plays, depending on whether they were in the lead. While the cause of the stress 

was the game itself, this external pressure being forced upon them caused some players to 

adjust their thinking. 

“So, it came down to two and a half minutes at the end, yep. This was a really, 

really intense one for us because we were two and a half minutes left in the map, 

3-2 up against the division winners. So, this is when the confidence was gone, we 

were just sweating. It was, you know, ‘how do we not lose this?’ Perhaps that's 

what people always do. And there's a famous call that everyone says, when you're 

in this position, "don't go to mid, don't go to mid". Everybody knows it and 

obviously we said that I was actually half committing to that. You know, I did not 

really want to go into mid fully because the biggest risk there is - if you lose your 

medic on mid and they don't lose theirs, then you end up on [Ubercharge 

Disadvantage on the Last Point] And that is the worst thing you want in the game 

when it's coming down to this kind of crunch point, you just want to slow down 

the clock as much as possible.” (Participant P6690) 

The contexts and stakes going into a match have a significant impact on a player’s early 

approach to the game, and the state of the game in the closing moments can create this 

external pressure on them as well. The role of emotion and stress is inextricably linked to one’s 

ability to make reasoned judgements and effective decisions during a match, although 

knowledge of this effect is also something players can leverage against their opponents 

through mental games such as trash talking and unconventional strategies, or by predicting 

player action due to the wider stakes or contexts of the match. 

5.3.6 Decision Temporality 

One final consideration raised in participant interviews was that it was reported that some 

decisions were made at a more granular level as a direct response to small alterations in the 

situation, and others were being made at a wider scale where a strategy is formed over a 

series of defined sequences or across an entire match. 
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“I would say that at least the way I describe decision-making in TF2 is macro and 

micro decisions. Where the macro ones will be you have time to call a full play 

before, and so you know, it might only take you five seconds. It can be as simple 

as, you know, "[Teammate A and B push this location, Teammate C hold this area],” 

something like that. You know, it's quite succinct, but that will be a kind of macro 

call, understanding what the players are doing there and a micro call would have 

been say, you know, when you're bombing and there's a demo and their med next 

to each other, do you shoot the demo? Do you shoot the medic? That kind of thing. 

You know, it's much more instant split-second.” (Participant P6690) 

During play, there are often in which a decision must be instinctual and responsive to, or take 

opportunity of, an emergent game state. In other cases, there is more time to engage in 

planning and deliberative decision-making processes. What players are reporting here is that 

decisions take place at various levels of temporality and that is demarcated by the amount of 

preparation time they have had before enacting it. 

5.4 Discussion 

The aim of this study was to investigate the relationship between contextual game knowledge, 

decision-making, and expertise within competitive Team Fortress 2. Using the NDM 

framework as the theoretical underpinning and the CDM interview methodology, this study 

created an exploratory understanding of the considerations expert players make during play. 

It is important to acknowledge that the findings of these studies are considered exploratory, 

especially since this study marks an early application of CDM in the domain of esports and 

gaming investigating the roles of contextual game knowledge for expert decision-making. 

Participants report that the game as experienced takes place within recurring and distinct 

sequences of play, from which they have established standardised sets of actions which they 

use as a baseline reaction to the emergent scenario. To enact one of these so-called default 

plays it is suggested that there is a rapid assessment of established cues to determine whether 

the current conditions are suitable for a specific sequence of action. Since experts’ decision-

making ability is significantly impacted when presented with ill-structured problems (Bonny & 

Castaneda, 2016; Devine & Kozlowski, 1995; Magnaguagno et al., 2022; Magnaguagno & 

Hossner, 2020), being able to mentally structure a situation in a way where an expert can 

rapidly recognise distinctive cues can aid in identifying sufficient courses of action (Johnston 

& Morrison, 2016; Morrison et al., 2013). This phenomenon shares a lot of similarities with 

the Recognition-Primed Decision (RPD) model, in which an individual will experience a 

situation, analyse whether it is like previous experiences, create a mental simulation of action, 

and predict whether it would work (Klein, 1993). Once a sufficient action, not necessarily one 

that is optimal, has been identified that action would then be implemented (Klein, 2008; Ross 

et al., 2003). The RPD model has been used in comparative domains such as traditional sport 

and has been found to be effective at highlighting the importance of intuition in expert 

athletes (Bossard et al., 2022). As a similar phenomenon has been observed here, there is 
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indicative evidence that the RPD model may be applicable to other games within esports 

although further research into this is recommended.  

In Team Fortress 2 specifically, players report certain roles exhibit comparative advantage 

against other characters. Another key finding participants reported was that a player’s actions 

were highly influenced by their allocated role and the inherent value it has for the overall 

success of the match, with higher value players less inclined to make risky plays and vice versa. 

By selecting a role prior to the game, the team create a shared understanding of what 

everyone is responsible for, and this constrains the type of actions that each player needs to 

analyse. Elements of shared understanding, such as the characteristics and functioning of 

teammates, helps contribute to a team’s performance through understanding of the task that 

needs to be accomplished and how each team member contributes to it (Bourbousson et al., 

2011). At an individual level, pre-defined roles and responsibilities are tangible concepts that 

experts could use as sources of declarative knowledge to build into their already extensive 

knowledge base, which is important as that contributes to better recall performance (Williams 

& Davids, 1995). Beyond individual roles and their associated worth, it is suggested from how 

players discussed their performance mid-game that they frequently engage in self-evaluation, 

assessing their own and their team’s actions within the current match in addition to their 

historical performance. This evaluative process allows players to adapt their individual 

playstyles to meet the current demands of the match by addressing weaknesses in their 

broader strategies. While this is a self-explanatory phenomenon where players adapt and 

change tactics in response to the behaviour of opponents, the cognitive processes of this are 

unknown within games and esports. Strategy and tactics are crucial to traditional sports, and 

by extension esports, as they “define the intentions of the players and set the boundaries that 

define the defensive and offensive actions of the player” (Buekers et al., 2020). One such tactic 

participants highlighted was actively creating the conditions for enacting a specific action, 

often taking opportunities to catch the opponent off guard to do so. While understanding 

what to do is a vital component of decision-making, primarily moderated via declarative 

knowledge, another key consideration is how to do a specific action which is moderated 

through procedural knowledge (Shadbolt & Smart, 2015). 

There was also specific reference by participants about the different temporalities that 

decisions were being made within, with some as a direct response to small alterations in the 

situation, and where others involved more deliberation and focused on a wider sequence of 

play, all the way to strategies that took place across an entire match. Examining human 

behaviour at various levels of complexity is not a novel concept. Moran et al. (2019) for 

example recommended taking inspiration from Marr (2010) in adopting a levels of analysis 

approach to better differentiate between different explanations for expert performance and 

that expertise research should engage at different levels: from neurobiological interactions, 

to cognitive representations, all the way to the wider socio-cultural impact of expertise. 

Additionally, one could evaluate human behaviour at various timescales, like Newell’s (1994) 

time scale of human action ranging from the neural scale of <1-10ms all the way to the social 
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scale of days-months. In a preliminary and exploratory analysis of this consideration, we can 

adopt a level of analysis approach to the gameplay experience detailed in Figure 5, named the 

Meta/Macro/Microgame Model. 

 

Figure 5- The Meta/Macro/Microgame Model 

During gameplay, players appear to draw on several cues simultaneously often distinguishing 

between those that are relevant and those that are not (Johnston & Morrison, 2016). Some 

cues are relevant to the immediate situation and others are only important when considering 

the larger contexts of the match; when such cues are relevant depends on the type of decision 

that is being made. The Metagame is the highest level in which one can evaluate the game 

state, considering it from a holistic perspective that can transcend any single match and 

includes extraludic factors such as the interpersonal relationships of the opposing team and 

the stakes of the match being played. The Macrogame encompasses the distinct segments of 

gameplay, such as chunks of recurring gameplay where players can consciously plan future 

actions and methods of execution. The findings from this study would theoretically contribute 

to this level of analysis by examining the specific cues and knowledge being used to make or 

action established plans. Finally, there is the Microgame which represents the most granular 

level of gameplay where decision-making can occur, with moment-to-moment manipulations 

of play with the intent of achieving desired outcomes. While these levels are distinct, they 

often overlap in real-time, with decisions influenced by multiple levels simultaneously. For 

example, a team's overall aggressive Metagame strategy might shift to a passive Macrogame 

approach due to early losses, while a specific Microgame fight within that match might require 

aggressive actions due to favourable circumstances. This framework helps analyse how 

different components of knowledge and decision-making operate at each level. 

5.4.1 Limitations 

This study marks an early application of CDM in the domain of esports and gaming 

investigating the roles of contextual game knowledge for expert decision-making. However, 

the fact that this methodology has not been commonly applied within this domain coupled 
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with this study exploring a game not often used in esports research, means that this is an 

exploratory investigation from which all findings should be considered preliminary. While 

there are studies such as Roose and Veinott’s (2020) that demonstrate the potential of CDM 

as a method and NDM as a theoretical framework within the field of esports and gaming, 

further research is necessary to identify its appropriateness in relation to similar 

methodologies. As Klein et al. (1989) acknowledged in their original proposition of CDM, a key 

limitation is that the interview protocol relies on verbal reporting and much like other similar 

methods of interview, especially those that are retrospective, cannot be considered an 

objective depiction of the participant’s cognition. They can, for instance, misremember the 

event or their decision-making at the time which in turn can manipulate the data that can 

then prove difficult for the researcher to verify. One mitigation to this is to conduct the CDM 

interview immediately after the play session while the participant’s decision-making is fresh 

in the mind, like how Roose and Veinott (2020) conducted their study. Alternatively, one could 

employ different verbal reporting methods such as Stimulated Recall or Think Aloud to provide 

recordings as a memory aid or to have participants vocalise their decision-making live, 

respectively (Section 5.0). Although, every verbal reporting method comes with their own 

limitations: 

“Each type of data collection method has its own limitations and potential biases. 

Rather than pretending that a perfect method can be developed, it is preferable to 

try to understand the biases that are possible and work to reduce these. For 

example, we have designed the CDM procedures to minimize sources of bias by 

asking for initial uninterrupted incident descriptions and refraining from directly 

asking why certain actions were taken” (Klein, 1989, p. 471). 

Beyond the selection of CDM, there were further methodological limitations to the study as 

conducted. The first of these was the research population used, that being expert competitive 

Team Fortress 2 players. This was a particularly small population which in turn resulted in a 

limited sample size that creates difficulties in generalising the resulting findings outside of this 

specific game and community. Generalisability of the study findings is less commonly 

discussed in qualitative research, yet there are strategies that researchers can employ to 

improve it including: writing clear prose that hedges the findings to consider them indicative 

or preliminary, considering alternative generalisation methods such as generalising the theory 

versus the population, or focusing contributions away from findings requiring generalisability 

as a test of reliability (Smith, 2018). This study, and the wider thesis, hedges the findings by 

explaining that they are indicative and further research is necessary. Future research wishing 

to use CDM or any other CTA methodology for more generalisable findings should seek to use 

larger populations in games with a larger player base. The benefit of using Team Fortress 2 in 

this study versus a more popular game was the unique positionality of the researcher which 

afforded greater access to expert participants through connections and significant reach 

within that community (Section 4.3 and 4.3.1). As acknowledged when discussing 

positionality, having insider experience with the game can result in a researcher that has 
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implicit biases. When conducting a thematic analysis, particularly an inductive approach like 

the one conducted in this study, it is important that the researcher engage in a constant 

reflexive process of challenging their own biases and assumptions, including their own 

positionality with the subject matter (Ahmed et al., 2025). While the supervisory team acted 

as critical friends during the generation and interpretation of themes and efforts were made 

to challenge biases and assumptions, it is important to acknowledge that there is a level of 

subjectivity to the thematic analysis. The last population-related limitation is regarding the 

definition of expertise used in this study, while this study aligns with Poulus et al.’s (2014) 

model of defining expertise based on highest competition competed at and wider contexts, 

this study did not, as they recommend, consider success at the competition level and duration 

spent at that level. So long as the player was above their threshold, they were eligible. A more 

granular definition of expertise would have better delineated the opinions between successful 

experts. 

Finally, it should be acknowledged that while CDM was the selected methodology for this 

study and was determined to be the most appropriate methodology for eliciting expert 

knowledge, there may be methods both within CTA and outside of it that could have been 

better suited. CDM is most effective when asking for experts to recall non-typical situations or 

ones that were particularly memorable, to identify how experts make decisions when the 

situation is abnormal. In this study, participants were asked to identity a match that was 

particularly notable which for some was one of their most recent matches, which may not be 

an atypical experience. Additionally, using CDM to understand the commonalities and typical 

behaviours of experts is not optimal if the goal of CDM is to identify atypical experiences. One 

alternative method that might be suitable could be Applied Cognitive Task Analysis (ACTA) 

which is a more streamlined, three-stage interview technique that explores the task at a 

higher level, surveys the aspects of expertise needed for a task, and probes those aspects in 

distinct examples within the domain and considers how inexperienced people may struggle 

(Brown et al., 2025; Militello & Hutton, 1998). Further application of NDM methodologies, 

including those seen in CTA, in esports and gaming is thoroughly recommended. 

5.5 Chapter Summary 

This study has identified several considerations that expert Team Fortress 2 players used for 

decision-making, including knowledge cues. Utilising the NDM framework and applying the 

CDM as the methodology, the study suggests that that decision-making within expert play in 

Team Fortress 2 is influenced by a complex interplay of various components including the 

segmentation of distinct sequences of play, predetermined roles and inherent value compared 

against other players, pre-defined ‘templates’ of default actions to follow and determine 

opportunities for adaptations, identification of opportunities to create advantages or 

impromptu actions, and extraludic factors like mentally unnerving your opponent. These 

components exist in a cyclical structure of refinement and self-evaluation, where outcomes of 

actions are used to identify fallacies in judgement or mechanical ability. Additionally, a ‘levels 
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of analysis’ method for understanding decision-making and contextual game knowledge was 

proposed which delineated gameplay into three distinct levels. The Metagame encompasses 

all high-level thinking across an entire game as well as factors transcending any single match. 

The Macrogame covers distinct sequences of gameplay where players can consciously plan 

and anticipate future actions, and the Microgame focuses on the most granular segment of 

gameplay where minor manipulations of strategy can occur and where execution of actions 

take place. 

The application of CDM in games and the findings from this study present several avenues for 

future research, centred on the establishment and development of expertise research in the 

domain of esports. While there are components that can be generalised across domains, it is 

important to acknowledge that each domain is different and thus expertise, how it develops, 

and how it exhibits in skilled performance is also different. These findings also present 

opportunities for practical application, namely by esports coaches and players. The reported 

demarcation of play into distinct segments and pre-defined ‘templates’ of default actions that 

players can enact in familiar situations, for instance, is a phenomenon that could be used by 

those interested in the optimisation of players. Development of training strategies that focus 

on specific segments of gameplay, possibly highlighted by telemetric or performance data to 

be weak points, can be aided if there is evidence that similar findings can be found in other 

games within the first-person shooter genre, or perhaps between other genres in games and 

esports as well. Since these findings are currently exclusive to Team Fortress 2, they will need 

validation through the application of CDM, other CTA methodologies, and the investigation of 

knowledge sources in different games within the first-person shooter genre in addition to 

other esports genres including MOBAs and Sports Games. In addition, a ‘levels of analysis’ 

system could be considered in esports to differentiate between explanations of expert 

performance within the domain and ensure consistency in communication. 

The structured nature of CDM provides a clear process that researchers can used to develop 

an understanding of how decisions are made and how actions are selected within a specific 

domain. By focusing on a small number of key decision points in one or two incidents, the 

researcher can ask deepening questions that generate insights into an expert’s knowledge 

structure or decision-making through innocuous or inconsequential cues or actions, at least 

in the eyes of the expert. When evaluating expertise, it may be useful to focus not on an 

expert’s broader knowledge and understanding of their domain, or their general cognitive 

skills, but instead to evaluate their reactions or behaviours to specific events or moments 

within a domain task. To take Team Fortress 2 as an example, it might be effective to evaluate 

a small segment of gameplay in greater detail than to evaluate broader trends in behaviour 

across a whole match, or multiple matches. Considering the practical applications of CDM 

within esports teams or organisations, a structured method of discussing specific moments 

from a recent match with a player could be an effective tool in understanding the rationale 

behind their decision-making, which in turn could improve the coaching staff’s ability to 

identify future development needs or weaknesses in their performance. This study represents 
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one part of the convergent parallel MMR paradigm in which this qualitative study’s findings 

will triangulate with the next chapter’s notational analysis, a quantitative performance 

analysis technique grounded in sports science research to analyse player behaviour within 

Team Fortress 2. Among providing its own independent findings, the triangulation and 

synthesis of these findings will allow for a richer analysis of what was discussed in this chapter 

using the quantitative data to provide further context and corroborate or diverge from what 

esports players reported doing. 
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6 Study Two: Tracing expert knowledge and decision-making 

through notational analysis of gameplay 

Decision-making in traditional sports and esports is influenced by contextual factors. 

Contextual factors correspond to elements of play that are match-specific including the 

number of players during play, the current scoreline, and game advantages (Levi & Jackson, 

2018; Schläppi-Lienhard & Hossner, 2015). Experienced players recognise and make use of 

these contexts to create cues to guide their anticipation and decision-making processes 

(Gredin et al., 2019). Research within the field of NDM has found that these contextual factors 

have a significant impact on one’s decision-making during play (Levi & Jackson, 2018). 

Macquet and Kragba (2015) show that elite basketball players evaluate a range of contextual 

factors like the positioning and actions of opponent and teammates. Similarly, in badminton 

the current game state impacted the decision of the athlete to try and finish a point, as they 

only made actions to win a point when the situation was in their favour (Macquet & Fleurance, 

2007). These notions of capitalising on advantageous states or creating game states are 

observed in other sports including football and rugby, which highlights their general value in 

decision-making across sports (Cunningham et al., 2023; Iuliano et al., 2023; Johnston & 

Morrison, 2016). In esports, evaluation of advantageous contexts focuses on the use of 

metrics and factors that contribute to winning, via the development of ‘win probability’ 

estimation models (Choi et al., 2023; Hodge et al., 2021; Kadan et al., 2018; D. Wang, 2025; 

Xenopoulos et al., 2022). The nature of the advantages will differ between games, yet 

throughout these titles having advantages over opponents often contributes to successful 

match outcomes (D. Wang, 2025; Xenopoulos et al., 2022).  While these models prove 

valuable to understanding contributions to win probabilities, they do little to investigate the 

mechanisms behind why players make certain decisions or connect certain behaviours to 

specific match contexts. Studying the behaviour of expert players in response to contextual 

factors can help not only the practitioners within the sport or game but also can contribute to 

a wider understanding of how skilled performance is expressed across domains in relation to 

the use of contextual information in time-pressured decision-making.  

The competitive variant of Team Fortress 2 is a particularly interesting medium to study the 

impact that contextual factors have on a player’s behaviour. Standard competitive play 

involves complex team dynamics and a ‘tug-of-war’ style of play which results in constantly 

shifting but distinct game states, as players capture five objectives across a symmetrical play 

area. A unique characteristic of competitive Team Fortress 2 is also the existence of the 

‘Ubercharge’. Many esport games feature different characters, all of which have their own 

abilities and traits, sometimes including an ‘Ultimate Ability.’ In Team Fortress 2 the only 

ultimate ability is held by the ‘Medic’, whose primary role is healing their teammates and who 

is the most reliable and effective source of healing in the game. Unlike other esports titles, 

progression of this ultimate ability only happens when the Medic is actively healing 

teammates and does not persist after death. This sets up an interesting dynamic in 
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competitive Team Fortress 2 play, where there are two key advantages teams play for: having 

more players alive on the field than the opponents, otherwise known as ‘Player Advantage’; 

and having, or being closer to having, Ubercharge than the opposing Medic which is known 

as having ‘Ubercharge Advantage’. As advantageous states in esports have been found to 

contribute to the overall match outcomes and a key source of influence on athlete’s decision-

making in traditional sports, these two clear advantages are strong contextual factors that 

could influence decision-making during play. Since being in advantageous game contexts such 

as winning in the match broadly contributes to match outcomes and is a major influence on 

decision-making, the first research question focuses on whether a similar phenomenon can 

be observed in esports, whether advantageous game contexts such as player or Ubercharge 

advantage can predict the efficacy of player and team actions. Not the long-term match 

outcomes but instead the efficacy and accuracy of specific actions or behaviours in the 

instance of that advantage. In competitive Team Fortress 2 this can be plainly asked as “does 

having an Ubercharge or Player Advantage make specific actions more or less effective?”  

An individual’s behaviour can change based on the context of the match, so while the first 

research question focuses on understanding the efficacy of actions during advantageous 

contexts or “which actions are more effective when teams have advantage?” another area of 

interest is which actions occur more or less frequently in such advantageous vs. 

disadvantageous contexts regardless of their efficacy. As an example, in games where player 

death is significant, individuals may exhibit risk-averse behaviours, heighten one’s personal 

investment in the game, and even effect the social interactions between players. This is 

because of the post-death impact which in some games could be the re-collecting of items, 

and in others could make the future game state more difficult for the player or for others 

(Carter et al., 2013). With the existence of a ‘Keystone’ player in the Medic in competitive 

Team Fortress 2, it may be likely that actions that threaten the Medic’s life beyond an 

acceptable level may be avoided, or that players opt for high-risk actions to take out the 

opposing Medic for that Ubercharge advantage. Those actions deemed high-risk and high 

reward in certain advantageous states may also generally be riskier or difficult to successfully 

pull off regardless of the game state, which may dissuade players from conducting them in 

certain conditions. Alternatively, video game players that believe they have a ‘hot hand’, a 

term in basketball where players who are on a scoring streak have greater confidence they 

will score on their next shot, may opt for more risky behaviours or actions with the belief that 

they will be successful (G. Smith, 2003; P. Williams et al., 2011). While there have been studies 

that explore quantifying player action into performance scores within esports, there is limited 

research that evaluates the efficacy of a specific action in terms of its immediate outcomes as 

opposed to the overall contribution to game outcome or match performance (Demediuk et 

al., 2021; Jang et al., 2022; Praça et al., 2023). So, exploring the efficacy rates of specific actions 

at both an individual and team level within the context of the action itself as opposed to long-

term impact on match outcomes may provide insights that are specific to the action itself, 
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when it is more appropriate to opt for a riskier or aggressive strategy compared to a defensive 

or conservative one. 

As discussed above, one approach to evaluating player behaviour is to evaluate the prevalence 

of certain actions in response to various situations such as when one team is in advantage or 

not. The other angle is to review whether contexts like location on the game map or objective-

based game states influence the frequency of certain actions. Broader game conditions like 

the score or objective-relevant information can have a significant impact on the behaviour of 

both traditional sport athletes and esports players alike (Levi & Jackson, 2018; López-Serrano 

et al., 2022; Novak et al., 2020; Praça et al., 2025; Redwood-Brown et al., 2019). Distinct game 

states based on score line or objectives are prevalent throughout esports, with games like 

Counter Strike 2 (Valve Corporation, 2023), for example, being based on a fixed game state or 

‘round’ that is constantly repeated of which teams need to win at least 13 to win a match; or 

Rocket League which shares similarities with ball sports like Football in which the objective is 

simply to get the ball in the opposing team’s net to score a point. Even in games that have 

more nebulous game states like MOBAs, where the win condition is just to defeat the 

opponent’s base, key objectives such as Tower or Inhibitors in League of Legends can reflect 

the overall game state and be used to identify performance outcomes (Novak et al., 2020; 

Smithies et al., 2021). Even the location of a player, opponent(s), or ball influences the types 

of behaviour one exhibits, something that has been observed across a range of sports in 

positional analysis research (Franks & Hughes, 2004; Hughes & Franks, 2004). As an example, 

a football player may not opt for shooting for the opponent’s goal when sitting in their own 

half of the field as there is a ‘time and place’ for doing that, so certain behaviours become 

prevalent depending on the location of the ball or player on the pitch (Hughes & James, 2008).  

In competitive Team Fortress 2 play in particular, the location of the game objectives is found 

throughout the map from one end to the other, with full coverage of the map scoring a round. 

Thus, it is expected to see there to be a lot of behavioural overlap between the objective state 

and the location of actions, although in the author’s experience there are actions one takes in 

one location of the map that differ from where many of the other players may be. 

 As discussed in Section 4.4.2, the analysis of athlete behaviour is a very common paradigm 

within traditional sport science research, which is given the name of performance analysis and 

encompasses a broad range of methods that can be used to examine behaviours within a 

competition, in part or in whole, as well as prerequisites for successful performance (Lames, 

2023). Its application in academic contexts is also just as broad, as some may solely use 

performance analysis methods as a form of observation and others may use them as a 

component of a larger mixed methods study (O’Donoghue, 2014). One may question, 

however, whether performance analysis can be applied to the context of games and esports, 

especially as it is an activity that is mediated with a human-computer interface. While specific 

application of performance analysis within esports and gaming is limited, there are some 

unique characteristics that complement the paradigm well such as being able to quantitatively 

record in-game actions to triangulate with qualitative methods to create deep insights into 
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player behaviour (Novak et al., 2020). Therefore, there is ample justification for the application 

of performance analysis techniques in the context of gaming and esports. A foundational 

methodology in this paradigm is notational analysis, an objective method of recording critical 

events during a task in a manner that can be reliably quantified to evaluate various factors 

contributing to successful performances (Hughes & Bartlett, 2015; Ungvarsky, 2023). It is a 

versatile method as the system of recording events can be designed to capture whatever 

information the research wishes to evaluate such as player positioning, play patterns, action 

success probabilities, and kinematics (Moreira et al., 2024). While notation systems originally 

started with hand-based manual systems with pen and paper, more modern applications 

make use of computerised systems to automate some or all the notation process (Cullinane 

et al., 2024b). Notational analysis’ application in games and esports, much like performance 

analysis more broadly, is limited although there are some examples of its use (Novak et al., 

2019; 2020; Smithies et al., 2021). The contrast between the prevalence of notational analysis 

techniques in traditional sport science versus esports presents an opportunity to not only 

investigate the relationship between player action, game context, and decision-making but 

also test the efficacy of notational analysis as a method of evaluating esports performance. 

Oftentimes, performance research in esports utilises metric analysis and the use of 

technologies like machine learning and artificial intelligence or big data tools to evaluate large 

swaths of data (Varga et al., 2024). More domain-specific, bespoke, and hand-based tools like 

notational analysis in esports is uncommon. Taking inspiration from Lorains et al.’s (2013b) use 

of a hand-based notational analysis system through a computerised interface, this study will 

be recording distinct in-game actions of expert Team Fortress 2 players and the surrounding 

match contexts including location, objective-based game states, and the efficacy of each 

action based on the expected or intended outcome. From this, data analysis will be conducted 

to identify whether advantageous game states like having player advantage predict the 

efficacy of certain actions, whether certain actions have prominence in advantageous vs. 

disadvantageous contexts, which actions are most associated with successful outcomes, and 

how action frequency varies across different game states including game-objectives and 

location on the game map. 

6.1 Research Objectives 

The current study aimed to identify distinct patterns of behaviour, recurring game contexts, 

and the relationship between them in the competitive variant of Team Fortress 2, through the 

development of a hand-based notational analysis system controlled using a computerised 

interface. The specific objectives of this study are: 

1) To examine whether advantageous game states (e.g., player number advantage, 

Ubercharge discrepancy) predict the success or failure of actions. 

2) To analyse whether certain actions are over- or under-represented in advantageous vs. 

disadvantageous contexts. 
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3) To determine which actions, at both an individual and team level, are most frequently 

associated with successful outcomes. 

4) To explore how action frequency varies across game-state phases, such as when holding 

or contesting control points. 

 To address the research objectives, this study has four research questions: 

• Q1: Do advantageous game states predict the efficacy of player and team actions? 

• H1: Actions taken during advantageous states are more likely to lead to positive 

outcomes. 

 

• Q2: Which actions have abnormal occurrence rates in (dis)advantageous situations? 

• H2: Players will opt for more risk-averse and mitigation-oriented actions during 

disadvantage, and opportunistic and aggressive ones during advantage. 

 

• Q3: Which actions have the highest rate of efficacy? 

• H3:  Organised or planned actions will show a higher efficacy than reactive or purely 

independent ones. 

 

• Q4: Which actions have abnormal occurrence rates in different states of play 

throughout a match? 

• H4: Specific actions will have disproportionate occurrence based on map control, 

which is indicative of adaptations to tactics. 

Given the limited application of notational analysis as a methodology, especially hand-based, 

within games and esports, another aim of this study is to evaluate the efficacy of hand-based 

notational analysis as a form of analysing gameplay and to identify strengths and limitations 

of the methodology in games.  

6.2 Method 

6.2.1 Design and development of the Notation System 

The first stage of notational analysis is to design the notation system and ensure its suitability 

for meeting the aims and objectives of the study (Cullinane et al., 2024c). The first step in 

designing a hand-based notation system is to first decide what information is needed and why, 

although there are core components that are found in most systems: player, action, and 

position, with some more intricate systems including time of the event and recording events 

in sequence (Carling et al., 2007). In Lorains et al.’s (2013b) notational interface investigating 

decision making, they selected the following elements following consultation with three 

Australian football coaches: game details such as which quarter of the match the action was 

in and the specific time it was conducted; match contexts including scoreline and position in 

the field; decision-making factors such as quality of decision made, alternative decisions 
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made, how long it took them to enact the action, and how pressured they were by the 

opponents; and execution, which included the outcome of the decision and whether it was 

successful. The overall design of the notation system followed a sequential system as opposed 

to a frequency table or scatter diagram, as the aim was to capture the surrounding contexts 

of the match to identify recurring elements which may influence the behaviour of the players 

(Hughes, 2019). In Chapter 5, participants described pre-defined ‘templates’ of default actions 

and segmented sequences of play (Section 5.3.1). Thus, the development of this notation 

system focused on capturing these distinct actions undertaken at both an individual level and 

as a team. 

An iterative process was undertaken to develop the notation system, which ultimately 

comprised of match contexts, distinct actions, and outcomes because of the chosen action. 

Initially, development involved creating a list of distinct actions taken both individually and as 

a team that would be seen in competitive play, with positive, negative, and neutral outcomes 

for each action determined. With over 6,000 hours of playtime as of the writing of this thesis, 

I as the author have extensive experience with Team Fortress 2, with that experience being 

the primary resource in the first phase of development. An action’s resulting contribution to 

creating advantageous contexts was used as the foundation for determining whether any 

specific action was positive, negative, or neutral; from my own experiences, creating 

advantageous contexts was the primary priority in competitive Team Fortress 2 play. This 

perspective is corroborated by findings from Study 1, as players reported evaluating the 

current game state and determining their next action around whether the surrounding match 

contexts favoured their team or not, and whether any particular advantage could be used as 

leverage (Sections 5.3.1, 5.3.2, and 5.3.4). With the definition of an expert in Section 5.2.2, 

however, I would not be considered an expert and there was a likelihood that, without 

external review, certain techniques or actions could be missed or forgotten. Thus, the next 

iteration of the list was developed in consultation with other competitive players with greater 

experience at higher levels of play who acted as Critical Friends. During this process, they 

reviewed the initial list and suggested additions, removals, and alterations of both the listed 

actions and corresponding outcomes. Consultation was conducted via personal 

communication, although it is suggested that in future works a more formal process of 

consulting experts be employed. While alterations were made to the defined outcomes, the 

concept of attaching success to an action via their resulting contribution to advantageous 

contexts was determined to be sound rationale. With this consultation, a notation system 

based on Lorains et al.’s (2013b) model was developed. At this point I had observed that the 

system needed a way of exploring the phenomena of conducting a successful individual 

action, yet the collective team action could be unsuccessful and vice versa. To capture this, 

the system was altered to capture separate outcomes for both individual and team actions. At 

this point, the supervisory team acted as an additional group of Critical Friends who could 

review the system for academic rigour and to ensure that the system as designed would be 
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suitable for capturing the intended data and was consistent with notation system design 

practice. A full list of the actions and outcomes can be found in Appendix B. 

A macro-enabled Excel spreadsheet was used as the interface for the notation system, with 

buttons corresponding to a data value that is inputted into a row at the bottom of the sheet. 

An input button takes that row of data and adds it to a separate sheet. So long as events are 

reported in order, they will be reflected chronologically in that sheet. Figures 6 and 7 show 

the notational interface and an example of the inputted data. 

 

 

Figure 6 - Screenshot of the notational interface. 
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Figure 7- Screenshot of the inputted data 

From left to right on Figure 7, the notation system records the following data:  

• Timestamp of the recorded video 

• Current score line at the timestamp 

• Number of capture points held by each team 

• Location of the action respective to the game map 

• Difference in percentage between both teams’ Medic charge on their 

ubercharge ability 

• Difference between the number of teammates alive vs opponents 

• Action type, one of three categories encompassing all distinct actions. 

• Action undertaken by an individual. 

• Action undertaken by the team. 

• Pressure, whether one or multiple opponents are in proximity. 

• Impact of the player’s individual performance in either an individual action, or 

their contribution to a team action if no distinct individual action is identified. 

• Change in team’s circumstances relative to the commencement of the action(s) 

All of the actions in Appendix B fall under one of three categories of action types: Aggressive, 

which refers to actions where the general aim is to commit into the enemy team or an enemy-

controlled objective; Defensive, which refers to actions where the general aim is to preserve 

or play deeper into a team-controlled objective; and Unbalancing, which refers to actions that 

seek to overturn or amplify the current circumstances of the game. 
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6.2.2 Procedure 

In a typical match of the competitive variant of Team Fortress 2, there are six players each 

corresponding to a specific role. Analysis was carried out on 12 recorded Point-of-View (POV) 

videos of competitive Team Fortress 2 matches available publicly on YouTube, with two of 

each role. Videos went through a screening process to identify suitable matches based on the 

following inclusion criteria: 

• More than 25 minutes in length 

• Taking place in the ‘Five Capture Points’ game mode. 

• Taking place within a community-recognised league or tournament 

• Players within the match must be competing at a skill threshold equivalent to the 

top 20 percentile of competitive Team Fortress 2 participants, based on their recent 

level of competition within one of the unofficial community-run competitive 

leagues. This criterion is consistent with the classification of expert participants 

from Study One (Section 5.2.2).  

In competitive Team Fortress 2 play, players compete in teams of six, with each member of 

the team having their own distinct roles, expectancies, and tasks (Sections 5.2.3 and 5.3.3). To 

ensure representation of the diverse actions a player could take in competitive Team Fortress 

2 play and capturing enough data to conduct statistical analysis, all while maintaining a 

reasonable timeline for data capture and analysis, it was decided that two videos would be 

selected for each role on the team. This results in the 12 videos ultimately chosen after the 

screening process. 

Videos were watched live and paused when a distinct action is identified. All contextual 

information such as time, game state, position, advantages, action, and pressure were 

recorded on the commencement of the action. Playback was then resumed until the 

conclusion of the actions and immediate outcomes, in which the Individual Impact and Team 

Outcome were recorded based on the definitions described in Appendix B. When all valid 

fields have been filled the sequence is inputted into the respective sheet for the video. All 

videos were re-watched after the first playthrough to ensure all distinct actions had been 

identified. 

6.2.3 Data analysis 

Except for time and score line, all the variables are categorical thus contingency tables were 

used to provide an insight into the relationship between two of the categorical variables at a 

time. For each of the contingency tables a chi-squared test was used to determine whether 

there is a significant difference between observed frequencies and the expected frequencies 

between the two variables. Standardised residuals were used to identify the cells with the 
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largest differences between the observed and expected values, which would have the largest 

contributions to any significant relationships highlighted by the chi-squared test (Sharpe, 

2015). Standardised residuals greater than +/- 2 were considered as significant. 

The bespoke and specific nature of the notation system allows the researcher to leverage their 

experience with the game to capture subtle behaviours, but consequently it meant that the 

system requires significant experience to use effectively, the limitations of which are discussed 

later on (Section 6.4.1 & 7.2.3.1). As the notation system was applied by a single researcher, 

interrater reliability could not be assessed. Instead, intrarater reliability testing was conducted 

to evaluate the consistency of coding across repeated analyses of the same performances 

(Gould et al., 2017; Nicklin et al., 2025). Intrarater testing assesses whether a rater using the 

same coding instrument produces similar results when the coding process is repeated. To 

minimise the risk of familiarity bias, repeat coding should be conducted following a substantial 

delay between assessment sessions (O’Donoghue, 2013). For this study, intrarater reliability 

testing was undertaken one year after the initial data collection period. At least 20% of each 

of the 12 videos (i.e. 6 minutes of gameplay) included in the study were subjected to reliability 

testing. The segments were selected randomly using an online number generator to 

determine the starting timestamp. Where recordings contained periods of in-game pausing, 

the duration of the pause was added to the end of the selected segment to ensure that six 

minutes of active gameplay were analysed. As the notation system recorded discrete 

behavioural events, actions identified in one coding session could potentially be absent from 

the other. To account for this possibility, timestamps of recorded actions were used to identify 

corresponding events between datasets. Events present in one dataset but absent in the other 

were classified as action discrepancies. All variables were nominal in nature. Consequently, 

agreement between the original and follow-up coding sessions was assessed using 

unweighted Cohen’s Kappa with 95% confidence intervals (Popping, 2019; Rau and Shih, 

2021). Agreement was interpreted using the thresholds adopted by Nicklin et al. (2025), based 

on McHugh (2012): 0.81–0.99 = Almost Perfect Agreement; 0.61–0.80 = Substantial 

Agreement; 0.41–0.60 = Moderate Agreement; 0.21–0.40 = Fair Agreement; 0.01–0.20 = 

Slight Agreement; and <0 = Less Than Chance Agreement. 

All data analysis was conducted through JASP (JASP Team, 2024).  

6.3 Results 

6.3.1 Descriptive analysis 

Across all 12 videos, 619 distinct actions were recorded. Of these actions 340 (54.93%) were 

defensive, 218 (35.22%) were offensive, and 61 (9.86%) were unbalancing. Most actions took 

place when the number of players alive on each team were equal with 352 (56.87%), with 128 

(20.68%) taking place when the friendly team were at player advantage, and 139 (22.46%) 

occurring during player disadvantage. Similarly, most actions occurred when the ubercharge 

percentages of both team’s Medics were equal with 391 (63.17%) actions occurring in this 
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state. There were 122 (19.71%) actions taken during ubercharge advantage for the friendly 

team and 106 (17.12%) taken during ubercharge disadvantage. Full contingency tables can be 

found in Appendix C. 

Uber Advantage (Aggregated) Frequency Percent 

Advantage  122  19.71   

Disadvantage  106  17.12   

Equal  391  63.17   

  

Player Advantage (Aggregated) Frequency Percent 

Advantage  128  20.68   

Disadvantage  139  22.46   

Equal  352  56.87   

  

Action Type Frequency Percent 

Defensive  340  54.93   

Offensive  218  35.22   

Unbalancing  61  9.86   

Table 2 - Descriptive Analysis 

6.3.2 Advantageous contexts and efficacy of actions 

No significant relationship was found between ubercharge advantage and either team 

outcome (X2 = 5.568, df = 4, p = 0.234, V = 0.079) or individual impact (X2 = 2.326, df = 4, p = 

0.676, V = 0.058), and player advantage and individual impact (X2 = 1.746, df = 4, p = 0.782, V 

= 0.091). 
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 Team Outcome Individual Impact 

Uber Advantage 

(Aggregated) 
Positive Negative Neutral Effective Ineffective Neutral 

Advantage 38.53 % 27.05 % 34.43 % 28.69 % 17.21 % 54.10 % 

Disadvantage 25.47 % 29.25 % 45.28 % 22.64 % 14.15 % 63.21 % 

Equal 34.02 % 24.55 % 41.43 % 28.13 % 14.83 % 57.03 % 

Table 3 - Aggregated Ubercharge Advantage and Action Efficacy 

A significant weak relationship was found between player advantage and team outcome (X2 = 

15.592, df = 4, p = 0.004, V = 0.145). Specifically, there was a higher rate of neutral outcomes 

(51.08%) and lower positive outcomes (25.9%) when a team is at player disadvantage. 

However, when the number of players was equal between teams the rate of neutral outcomes 

was lower than expected (34.38%) with a higher rate of positive outcomes (36.36%) 

Table 4 - Aggregated Player Advantage and Action Efficacy 

6.3.3 Advantageous contexts and action frequency 

6.3.3.1 Action Type 

There were significant relationships between the type of action and both ubercharge 

advantage (X2 = 26.105, df = 8, p = <0.001, V = 0.219) and player advantage (X2 = 79.376, df = 

4, p = <0.001, V = 0.253). During ubercharge advantage the rate of offensive actions is high 

(32.57%) and defensive actions are low (10.29%), with the inverse relationship observed in 

ubercharge disadvantage: more defensive actions (24.41%) and less offensive actions (7.34%). 

This phenomenon is similar within the context of player advantage as well: with significantly 

more offensive actions (35.78%) and less defensive actions during player advantage (10.88%); 

and more defensive actions (24.41%) and less offensive actions during player disadvantage 

(7.34%). 

 

 Individual Impact Team Outcome 

Player Advantage 

(Aggregated) 
Effective Ineffective Neutral Positive Negative Neutral 

Advantage 25 % 13.28 % 61.72 % 33.59 % 19.53 % 46.88 % 

Disadvantage 25.9 % 15.11 % 58.99 % 25.9 % 23.02 % 51.08 % 

Equal 28.69 % 15.91 % 55.4 % 36.36 % 29.26 % 34.38 % 

Note. Each cell displays the row percentages 
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Table 5 - Action Type and Aggregated Advantages 

6.3.3.2 Individual Actions 

There are statistically significant relationships between both aggressive and defensive 

independent actions an individual takes and the context of advantages during play. With 

aggressive actions taken there is a strong relationship with both ubercharge advantage (X2 = 

24.549, df = 8, p = 0.002, V = 0.247) and player advantage (X2 = 30.001, df = 8, p = <0.001, V = 

0.273). During ubercharge disadvantage there is a greater frequency of backcapping (57.14%) 

and bombing (28.17%). When ubercharges between Medics are equal there are greater 

frequencies of flanking (87.5%) and focusing (72.31%). There were also significant associations 

with certain player actions and player advantage states: higher frequency of chasing (70%) 

and a lower frequency of focusing specific opponents (12.85%) during player advantage. 

Table 6 - Aggressive Action and Aggregated Advantage 

There is a strong relationship between defensive independent actions and ubercharge 

advantage (X2 = 38.342, df = 8, p = <.001, V = 0.332). During ubercharge disadvantage there is 

a greater frequency of building (51.52%) and defensive offclassing (62.5%) with a lower 

 Uber Advantage (Aggregated) Player Advantage (Aggregated) 

Action Type Advantage Disadvantage Equal Advantage Disadvantage Equal 

Defensive 10.29 % 24.41 % 65.29 % 10.88 % 32.94 % 56.18 % 

Offensive 32.57 % 7.34 % 60.09 % 35.78 % 7.34 % 56.88 % 

Unbalancing 26.23 % 11.48 % 62.3 % 21.31 % 18.03 % 60.66 % 

Note. Each cell displays the row percentages 

 Uber Advantage (Aggregated) Player Advantage (Aggregated) 

Individual 

Action 

(Aggressive) 

Advantage Disadvantage Equal Advantage Disadvantage Equal 

Backcapping 57.14 % 4.76 % 38.1 % 33.33 % 9.52 % 57.14 % 

Bombing 28.17 % 16.9 % 54.93 % 26.76 % 5.63 % 67.61 % 

Chasing 40 % 10 % 50 % 70 % 15 % 15 % 

Flanking 12.5 % 0 % 87.5 % 29.17 % 16.67 % 54.17 % 

Focusing 21.54 % 6.15 % 72.31 % 13.85 % 13.85 % 72.31 % 

Note. Each cell displays the row percentages 
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frequency of spamming (15.85%). There was no statistically significant relationship between 

defensive independent actions and player advantage (X2 = 16.094, df = 8, p = 0.041, V = 0.215). 

Table 7 - Defensive Action and Aggregated Advantage 

6.3.3.3 Team Actions 

There are statistically significant relationships between actions the team take as a collective 

and both ubercharge advantage (X2 = 155.054, df = 14, p = <0.001, V = 0.354) and player 

advantage (X2 = 183.341, df = 14, p = <0.001, V = 0.385). For ubercharge advantage, there is a 

greater frequency of aggressive holds during equal percentages (78.31%); greater frequency 

of backing out during disadvantage (41.18%); higher frequency of passive holds during 

disadvantage (33.76%); and more pushes occurring during an advantage (28.356%). Finally, 

the Ubercharges themselves are used slightly more during an advantage (50.56%) compared 

to when both teams have Ubercharge (48.32%). For player advantage, there is a greater 

frequency of aggressive holds when the number of players alive on each team are equal 

(67.47%) as well as more time-wasting actions (66.67%). During player disadvantage there is 

a greater occurrence of backing out or retreating (66.67%). During player advantage there are 

fewer passive holds (7.64%) and more pushes (49.25%). The use of the ubercharge has greater 

frequency when the number of players is equal (70.79%) compared to both advantage 

(16.85%) and disadvantage (12.36%). 

 Uber Advantage (Aggregated) Player Advantage (Aggregated) 

Individual 

Action 

(Defensive) 

Advantage Disadvantage Equal Advantage Disadvantage Equal 

Building 18.18 % 51.52 % 30.3 % 27.27 % 39.39 % 33.33 % 

Defensive 

Offclassing 
6.25 % 62.5 % 31.25 % 12.5 % 43.75 % 43.75 % 

Other 40 % 20 % 40 % 26.67 % 40 % 33.33 % 

Spamming 10.97 % 15.85 % 73.17 % 20.73 % 17.07 % 62.2 % 

Trapping 10.71 % 46.43 % 42.86 % 17.86 % 42.86 % 39.29 % 

Note. Each cell displays the row percentages 

 Uber Advantage (Aggregated) Player Advantage (Aggregated) 

Individual 

Action 

(Defensive) 

Advantage Disadvantage Equal Advantage Disadvantage Equal 
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Table 8 - Defensive Actions and Aggregated Advantages 

 

6.3.4 Efficacy of specific actions 

6.3.4.1 Action Type 

Significant relationships were found between the type of action and an individual’s impact (X2 

= 55.477, df = 4, p = <0.001, V = 0.212) and the team’s overall outcome (X2 = 36.439, df = 4, p 

= <0.001, V = 0.172).  With defensive actions it was found that there is a high rate of neutral 

outcomes for both the actions taken by an individual (68.53%) and the ones taken by the 

collective team (50.88%), with more than half of all actions resulting in a neutral outcome. 

Offensive actions proved to have the highest rate of efficiency for both individuals (35.78%) 

and as a team (44.95%). The efficacy of unbalancing actions undertaken by an individual had 

the lowest rate of efficacy characterised by its high negative outcomes (37.71%) and low 

positive outcomes (24.59%). However, unbalancing actions undertaken by a team such as an 

Ubercharge resulted in a near-even rate of effectiveness between positive (34.43%), negative 

(32.79%), and neutral (32.79%) outcomes. 

Table 9 - Action Types and Action Efficacy 

Aggressive 

Hold 
13.25 % 8.43 % 78.31 % 15.06 % 17.47 % 67.47 % 

Backing out 7.84 % 41.18 % 50.98 % 11.77 % 66.67 % 21.57 % 

Passive 

Hold 
6.37 % 33.76 % 59.87 % 7.64 % 33.12 % 59.24 % 

Pushing 28.36 % 8.96 % 62.68 % 49.25 % 5.22 % 45.52 % 

Time 

Wasting 
13.33 % 20 % 66.67 % 26.67 % 6.67 % 66.67 % 

Ubercharge 50.56 % 1.12 % 48.32 % 16.85 % 12.36 % 70.79 % 

Note. Each cell displays the row percentages       

 Individual Impact Team Outcome 

Action Type Effective Ineffective Neutral Positive Negative Neutral 

Defensive 22.35 % 9.12 % 68.53 % 25.88 % 23.24 % 50.88% 

Offensive 35.78 % 18.35 % 45.87 % 44.95 % 27.98 % 27.06 % 

Unbalancing 24.59 % 37.71 % 37.71 % 34.43 % 32.79 % 32.79 % 

Note. Each cell displays the row percentages 



111 
 

111 
 

6.3.4.2 Team Actions 

There was a significant weak relationship between the impact of a specific individual during 

certain team actions (X2 = 32.845, df = 14, p = 0.003, V = 0.163). The actions with the strongest 

relationships were the aggressive hold with a high rate of neutral outcomes (66.87%) and a 

low rate of effective outcomes (21.08%); backing out or retreating with a high rate of neutral 

outcomes (76.47%) and a low rate of positive ones (17.65%); and pushes with a high rate of 

positive outcomes (34.24%) compared to the low rate of neutral ones (49.25%). On the other 

hand, there was a significant relationship between the collective team’s action and their 

outcomes (X2 = 58.870, df = 40, p = <0.001, V = 0.218). The actions with the strongest 

relationships were aggressive holds with a high rate of neutral outcomes (53.01%) compared 

to positive outcomes (25.3%); backing out or retreating with a similar phenomenon of high 

neutral (64.706%) and low positive outcomes (15.69%); passive holds with a high rate of 

negative outcomes (33.12%); and pushes with a high rate of positive outcomes (48.51%). 

Table 10 - Team Action and Action Efficacy 

6.3.4.3 Individual Actions 

There was no statistically significant relationship between aggressive actions undertaken by 

an individual and the overall outcome of the team (X2 = 11.718, df = 8, p = 0.164, V = 0.171). 

However, there was a significant weak relationship between the aggressive independent 

actions an individual took and their efficacy across all match contexts (X2 = 20.389, df = 8, p = 

0.009, V = 0.225). Specifically, two acts had high efficacy rates, backcapping (66.67%) and 

focusing (52.31%). Additionally, chasing opponents had a high rate of neutral outcomes (65%).  

 Individual Impact Team Outcome 

Team Action Effective Ineffective Neutral Positive Negative Neutral 

Aggressive Hold 21.08 % 12.05 % 66.87 % 25.3 % 21.687 % 53.012 % 

Backing out 17.65 % 5.88 % 76.47 % 15.69 % 19.608 % 64.706 % 

Passive Hold 25.48 % 16.56 % 57.96 % 28.03 % 33.12 % 38.85 % 

Pushing 34.33 % 16.42 % 49.25 % 48.51 % 20.9 % 30.6 % 

Time Wasting 26.67 % 6.67 % 66.67 % 53.33 % 6.67 % 40 % 

Ubercharge 35.96 % 23.6 % 40.45 % 40.45 % 34.83 % 24.72 % 

No Distinct 

Action 
50 % 16.67 % 33.33 % 50 % 33.33 % 16.67 % 

Note. Each cell displays the row percentages 
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 Individual Impact 

Individual Action (Aggressive) Effective Ineffective Neutral 

Backcapping  66.67 %  19.05 %  14.27 %  

Bombing  33.8 %  21.13 %  45.07 %  

Chasing  25 %  10 %  65 %  

Flanking  29.17 %  33.33 %  37.5 %  

Focusing  52.31 %  16.92 %  30.77 %  

 

Note. Each cell displays the row percentages 

Table 11 - Aggressive Action and Individual Impact 

There were significant weak relationships between the defensive independent actions an 

individual took and their efficacy across all match contexts (X2 = 20.909, df = 8, p = 0.007, V = 

0.245) and their contributions to the team’s outcomes (X2 = 26.105, df = 8, p = 0.001, V = 

0.274). On the individual level, defensive offclassing had a notably high efficacy rate (43.75%) 

and helping a medic build ubercharge through self-damage never resulted in an ineffective 

outcome. This is also reflected in impact of building ubercharge on the broader team’s 

outcomes, with a high rate of neutral outcomes (84.85%).  

Table 12 - Defensive Actions and Action Efficacy 

 Individual Impact Team Outcome 

Individual Action 

(Defensive) 
Effective Ineffective Neutral Positive Negative Neutral 

Building 33.33 % 0 % 66.67 % 9.09 % 6.06 % 84.85 % 

Defensive 

Offclassing 
43.75 % 6.25 % 50 % 31.25 % 37.50 % 31.25 % 

Other 13.33 % 33.33 % 53.33 % 33.33 % 33.33 % 33.33% 

Spamming 20.73 % 13.42 % 65.85 % 36.59 % 23.17 % 40.24 % 

Trapping 10.71 % 7.14 % 82.14 % 17.86 % 28.57 % 53.57 % 

Note. Each cell displays the row percentages 
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6.3.5 Game state and action frequency 

6.3.5.1 Action Type 

There are statistically significant relationships between action types and the location of the 

action respective to the game map (X2 = 75.585, df = 8, p = <0.001, V = 0.247) and the number 

of capture points held by each team (X2 = 29.455, df = 8, p = <0.001, V = 0.154). More offensive 

actions occur on the opponent’s last point (23.85%) compared to the team’s own last point 

(5.05%), with the inverse relationship observed with defensive actions: higher frequency on 

the team’s last point (19.41%) compared to the opponent’s last point (3.53%). With the 

number of capture points held by each team, which is an indication of game state, defensive 

actions have a non-significant distribution across all game states. However, we see more 

aggressive actions when the team have three (22.94%) or four (27.98%) capture points 

compared to when the opponents have four capture points (6.88%). One significant 

relationship was that the rate of unbalancing actions has a high occurrence rate when the 

team have three of the five capture points (40.98%). 

 Position 

Action Type Enemy Last Enemy 2nd Mid Team 2nd Team Last 

Defensive  3.53 %  23.53 %  35.88 %  17.65 %  19.41 %  

Offensive  23.85 %  21.56 %  39.45 %  10.09 %  5.05 %  

Unbalancing  9.84 %  24.59 %  32.79 %  19.67 %  13.12 %  

 

Note. Each cell displays the row percentages 

Table 13 - Action Type and Position of Action 

 State 

Action Type 4-1 3-2 2-2 2-3 1-4 

Defensive  20.59 %  25.88 %  16.47 %  23.24 %  13.82 %  

Offensive  27.98 %  22.94 %  22.94 %  19.27 %  6.88 %  

Unbalancing  19.67 %  40.99 %  1.64 %  22.95 %  14.75 %  
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 State 

Action Type 4-1 3-2 2-2 2-3 1-4 

 

Note. Each cell displays the row percentages 

Table 14 - Action Type and Objectives Held 

6.3.5.2 Team Action 

There is a statistically significant relationship between the specific actions a team makes 

collectively and both the location on the game map (X2 = 207.660, df = 28, p = <0.001, V  = 

0.290) and the number of capture points held by each team (X2 = 174.504, df = 28, p = <0.001, 

V = 0.265). There is a greater frequency of aggressive holds on both the opponent’s (23.53%) 

and team’s second points (24.1%); backing out or retreating is most common on the middle 

point (58.82%); passive holds occur more frequently on the team’s last point (31.85%); pushes 

happen more often on the opponent’s side (47.76% combined) than compared to the team’s 

side (8.21% combined); and time wasting happens most often on a team’s last point (53.33%). 

The use of an ubercharge has an even distribution on every point but last, with a high 

occurrence on the enemy’s last (30.34%) and a low frequency on a team’s last (2.25%). 

 Position 

Team Action Enemy Last Enemy 2nd Mid Team 2nd Team Last 

Aggressive Hold  7.23 %  29.52 %  27.11 %  24.1 %  12.05 %  

Backing out  5.88 %  23.53 %  58.82 %  9.8 %  1.96 %  

Passive Hold  0.64 %  14.65 %  42.68 %  10.19 %  31.85 %  

Pushing  20.15 %  27.61 %  44.03 %  5.97 %  2.24 %  

Time Wasting  0 %  6.67 %  6.67 %  33.33 %  53.33 %  

Ubercharge  30.34 %  21.35 %  24.72 %  21.35 %  2.25 %  

 

Note. Each cell displays the row percentages 

Table 15 - Team Actions and Position of Action 
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Certain team actions occur more often during different game states, reflected in the number 

of capture points each team hold. When the team holds three of the five objectives there is a 

greater frequency of both aggressive holds (33.13%) and backing out (41.18%). Passive holds 

have a higher frequency when the opponents have four capture points (22.93%) or during the 

initial game state where both teams have two points each and are fighting for the middle 

(31.85%). Pushes have a greater frequency in that initial game state (26.87%) with far less 

occurrence when the opposing team have four capture points (3.73%), the latter of which is 

where a higher rate of time wasting occurs (53.33%). The use of an ubercharge has 

significantly greater frequency when the team have four capture points (41.57%), compared 

to when the opponents have four capture points (4.49%), and there were no uses of 

ubercharge within the initial game state. 

 State 

Team Action 4-1 3-2 2-2 2-3 1-4 

Aggressive Hold  25.9 %  33.13 %  4.82 %  25.9 %  10.24 %  

Backing out  15.69 %  41.18 %  21.57 %  21.57 %  0 %  

Passive Hold  14.65 %  15.29 %  31.85 %  15.29 %  22.93 %  

Pushing  23.88 %  24.63 %  26.87 %  20.9 %  3.73 %  

Time Wasting  0 %  13.33 %  0 %  33.33 %  53.33 %  

Ubercharge  41.57 %  28.09 %  0 %  25.84 %  4.49 %  

 

Note. Each cell displays the row percentages 

Table 16 - Team Actions and Objectives Held 

6.3.5.3 Individual Actions 

There are statistically significant relationships between both aggressive and defensive 

independent actions an individual takes, and both the location of the game map and number 

of capture points held by each team. For aggressive actions there is a strong relationship 

between them and map location (X2 = 68.827, df = 16, p = <0.001, V = 0.293). Additionally, 

there is a strong relationship between aggressive individual actions and the number of capture 

points each team has (X2 = 50.824, df = 16, p = <0.001, V = 0.251). All aggressive actions had 

a low occurrence rate on a team’s last point and when the opponents have four of the five 

control points, with no action having a frequency rate greater than 11.27%. Backcapping has 
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a remarkably high frequency on the enemy’s last point (85.71%) and when the team have four 

of the give capture points (90.48%). Chasing retreating opponents has high frequency on the 

middle point (60%) and when the opponents have captured said middle point (45%).  

 Position 

Individual Action 

(Aggressive) 

Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 

Backcapping  85.71 %  9.52 %  4.76 %  0 %  0 %  

Bombing  21.13 %  15.49 %  43.66 %  11.27 %  8.45 %  

Chasing  0 %  20 %  60 %  15 %  5 %  

Flanking  20.83 %  25 %  25 %  25 %  4.17 %  

Focusing  10.77 %  24.62 %  43.08 %  10.77 %  10.77 %  

 

Note. Each cell displays the row percentages 

Table 17 - Aggressive Individual Actions and Position of Action 

 State 

Individual Action (Aggressive) 4-1 3-2 2-2 2-3 1-4 

Backcapping  90.48 %  9.52 %  0 %  0 %  0 %  

Bombing  23.94 %  19.72 %  22.54 %  22.54 %  11.27 %  

Chasing  10 %  15 %  25 %  45 %  5 %  

Flanking  33.33 %  12.5 %  29.17 %  16.67 %  8.33 %  

Focusing  26.15 %  18.46 %  30.77 %  15.39 %  9.23 %  

 

Note. Each cell displays the row percentages 

Table 18 - Aggressive Individual Actions and Objectives Held 
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With defensive actions there is a strong relationship with them and map location (X2 = 56.861, 

df = 16, p = <0.001, V = 0.286) Additionally, there is a strong relationship between independent 

actions done by an individual and the number of capture points held by each team (X2 = 

47.697, df = 16, p = <0.001, V = 0.262). Defensive actions took place on most parts of the map 

except for the enemy last, which had low occurrence rates. Although, some actions such as 

building did have a notable rate when the team captured four of the five capture points 

(27.27%). Use of defensive offclassing occurred only on the teams last point (100%), but only 

just over a half occurred when the opponents had four capture points (56.25%). Spamming 

has a high frequency on the middle point (40%) as well as during the neutral game state 

(24.39%). Finally, creating traps for the enemy had greater frequency when the opponents 

hold three capture points (39.29%) 

 Position 

Individual Action 

(Defensive) 

Enemy 

Last 
Enemy 2nd Mid Team 2nd Team Last 

Building  0 %  33.33 %  33.33 %  15.15 %  18.18 %  

Defensive 

Offclassing 
 0 %  0 %  0 %  0 %  100 %  

Other  0 %  13.33 %  40 %  6.67 %  40 %  

Spamming  10.98 %  13.42 %  34.15 %  19.51 %  21.95 %  

Trapping  3.57 %  14.29 %  28.57 %  25 %  28.57 %  

 

Note. Each cell displays the row percentages 

Table 19 - Defensive Individual Actions and Position of Action 

 State 

Individual Action (Defensive) 4-1 3-2 2-2 2-3 1-4 

Building  27.27 %  36.36 %  9.09 %  18.18 %  9.09 %  

Defensive Offclassing  0 %  0 %  18.75 %  25 %  56.25 %  
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 Position 

Individual Action 

(Defensive) 

Enemy 

Last 
Enemy 2nd Mid Team 2nd Team Last 

Other  0 %  46.67 %  0 %  13.33 %  40 %  

Spamming  15.85 %  18.29 %  24.39 %  23.17 %  18.29 %  

Trapping  21.43 %  21.43 %  3.57 %  39.29 %  14.29 %  

 

Note. Each cell displays the row percentages 

Table 20 - Defensive Individual Action and Objectives Held 

6.3.6 Intrarater reliability tests 

The results of the intrarater reliability analyses are presented in Table 21. Overall, Cohen’s κ 

values indicated acceptable levels of agreement, ranging from 0.171 to 0.712 [CI 0.125 – 

0.793]. The contextual variables associated with game state exhibited the highest reliability, 

with substantial agreement observed for team score, enemy score, state, and position (κ = 

.612–.712). Variables relating to player and team behaviours demonstrated moderate 

agreement (κ = .358–.557), whereas uber advantage and player advantage showed fair (κ = 

.206) and slight (κ = .171) agreement, respectively. Overall, these findings suggest that the 

notation system produced moderate to substantial levels of coding consistency across 

repeated observations. 

Rating Kappa Threshold Classification SE 

95% Confidence Interval 

Lower Upper 

Team Score 0.712 Substantial Agreement 0.042 0.630 0.793 

Enemy Score 0.667 Substantial Agreement 0.047 0.576 0.758 

State 0.659 Substantial Agreement 0.042 0.578 0.741 

Position 0.612 Substantial Agreement 0.043 0.527 0.697 

Uber Advantage 0.206 Fair Agreement 0.025 0.156 0.255 

Player Advantage 0.171 Slight Agreement 0.023 0.125 0.217 
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Action Type 0.485 Moderate Agreement 0.051 0.385 0.586 

Individual Action 0.557 Moderate Agreement 0.057 0.445 0.669 

Team Action 0.533 Moderate Agreement 0.046 0.442 0.623 

Individual Impact 0.439 Moderate Agreement 0.053 0.334 0.543 

Team Outcomes 0.358 Moderate Agreement 0.051 0.257 0.459 

Table 21 - Intrarater reliability of each data type 

6.4 Discussion 

This study aimed to investigate player behaviour in the competitive variant of Team Fortress 

2 by identifying distinct patterns of player action within recurring game contexts, adaptations 

to those patterns in response to various game states including changes to the key objectives 

as well as the oscillation between advantageous and disadvantageous contexts. It was 

hypothesised that: actions taken during advantageous game states are more likely to lead to 

positive outcomes (H1); players would opt for more risk-averse or preventative actions during 

disadvantageous states, and more aggressive and opportunistic ones during advantages (H2); 

pre-planned or team organised actions will be more effective across all game contexts 

compared to reactive or independent actions (H3); and specific actions will have 

disproportionate occurrence based on map location and control (H4). The results supported 

the hypotheses H2 and H4 and partially supported H1 and H3. It is important to acknowledge 

that there are several limitations to this study, discussed in Section 6.4.1, that when 

considered in conjunction with the fact that this is an early attempt at a hand-based notational 

analysis of video game play means that these fundings should be considered exploratory and 

preliminary preceding future application of this methodology in replication studies both 

within Team Fortress 2 and other games or genres. 

The first research question focused around whether advantageous game states predict the 

success of player and team actions. Competitive Team Fortress 2 play surrounds two key 

advantages, the number of players alive in relation to their opponents, and whether a team’s 

Medic has an Ubercharge ready or whichever one was closest to getting one. What was 

expected, establishing hypothesis H1, was that having either of these advantages would 

increase the efficacy rate of actions as having player numerical advantage may impede or 

negate a player’s or team’s action, and Ubercharge would dissuade or prevent opponents from 

taking a more proactive approach to impeding emerging actions. H1 was partially supported 

by the results, as it was found that there was a weak relationship between having player 

advantage and the overall team outcomes. There were more neutral and lower positive 

outcomes during player disadvantage, and higher positive outcomes when the number of 

players alive was equal. However, player advantage did not appear to have any statistically 

significant relationship with the impact an individual’s action had, and Ubercharge advantage 
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had no statistically significant relationship with individual or team outcomes. This 

corroborates findings in traditional sports like football, where specific advantages like ball 

possession influence the actions that an athlete takes, which in turn also affects performance 

across the match (Stafylidis et al., 2024, 2025). However, such examinations did not consider 

the immediate outcomes of the action, whether teams that held possession for longer had 

more accurate passes or shots on target. For example, Redwood-Brown (2019) observed that 

a football team’s accuracy on actions like corner kicks and passing changed based on the 

match’s scoreline; when the scoreline was closer the accuracy of those actions decreased. 

However, they also found that if a team was in a highly negative score line that it also resulted 

in more accuracy, which provides some contention as to whether the game state being clearly 

positive results in more accurate actions. This is also corroborated by Grund et al. (2013) who 

found that teams that are trailing in basketball opt for riskier behaviour including the use of 

three-point shots. What has not been evaluated in this study was whether being ‘in 

advantage’ longer than the opponents results in successful match outcomes as opposed to 

specific action outcomes.  

One explanation as to why there is no clear relationship between positive contexts like 

advantage and action efficacy may be that the contexts themselves do not make actions easier 

but provide the justification for conducting said action. The Recognition-Primed Decision 

(RPD) model of rapid decision-making posits that individuals in environments that necessitate 

time-pressured decision-making undergo a process of recognising known cues within an 

emergent scenario, determining a suitable response, and simulating the possible 

consequences of said response before acting (Klein, 1993). The RPD model, based within the 

NDM framework, has been used to examine expert players of a number of sports and has 

found that players engage in a process of pre-match expectations, determining relevant cues, 

setting plausible goals, and a typical action (Macquet, 2009, 2020). Adaptations to play are 

also involved in this recognition-response dynamic as the immediate assessment of the 

current situation precedes a risk assessment of some nature where players anticipate future 

developments to the situation (Macquet & Kragba, 2015). In the context of competitive Team 

Fortress 2 play, this may be exhibited by a procedural process in which a player recognises that 

they have a player advantage and thus opt for an aggressive attack on the enemy, something 

that could be considered risky but, in an advantageous state, the impact of failure is not as 

significant as if it was equal or a disadvantageous state.  

Initiation of actions because of recognised cues, such as advantageous states, within the RPD 

model also provides an explanation for the confirmation of hypothesis H2. The second 

research objective was to analyse whether certain actions and action types are over- or under-

represented in advantageous versus disadvantageous contexts. H2 stated that players will do 

more opportunistic or aggressive actions during advantageous situations, and more 

conservative or defensive ones during disadvantages. The results demonstrated that during 

both player and Ubercharge disadvantage there were significantly more defensive actions 

such as retreating or swapping to characters with better defensive capabilities, whilst during 
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both player and Ubercharge advantage aggressive actions had greater occurrence including 

chasing opponents and pushing into opponent-controlled territories. Gréhaigne et al.’s (1999) 

discussion of tactics and strategy within team sports outlined two principles that underly 

strategy and tactics, two of which are linked to this idea of oscillating between preserving and 

capitalising playstyles. The first, Opportunity, describes capitalising on the mistakes of the 

opponents which applies in this context, as often the creation of an advantageous state comes 

from a mistake of the opponent which in this case could be an enemy out of position or 

vulnerable enough for a kill. Next there is the Economy principle where the result of an action, 

be that scoring a goal or losing a ball, necessitates a change in objective citing the idea that a 

team leading in goals shift tactics away from scoring and instead on maintaining possession 

of the ball. These transitions in play demonstrate dynamic and reactive adaptations to play 

which link to the findings established here (Ashford et al., 2021; Gréhaigne et al., 1997, 1999). 

There were some observations from the findings that were surprising for the author, given 

their experience. As an example, there was a high occurrence of backcapping, where players 

sneak behind the opponents and capture a point from behind enemy lines, during Ubercharge 

advantage which is unexpected given that it is understood that opponents should play 

defensively during disadvantage, thus making it incredibly risky to try backcapping. Instances 

like this would warrant further review from practitioners to either explain the rationale, or a 

review of the game contexts to understand the positional and objective-based game states 

around these specific actions. 

The third hypothesis, H3, was partially supported. Testing which actions have the highest rate 

of efficacy it was expected that organised or pre-planned actions would have a higher rate of 

efficacy than opportunistic or responsive ones, particularly those undertaken by an individual. 

The results revealed a statistically significant relationship between specific actions taken by a 

team and the outcome of the team after that action, although this on its own is not a 

guarantee that collaborative actions are consistently better. An individual’s impact on both 

the personal result of their actions as well as their greater contributions to the team’s 

outcome were found to have weak or insignificant statistical relationships, which may be 

indicative that only the actions undertaken by the team collectively can progress the game 

state in a substantial manner. There are individual actions however, that do have a high 

efficacy rate within the context of the action itself, such as when an individual focuses a 

specific target, with a positive result over half of the time, or switching to a more defensive-

oriented character having a positive result just under half of the time. There are also actions 

that have low efficacy rates, but from personal experience despite the efficacy rate they can 

still be incredibly valuable. Unbalancing actions, which are characterized as incredibly high-

risk high reward plays with the intent of drastically altering the game state, such as a sacrifice 

play where a player fully commits their life towards getting a high-value target like the Medic, 

have low efficacy rates when conducted by an individual but dramatically change the game 

state in terms of advantages when successful. However, when unbalancing actions are 

undertaken by a team, including the Ubercharge, the rate of effectiveness is evenly distributed 
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between positive, negative, and neutral outcomes. Therefore, while it cannot be confirmed 

that coordinated team action has a higher rate of efficacy than individual outcomes, those 

actions are statistically demonstrated to be the only type of action that directly impacts the 

outcome of the team. A successful unbalancing action such as taking out the opposing Medic 

when they have Ubercharge may create an advantageous context, but the overall outcome of 

the team is dependent on the collective action taken in response. Discussing the individual 

impact of a player on the overall team outcomes in team sports can prove to be challenging, 

especially if not adopting a purely metric-based approach and/or only focusing on key 

statistics like shots on target, passes, goals, or corner kicks into the box in a football match, 

for example (Decroos et al., 2019; Duch et al., 2010). Thus, further analysis on individual 

contributions one makes to the outcomes of team-wide plays is thoroughly recommended, 

even if the evidence here shows that the actions with the greatest contribution to changing 

the game state for good or for ill are those undertaken by a team collectively. 

The final research question explored whether specific actions would have abnormal 

occurrence rates in different states of play throughout a match, with the intent to understand 

how action frequency varies across game state phases such as holding or contesting control 

points. It was expected that specific actions would have disproportionate occurrence rates 

based on map control and location, forming H4. This hypothesis was confirmed through the 

results as it was clear that the closer to the opponents’ last point a team got, the more 

aggressive actions were observed and the closer to the team’s last point the more defensive 

actions were observed. Additionally, the more objectives the team held, which in competitive 

Team Fortress 2 reflects general map control as well, the more aggressive actions became. 

Certain actions such as switching to defensive-oriented characters was only observed on the 

team’s own last point as a ‘last resort’ measure. The overlap between objectives held by a 

team and the position in which certain actions took place were linked, it was uncommon to 

find actions that took place in locations where the ‘front line’ was not fighting for map control. 

The findings clearly establish a link between objective-based game contexts and the frequency 

of certain actions, which aligns with research that investigates the impact of key objectives in 

games like League of Legends, and sport science literature that highlights adaptations in 

behaviour in response to changing game conditions such as score line and momentum (Levi 

& Jackson, 2018; Novak et al., 2020; Praça et al., 2023). 

6.4.1 Limitations 

This study is an early application of notational analysis as a methodology within the domain 

of esports, and to current knowledge is one of the first applications of a hand-based notational 

analysis system. Like the limitations of the application of the Critical Decision Method outlined 

in Section 5.4.1, using a methodology that has not seen frequent use in the context of games 

and esports means that any findings resulting from this study should be interpreted with 

caution and considered as preliminary. While the development of a bespoke notation system 

like the one developed by Lorains et al. (2013b) demonstrates the ability for targeted and 
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domain-specific coding rich in context, it is also extremely specific to the subject domain of 

competitive Team Fortress 2 and findings lack any generalisability to other games or genres 

without replication studies. Generalisability is important within both qualitative and 

quantitative research as it can take a representative sample of participants and apply the 

findings of that group to a wider population or consider broader contexts and thus can be 

used by practitioners for their benefit (Smith, 2018). However, within the context of esport, 

there are those that argue that because games, their content, and their gameplay loop have 

a high degree of variation, findings should not be generalised without replication studies 

(Gundry & Deterding, 2019). Thus, it is recommended that generalisations of this study, and 

the thesis, be avoided without further replication research both within Team Fortress 2 and in 

other games. Bespoke notation systems can be created for each game, as mentioned before, 

but to test behavioural phenomena across games and genres would require a system that 

works in multiple contexts. 

Furthermore, with performance analysis as a method, and notational analysis more 

specifically, there is a concern around reliability and how that data is going to be used in the 

contribution of new knowledge (O’Donoghue & Hughes, 2019). There were certain tests that 

could not be carried out because of having too low a frequency count to conduct a meaningful 

statistical analysis on, most notably of which included the analysis of unbalancing actions that 

are high-risk and high reward in their nature that seek to dramatically shift the momentum of 

play, but due to the level of risk are done only occasionally. Making use of big data methods 

such as in-game telemetry, for example, could have been used to build massive millisecond-

level datasets usable on a large population size (Goes et al., 2021; Kovalchik, 2023; Phillips, 

2023). This would then be able to fill in the gaps on low-count data in addition to providing a 

high level of reliability to the rest of the dataset.  

To test the reliability of the notational analysis, intrarater tests were conducted as discussed 

in Section 6.3.6. The results suggest that the notation system can be applied with a generally 

acceptable level of consistency by the same experienced researcher across repeated coding 

sessions. More specifically, both the game state and distinct actions were recorded 

consistency between sessions, with a moderate agreement observed for the type of action 

undertaken and the effectiveness of both individual behaviour and collective team actions. 

Furthermore, match context variables including scoreline, objectives, held and location, 

demonstrated substantial agreement, indicating that these aspects of gameplay can be 

recorded reliability. In contrast, variables relating to team and player advantages achieved 

only fair or slight agreement, while action-based variables demonstrated moderate 

agreement. These findings suggests that a level of subjectivity may be present in the 

classification of actions, outcome components, and in-game advantages. In particular, the 

assessment of advantages may require a more reliable method of measurement, given the 

dynamic nature of gameplay and the rapid changes in team advantages that can occur. Future 

studies may benefit from adopting alternative data collection approaches for these variables. 

For example, rather than recording advantages nominally as ‘Advantage’, ‘Disadvantage’, or 
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‘Equal’, it may have been more effective to record them using ordinal or continuous measures 

that quantify the magnitude of the differences between the teams.  

Although the intrarater results provide evidence of coding consistency, it is recommended that 

future studies also include interrater reliability testing when using notational analysis 

(Callaway & Broomfield, 2012; Diewald et al., 2025; Nicklin et al., 2025; Novak et al., 2019). 

Interrater reliability tests were not feasible in the present study as a result of the highly 

specific and bespoke nature of the notation system, which required substantial game-specific 

expertise to apply effectively. While this expertise allowed the researcher to make use of their 

experience to capture game-specific behaviour and subtle behaviours that may have been 

overlooked by less experienced individuals, it limited the practically of recruiting additional 

raters. Future studies looking to adopt a similar methodology should ensure that all notational 

analysis is conducted with multiple trained researchers and interrater reliability is tested, as it 

has been demonstrated that bespoke notational analysis systems can have a high level of 

reliability when both intrarater and interrater testing is conducted (Nicklin et al, 2025). 

6.5 Chapter Summary 

This study sought to investigate expert decision-making in competitive Team Fortress 2 

through the development of a bespoke notational analysis system inspired by Lorains et al 

(2013b). Grounded in hand-based notational analysis, uncommon within esports research yet 

common within performance analysis, the system was designed to capture the discrete 

actions of players and teams alongside the game conditions and states, including objective 

and map control as well as the number of players alive for both teams on the field and the 

progression of the Ubercharge, an ultimate ability held by a keystone player. Structured 

around four research objectives, this study sought to investigate the prominence of 

advantageous game states and the efficacy of specific actions, the frequency of specific 

actions across all game contexts, the relative efficacy of actions taken by an individual and as 

a collective team, and the frequency of actions across objective-based game contexts and map 

locations. The study marks one of the first applications of hand-based notational analysis 

within the domain of esports, where other studies opt for the use of metrics, big data, and 

machine learning and other such technologies. While the data recording and entry was 

automated through a computerised interface, the use of hand-based notation proved 

effective for identifying contextualized behaviours that may otherwise be obscured in 

aggregated data. As an example, large data sets can struggle to capture distinct action 

sequences that can take place over a period, or risk-averse actions where the goal and means 

of execution is to wait for the opponent to make a move or mistake. The specificity of the 

domain, competitive Team Fortress 2 play, in a small data set compared to big data 

methodologies does limit the generalisability of the study in some ways but also demonstrates 

the potential for targeted and context-rich coding to capture implicit behavioural patterns. 

Further effort to implement interrater reliability beyond the intrarater reliability test 

conducted here is thoroughly recommended for future studies looking to adopt a similar 
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methodology as while other academics acted as critical friends through the design of the 

notational analysis system, reporting of results, and discussion, the actual reporting was done 

by a single researcher, albeit someone who has extensive knowledge of competitive Team 

Fortress 2 play. 

Consistent with the RPD model of decision-making, situated within the NDM framework, 

findings suggest that players adapted their actions in response to emergent cues including the 

state of both Ubercharge and player advantages, although having such advantages did not 

necessarily result in a consistently higher rate of action efficacy. Team-based actions, 

particularly coordinated plays like an Ubercharge, did have a strong statistical relationship 

with the overall team outcome unlike individual or independent players which exhibited 

weaker relationships, but the evidence did not clearly demonstrate that coordinated 

outcomes consistently resulted in a higher rate of effective action. Additionally, certain 

individual actions did have high efficacy rates, and some low efficacy rates could be argued to 

be low simply because of the high-risk and high reward nature of certain actions such as a 

sacrifice play. Moreover, the oscillation between aggressive strategies in advantageous states 

versus defensive strategies in disadvantageous ones highlights a dynamic and constant 

adaptation in strategy in response to contextual factors. Finally, positional and objective-

based game states did influence player action, with aggressive actions having more prevalence 

near the opponent’s base and vice versa, with some actions only occurring in specific contexts 

in response to the opponents having dominance over the game map and objectives. While 

the study does highlight significant associations between game contexts and player action, 

this does not explain the causal mechanism underlying them or provide a deeper analysis as 

to why, in the context of competitive play, these behaviours are exhibited. Synthesis of the 

findings from this study with the qualitative insights provided in the CDM interviews 

conducted in the previous chapter will allow triangulation of the findings to provide a more 

complete understanding of the relationship between contextual in-game information and 

expert decision-making during play. Additionally, the use of notational analysis in conjunction 

with, and independent of, CDM as a methodology will be explored to provide both theoretical 

and methodological insights for academics and practitioners including players, coaches, and 

game designers. 
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7 Triangulation and Synthesis of Research Programme 

In the previous chapters two studies were conducted, a qualitative and inductive investigation 

utilising an expert knowledge elicitation technique, and a quantitative analysis of player action 

and gameplay behaviours through a bespoke notational analysis system. The thesis is 

following a convergent parallel MMR methodology, in which the qualitative and quantitative 

studies are conducted at the same time, carry equal weight, and the findings of which are kept 

separate until complete, after which they are synthesised during the discussion element of 

the research (Creswell & Clark, 2017a; Delaney et al., 2017). This way, each study presents 

their own theoretical and methodological contributions, and the resulting triangulation of the 

data and synthesis of the findings presents further contributions. Additionally, the 

triangulation of the data is a strength of MMR as the use of different methods combines the 

strengths of each while mitigating some of the limitations they may have when used 

separately (V. L. P. Clark, 2017; Maarouf, 2019). Corroboration between the findings of the 

studies would strengthen the overall contributions, whereas conflicting evidence would 

present further research opportunities or gaps in knowledge that need addressing. 

The qualitative study used CDM, a semi-structured retrospective interview technique 

designed for eliciting expert knowledge in naturalistic environments with dynamic conditions, 

with the aim of exploring expert decision-making within competitive video game play. 

Interviews with expert competitive Team Fortress 2 players were subjected to an inductive 

thematic analysis process, in accordance with recommended structures and considerations 

(Braun & Clarke, 2006, 2019, 2023). Findings suggest that that decision-making within expert 

play in competitive Team Fortress 2 is moderated by a complex knowledge structure of in-

game representations of play and distinct cues, including the segmentation of distinct and 

repeating sequences of play, predetermined roles and inherent value attributed to those roles, 

existing and understood action ‘templates’ from which adaptations are built from, recognition 

of opportunistic actions to create advantageous states, and the understanding and potential 

exploitation of extraludic factors such as match contexts or opponent mentality. Use of this 

knowledge structure exists within a cyclical structure of constant refinement and self-

evaluation to identify potential errors in judgement, where improvements to mechanical or 

motor actions may be appropriate, or where further action is needed to identify where 

adaptations to behaviour are necessary, such as during post-match reviews or team-based 

discussions. Experts also reported they often think about instantaneous responses to 

emergent situations and short-term planning for forthcoming gameplay segments, as well as 

high-level and complex strategy across the entire match; albeit not simultaneously. Thus, it 

was proposed that analysing gameplay may follow a ‘levels of analysis’ method of 

understanding decision-making that can encompass the range of decisions that could be 

considered at one or more of these levels. 

The quantitative study investigated expert behaviour and player action within competitive 

Team Fortress through notational analysis, a method of performance analysis designed to 
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capture discrete actions taken by both individual players and as a collective team, and the 

surrounding game contexts including map control and key advantages like number of players 

alive, and the presence of the power play known as an Ubercharge. Focusing on the efficacy 

and frequency of actions, both including and regardless of in-game contexts like objectives 

and advantageous game states, findings suggest that that players exhibited a constant 

adaptation to their strategy in response to the oscillating state between having or not having 

certain advantages, opting for more aggressive actions during advantages and more 

conservative ones during disadvantage. This also corresponds to the everchanging state of the 

game objective, which represents overall control of the map, as players opted for more 

aggressive strategies when they had more control of the map and vice versa. Coordinated 

actions by a team had a strong relationship with the short-term outcome of the team because 

of that action. However, the analysis did not clearly demonstrate that those actions had a 

higher rate of efficacy compared to some individual and opportunistic actions undertaken by 

a single player, which could have high-risk but high rewards. 

Since the previous two chapters conducted each study separately from one another and 

convergent parallel MMR necessitates the synthesis of the findings, this chapter will be 

examining the theoretical and methodological findings of both studies in conjunction with one 

another by answering the thesis’ theoretical research question and reflecting on the design 

and implementation of the methodology, that utilises existing methods in expertise and sports 

science research, but largely untested within the field of esports, in addition to the 

positionality of the researcher and how their experience influenced the creation of this thesis. 

7.1 Addressing the Research Question: The role of contextual game 

knowledge in expert decision-making in video games 

Synthesising the preliminary findings of both Study One and Two, it is suggested that experts 

within the context of the competitive variant of Team Fortress 2 use contextual game 

knowledge to construct elaborate and complex representations of play. These act as a baseline 

from which adaptations can be made because of emergent and dynamically changing game 

scenarios, the recognition of which leverages the contextual game knowledge to identify 

specific in-game cues that the expert expects to precede said scenarios. These representations 

of play come from the identification of distinct and recurrent sequences of play and the game 

contexts surrounding them. The quantitative study that evaluated distinct player actions and 

the surrounding match contexts found that competitive Team Fortress 2 is characterised by 

constantly shifting game states. These states may consist of both explicitly known contexts, 

such as the number of objectives held by any team and/or overall control of the game map, 

and implicitly known contexts, such as which team is in a more advantageous state including 

having more players alive than the opponent, or the relative status of each team’s ultimate 

ability. These game states influence the specific actions an individual player takes and the 

actions a team takes collectively, namely that when the team holds map control or the 

advantage, players opt for more aggressive and opportunistic actions. However, when in 
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disadvantage or when the opponents hold map control, players opt for more conservative and 

defensive actions. The quantitative study on its own cannot establish a causal reason for this 

phenomenon or provide a deeper analysis as to why this may be the case. When taken in 

conjunction with the qualitative study however, some deeper exploration can be conducted. 

Participants reported that the key contributing factor to any adaptation to their strategy was 

the emergent scenario, resulting in a constant and repeating process of rapid evaluation of 

the game state to determine which team had the collective advantage, as the advantage 

presented as a key cue for determining the next sequence of actions. The regular and 

repeating game sequences led to the development of a standardised set of actions to them, 

colloquially referred to as a ‘default play’, which act as a baseline response to the emergent 

scenario that players can either execute in the most optimal manner they can or from which 

alternative actions can be selected based on the unique characteristics of the situation. 

Many of the findings in both studies resemble or have links to the Recognition Primed Decision 

(RPD) model, which is based in NDM as a theoretical framework, which was discussed in the 

critical review of decision-making and knowledge (Section 3.2.2). This model posits that 

experts within naturalistic environments leverage their knowledge and experience to identify 

the first suitable action instead of a deliberative process of cognition to select the ideal action 

at that time (Klein, 1993). It breaks down decision-making into a few key stages: one 

experiences a new situation, using several components like cues and expectancies they 

recognise familiar components, an action is simulated and tested, and if suitable that action 

is implemented. Figure 8 again outlines the RPD model as created by Klein (2021). Earlier 

versions of the RPD model had three levels of decisions and described how each of those 

stages were represented: reactive and instantaneous decisions with rapid recognition straight 

to implementation; situations not recognised because of missing or inconsistent information; 

more deliberative decisions that involve evaluations of planned actions. However, more 

contemporary models opt to connect the three levels together (Klein, 2021; Macquet & 

Pellegrin, 2017). 
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Figure 8 - Klein’s (2021) contemporary Recognition Primed Decision Model (RPD) 

 

The RPD model can be connected to both the quantitative and qualitative study, as both 

studies have links to the NDM framework that acts as a theoretical underpinning of the critical 

reviews of decision-making and knowledge as well as the use of the CDM interview techniques 

which was designed through NDM research. Using NDM as a framework, exploration of how 

expert athletes create and use cues within a domain task to inform decision-making compared 

to non-experts found that professionals demonstrated a greater ability to discriminate 

between cues and responded to and processed cues differently compared to lower skill 

players, indicating that increasing expertise corresponded to a difference in how experts 

process in-game information (Fortin-Guichard et al., 2021; Johnston & Morrison, 2016). 

Especially of interest, it was found that the process of anticipation and decision-making 

differed based on an individual's role, as characterised by setters in volleyball, who have 

significant decision-making responsibilities within the team, and who demonstrated greater 

conformity to the RPD model than other roles on the team (Fortin-Guichard et al., 2021).  

Within the context of this thesis, the difference in conformance depending on role within the 

team corroborates with what players reported, in that each member of the team had distinct 

roles that would influence the kind of decisions they would enact. For example, a team 

member having a more ‘valuable’ role where their death would have significant impact would 

opt for less risk-taking compared to someone seen as less ‘valuable.’ 
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Sports science research shows that, within the context of sport, the RPD model is effective at 

mapping the decision-making process of athletes during the domain task, which in this case 

would be the act of playing the sport (Bossard et al., 2022; Johnston & Morrison, 2016; 

Macquet, 2020). This thesis contributes to those findings by highlighting the ability for the 

RPD model, and NDM as a theoretical framework, to be used to investigate the mechanisms 

of expertise within games and esports. In their evaluation of expert volleyball players via the 

RPD model, Macquet (2009) found that players engaged in a recognition process which 

included the four components found in the model: plausible goals, cues, expectancies, and 

typical action. The concept of typical action is the use of predefined results and preceding 

events to construct a representation of a typical event, and if a specific action had worked 

previously then the appropriate action in the current context was to conduct the same action. 

This has significant overlap with the ‘Default Play’ described by players in the qualitative study, 

and the high occurrence rate of certain team and individual actions observed in specific game 

contexts in the quantitative study. Adaptations of play within the RPD model are exhibited by 

the seeking of further evaluation of the game state to highlight risks and opportunities when 

the expectancies of an emergent scenario are not met (Macquet, 2020; Macquet & Kragba, 

2015). Taken collectively, it is suggested that competitive Team Fortress 2 players follow a 

similar process as identified by Macquet (2009). Contextual game knowledge, in this context, 

is used to develop cues that can be used to rapidly recognise familiar patterns of play. Catching 

of preceding events and development of rules and cues can be explained with the Adaptive 

Control of Thought-Rational (ACT-R) theory, where knowledge is built through the encoding 

of previous decision-making processes into ‘chunks’ which when conducted over an extended 

period of time establish these complex knowledge structures (Anderson, 1996; Johnston & 

Morrison, 2016). The demarcation of mental processes in this way allows experts to retain 

more information than non-experts, as demonstrated by the difference in memory 

performance by expert and non-expert chess players (Chase & Simon, 1973a, 1973b; Simon 

& Chase, 1988). Outside of the way one processes information, simply having extensive 

knowledge of the domain task predicts an expanded domain memory regardless of expertise 

(Lane & Chang, 2018).  

Knowledge is also a vital component for superior anticipation ability. The ability to predict 

sequential events often with limited information is an area in which experts consistently 

outperform non-experts (Abernethy et al., 2005, 2018). Where anticipation sits within models 

like RPD has been the subject of discussion, as if an individual anticipates that a situation is 

going to occur before it happens, then that will affect the speed in which recognition will 

happen (Macquet & Pellegrin, 2017). Expectancies are a core part of the RPD model as it 

allows for the individual to compare the current situation with what they expected would 

happen to identify commonalities (Klein, 1993). In the original models, however, this occurs 

after the event has happened while the individual is attempting to recognise the situation. 

Anticipation focuses more on predicting an action or event before it occurs (Abernethy et al., 

2018; Macquet & Pellegrin, 2017). Experts use contextual information as part of anticipation 
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to constrain possible actions and reduce the amount of options suitable for the context 

(Magnaguagno & Beck, 2025; Murphy et al., 2019). Within the RPD model this would be the 

constraining of typical or appropriate actions within the recognition phase, alongside cues, 

expectancies, and goals. Within competitive Team Fortress 2 play, findings suggest that 

anticipation is facilitated through the relationship between advantage/disadvantage and 

action choice. Players make assumptions that certain game states, like having certain 

advantages, would result in certain outcomes as exhibited by Participant AD7800 discussing 

when it is appropriate to make a play with a low chance of success onto a high value target: 

“So, the goal of the counter [sacrifice] is to: number one is to kill the Medic, 

number two is to kill the Demo or another player and at that point if as long as you 

have a one-man advantage you can pretty much infinitely sac. So, the goal of the 

counter sac is to create an advantage and I guess at the point where I’m behind 

the advantage is I’m behind them and I can theoretically come from anywhere.” 

(Participant AD7800) 

The assumption by this player is that as long as they maintain a small player advantage, then 

the team can opt for this action that is difficult to successfully pull off but has incredibly high 

rewards as it would give the team an advantage and the opportunity for highly aggressive 

actions, which have a high rate of efficacy as seen in the quantitative study.  

Despite the prevalence of NDM as a theoretical framework and specifically the RPD model in 

many domains including traditional sport, there has been extremely limited use of either 

within the contexts of gaming and esports. In their review of decision-making research in 

esports, Pedraza-Ramirez et al. (2025) refer to NDM when discussing research into the 

relationship between cognitive and motor actions within the field. In exploratory literature 

searches, the discussion of NDM and RPD within the context of games focuses on serious 

games or the applicability of games for training (Jalife et al., 2021; Lappas et al., 2023; Mun et 

al., 2017). However, Lindley and Sennersten (2006) in their nomological analysis into the 

cognitive processes within games discuss CTA and how it is used to explore knowledge and 

cognition within complex and naturalistic domain environments. They make specific reference 

to CDM as a methodology, and how CTA can be used for examining cognition in games 

provided that verbal techniques like CDM are leveraged alongside other methodologies, 

including interaction logging or biophysiological monitoring. This suggestion has been put into 

contemporary practice within the specific area of expert decision-making in competitive play 

in this thesis with the use of CDM for the qualitative component and hand-based notational 

analysis for the quantitative component. Competitive video gaming in particular is a very 

effective way of studying components and mechanisms of skill acquisition, performance, and 

expertise as participants are intrinsically motivated to exhibit and improve their skilled 

performances, accessibility to huge and rich quantitative datasets through the game API, and 

the designing of domain representative or naturalistic tasks is less complex than in other 

domains as researchers can use a known game, or several games, as the task of which experts 
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are intimately familiar with. Furthermore, esports competitors regular engage in their own 

self-experimentation and pseudoscientific studies to identify their own methods or strategies 

for improvement (Boudaoud et al., 2022). Thus, it’s encouraged that based on the results of 

this thesis’s studies, who’s methodology, theoretical underpinning, and findings are closely 

linked or anchored within NDM, that further research investigates the mechanisms of NDM 

and how the RPD model is represented within play across multiple game genres. The 

circularity of the RPD model, where an emergent state is processed in cognitive systems and 

then an action is implemented, shares similarities with a range of gameplay behaviour models 

(Arsenault & Perron, 2008; Ben-Sadoun & Alvarez, 2023; Djaouti et al., 2008; Dor, 2014; 

Perron, 2006; Raies et al., 2014). Such common characteristics further demonstrates the 

applicability of the RPD model within video games and esports. 

Beyond the linking of this thesis with the NDM framework and the applicability of the RPD 

model within competitive Team Fortress 2 play and the wider esports and video gaming 

ecosystem, there are other findings from these studies of interest. Within competitive Team 

Fortress 2 play, certain roles were described by players to have comparative advantage against 

other characters and that the actions one took were directly influenced by their allocated role 

or the character they were playing. Participants described a shared understanding as to what 

each player was responsible for within the team, which constrained the possible actions one 

could or should take during play. Constraining possible actions as a result of predefined roles 

can be a source of knowledge that individuals can use to improve the processing of 

information, or to take the burden of tactical planning away from other members of the team 

(Fortin-Guichard et al., 2021; M. Williams & Davids, 1995). This collective knowledge is 

observed in other domains like traditional sport, as being able to utilise shared 

understandings, including the role of specific players within the team and how each role 

contributes to the team’s performance, is a key skill for team sports (Bourbousson et al., 

2011). Players also reported elements of metacognition and refinement of decision-making 

processes, which some reported to change the momentum of play and improve the 

effectiveness of the team. Efficacy of actions were tested within the quantitative study, but 

longitudinal trends in performance across a single match or across multiple matches was 

beyond the scope of that study, thus offering a potential avenue for further research. 

Metacognition and self-reflection are processes that “provide a window on the genesis of 

expert performance” and offer a more deliberative process of improving performance beyond 

the short-term adaptations of play during a single match (MacIntyre et al., 2014). The 

relationship between short term reflexive decision-making and long-term planning across a 

match does cover one of the last major theoretical findings from these studies, that decisions 

can be made at different scales. From instinctual responses with immediate outcomes, to 

short-term planning for the next sequence of play, all the way up to higher-level strategic 

adjustments. The time one must process, recognise, and act can differ significantly, thus would 

require unique interactions within any decision-making model and how knowledge is 

leveraged during that process. As an example, within the notational analysis it was observed 
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that there were instances in which a player would conduct an action independently of the 

broader team in response to an emergent situation, such as an opponent out of position or 

vulnerable. This was also corroborated by player interviews where players would divert from 

the ‘default play’ for a short-term action:  

“I would say that as a medic player, some people call me a troll. I say I am very 

creative and that comes with knowing what game play and game style the other 

team wants to do all the time and knowing how they play. You can do things that 

any other time of the game would be considered trolling. But in the moment, 

because you know that somebody has low health, you can, you know, go for a silly 

bow on them or you can run into a certain position because you know that players 

are going to come to you and it makes space for the rest of your team.” (Participant 

P6690) 

This player further explained that often there are moments where you make an adaptation in 

play that is reactive to immediate and small alterations in the game that contribute towards a 

larger goal, as well as describing decisions that require some level of planning: 

“I would say that at least the way I describe decision-making in TF2 is macro and 

micro decisions. Where the macro ones will be you have time to call a full play 

before, and so you know, it might only take you five seconds. It can be as simple 

as, you know, "scout solly push river, demo hold lobby", something like that. You 

know, it's quite succinct, but that will be a kind of macro call, understanding what 

the players are doing there and a micro call would have been say, you know, when 

you're bombing and there's a demo and their med next to each other, do you shoot 

the demo? Do you shoot the medic? That kind of thing. You know, it's much more 

instant split-second.” (Participant P6690) 

This description is corroborated by the findings of the quantitative study as described above 

with actions being conducted collectively by a team without any individual divergence, as well 

as certain actions being taken independently of what the broader team action may be. An 

example of the latter may be going for an individual sacrifice play while the rest of the team 

plays passively to avoid further deaths beyond the sacrificing individual. Similar mental 

processes occurring at different scales of temporality, such as rapid decision-making to more 

deliberative processes, were captured within the earlier versions of the RPD model. Moran et 

al. (2019) recommended that when conducting research into the mechanisms of expertise 

one should consider what level of analysis they are engaging with, citing Marr’s (2010) three 

distinct levels of abstraction: the physical implementation of a system, the processes that 

make the system work, and the larger problems the system intends to solve. Following on 

from the nature of temporality present in one’s decision making, one can also look towards 

Newell’s (1994) time scale of human action that describes behaviour from the near instant to 

the longitudinal impact across days or months. A key contribution of the qualitative study was 
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the development of the Meta/Macro/Microgame Model which demarcates and classifies the 

scale that a decision or action is relative to. The Metagame scale reflects strategic evaluations 

of the game state before, during, and after a match, can transcend a single match, and focuses 

on examining player behaviour and decisions with longitudinal impacts during, for example, 

an entire season of play. Both the Macrogame, decisions made within recurrent or distinct 

segments of gameplay demarcated by shifts in game state, and the Microgame, which 

represents the lowest level of gameplay and the moment-to-moment manipulation of play, 

can be explored in the context of the findings of both studies. 

As an example, in the quantitative study it was found that in disadvantageous states there was 

a higher rate of defensive actions taken individually and as a team. The strength of the MMR 

approach adopted in this thesis means that this finding can be triangulated with the insights 

provided by the expert players, which allows this phenomenon to be explored beyond the 

simple observation that one opts for defensive strategies when losing. In fact, the interviews 

highlight a clear intent and long-term planning to manipulate the opponents’ behaviour by 

baiting them into positions that make them vulnerable to attack which in turn would prompt 

a change in momentum. 

“I guess you could call it normal TF2 if you want to call it that and then I was like 

‘let’s play like super passive just let them come into us and they are feeding into 

us just let them kill themselves on us and then we’ll deal with that after’ and it 

seemed to work really well. But I decided after the end of the first half we had to 

play more passively then realise what they were doing on the midfight and told 

the demo.” (Participant AD13415) 

This represents a decision that could be situated within the Macrogame, some deliberate and 

planned behaviour in anticipation of an expected scenario with specific intent to reach a 

defined goal. These collaborative plans made by a team were found in the quantitative study 

to have the strongest contribution to overall team outcomes, which suggests a high 

importance around macro-level decision-making. However, individual actions are situated 

more often within the Microgame and frequently characterised by behaviours divergent from 

the overall team action, with the intent of providing further contributions than if they solely 

followed the planned action according to expected behaviours. The difference between each 

stage of the Meta/Macro/Microgame Model aligns with the earlier stages of the RPD model 

that has specific models for instant, planned, and deliberative decisions (Klein, 1993). The 

Meta/Macro/Microgame model adapts this, demonstrating that investigations of expert 

decision-making and knowledge within the context of video games, much like what was 

recommended by Moran et al. (2019), should carefully consider what level a decision is being 

made within. There are distinct differences between instinctual decisions necessitating near-

instant recognition such as opponents appearing unexpectedly and having the time to make 

short-term plans for a distinct sequence of play. The latter would mean the player has more 

time to deliberate, make mental simulations, as well as share and communicate those plans 
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between teammates. Furthermore, they could be engaging in higher-level strategic 

adjustments, engaging in metacognitive processes, or leveraging the fact that their opponents 

might be overly nervous or confident because of the match stakes. The scale at which a 

decision is made is a vital component in how players will decide, and the amount of time they 

can spend in a decision-making model like RPD before having to select a choice. RPD focuses 

on selection of the first appropriate action as opposed to what is optimal, but the criteria for 

what is considered appropriate may depend on the latencies between recognition and 

implementation. 

In summation, the preliminary findings of these studies suggest that the role that contextual 

game knowledge has on esports decision making is that players use it to construct complex 

knowledge structures and representations of play, allowing them to rapidly recognise familiar 

game contexts and adapt their play. Those representations of play can be used to build a 

‘default play,’ a baseline action or behaviour for recurring game states from which small 

adaptations can be made in response to unique characteristics of the emergence situation. All 

this closely aligns with the RPD model that posits that experts rely on recognition and 

simulation of actions for rapidly selecting an appropriate action instead of a more deliberative 

and perfectionist process of finding the ideal response. Decision-making was also found to 

operate at various levels, from near-instant reactive manipulations in play, to short-term 

planning, and up to high-level strategy that transcends any single match. To encapsulate this, 

a Meta/Macro/Microgame model was proposed to encourage the analysis of expertise within 

these nested timescales, from reflexive action to distinct sequences of play. Within 

competitive Team Fortress 2 play, a shared understanding between teammates and 

predefined roles with expectancies attributed to them were critical components of decision-

making during play, corroborating findings in sports science. Expert performance is refined 

and developed through a continuous cycle of evaluation, metacognition, and adaptation. 

7.2 Reviewing Methodological Approach and Research Paradigm 

Alongside addressing the research question on the role of contextual knowledge in decision-

making, the research has demonstrated novel application of methodologies common in 

domains including expertise, NDM, and sports science but with limited use in gaming and 

esports. The thesis thus presents and tests a new way of exploring expertise within the context 

of games and esports, contributing to methodological knowledge and practice in this field. 

The process of developing this methodology followed the guidelines of DSR to build new 

knowledge through the development of new artefacts that solve problems within the domain, 

the solutions of which may have broader or further contributions beyond the original problem 

(vom Brocke et al., 2020). This section will reflect on the design and implementation of the 

methodology, the strengths and limitations of the methods chosen, and some considerations 

for future research looking to follow a similar approach. Additionally, the role of the 

researcher and their positionality within this research will be reviewed, including how 

intimate experience of the game used in the studies aided in the research process and how it 
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may have affected the interpretation of the results, with recommendations made based on 

lessons learned during this work. 

7.2.1 Methodological Design 

In Lindley and Sennersten’s (2006) nomological analysis of cognition in games, they 

recommended that CTA should be used to explore cognition within the field of games and that 

verbal techniques like CDM should be used alongside other techniques such as interaction 

logging or biophysiological monitoring. This is also recommended by research using CDM from 

within the field of traditional sport as well, suggesting that initial expert elicitation techniques 

like CDM should be used in conjunction with objective methods (Morrison et al., 2013). This 

recommendation was found after both the quantitative and qualitative study were 

completed, but the methodological element of this thesis embodied this recommendation. 

The inductive and exploratory nature of this thesis, where the methodology itself acts as an 

artefact, closely aligns with one of Goldkuhl’s (2008, 2012) four types of pragmatism, namely 

methodological pragmatism where knowledge is constructed through actions or processes 

undertaken. Congruence of findings from both studies indicates that the combination of a 

semi-structured interview technique and performance analysis can be used to investigate 

expert decision-making and knowledge within esports and gaming. The strength of taking an 

inductive and pragmatic approach to the methodological design was that it allowed for the 

selection of methods that were proven to be effective in comparative domains, as both CDM 

and performance analysis were used in traditional sports, while CDM has also been used in 

several complex and naturalistic domains requiring rapid and complex decision-making. One 

benefit of specifically conducting a convergent parallel mixed methods design was that it 

allowed for the design of each study to be conducted independently of one another, meaning 

each of them had their own theoretical underpinning, findings, and discussions. The 

triangulation and congruence in findings acted as a validation of the methods used in addition 

to the unique theoretical contributions it brought, including the proven applicability of NDM 

and the RPD model. However, a causal relationship cannot be clearly established between the 

patterns of behaviour found in the quantitative study and the what the experts reported in 

the qualitative study. As an example, the reasonings that an expert gave for playing defensively 

when in a disadvantageous state which was to manipulate the behaviour of opponents to 

making themselves vulnerable to attack might not be reported by another player who could 

give differing reasons as to why they would play defensively in that situation. Thus, replication 

studies or further research into the relationships established are recommended. 

7.2.2 Use of the Critical Decision Method for Eliciting Esports Game-Specific 

Knowledge 

CDM is a proven method across a range of domains for eliciting expert decision-making 

processes and domain-specific factors that contribute to the decisions of said experts 

(Hoffman et al., 1998; Klein et al., 1989). The result of the qualitative study corroborates these 

findings and highlights the potential for CDM in games and esports. Participants were able to 
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clearly identify critical decisions during a match, highlighting cues and in-game information 

that they use when making decisions. By focusing on specific moments or key decisions, the 

researcher can get the participant to analyse the circumstances in further depth. Of significant 

benefit was asking players what someone less experienced in the game would do in those 

circumstances, as it resulted in participants highlighting known concepts or rules that they 

consider fundamental or self-explanatory that had not crossed their mind to discuss. 

“There's just less coordination, and they don’t understand - they might not 

understand what their role in the forward hold is well, right? They might not have 

that talk with their team like “oh, soldiers play here, scout I want you there, demo 

I want you trapping this door” but as you play more and more you kind of get that 

default strategy in your head like ‘this is what people do, this is what I generally 

need to do in this situation’” (Participant D13622). 

The current state of cognitive research in games focuses a lot on the efficacy of games 

for training cognitive skills or whether extensive experience in games results in superior 

cognitive skills (Bavelier et al., 2018; Bediou et al., 2018; Gray, 2017). What CDM presents 

is an alternative approach, focusing instead on the contexts of expert decision-making 

and the information they are leveraging, which has broad applications for both 

researchers and practitioners in games and esports. Organisations or teams in esports 

could adopt the CDM structure of multiple-pass and progressively deepening questions 

for retrospective analysis of recent matches, which would help identify cues, goals, 

specific actions taken, and what knowledge was used. Game developers could utilise 

CDM to provide a semi-structured method of interviewing play testers to discuss specific 

and key moments in gameplay where perhaps they encountered difficulties or had 

memorable interactions, which can identify game design considerations that can be sent 

back to developers for further work. 

7.2.2.1 Limitations of the Critical Decision Method as used in the Qualitative Study 

As discussed in Section 5.4.1, there are several limitations with the CDM interview as 

conducted in the qualitative study. Firstly, while there is rich qualitative data, there is a lack of 

generalisability with the specific findings in this interview, as this is what competitive Team 

Fortress 2 players reported about their own game within a limited sample size. Additionally, 

conducting retrospective interviews about matches that are not stimulated with video 

recordings or similar material can result in misremembering or reporting incomplete 

information in a way that is difficult to verify and validate without empirical analysis of 

gameplay behaviour, which was the intent of conducting both a qualitative and quantitative 

study within this thesis. Furthermore, CDM is most effective when experts recall atypical 

situations or events that are particularly memorable. During this study when participants were 

asked to recall a memorable event, many opted to select a recent match which may not be 

memorable because of atypical event, outcomes, or decision but may be because of a recency 

bias. Participant recruitment for this study also did not factor in the separate roles within 
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competitive Team Fortress 2. As discussed within the interviews, players had distinct roles 

with expectancies attributed to them, which highlights that the role someone selects before 

a match has a significant impact on the actions would be appropriate for them to take. This 

interview did not ask participants what role they played, which means it is difficult to establish 

whether commonalities in what participants reported were as a result generalisable across 

roles, or whether more roles were better represented in the research population. Finally, the 

participant population did not include non-expert participants which means that findings from 

this study can only explain the behaviours of expert Team Fortress 2 players and do not 

necessarily transfer to amateur or novice levels of play. 

7.2.3 Use of the Hand-based Notational Analysis as a tool for analysing 

gameplay 

The quantitative study marked one of the first applications of hand-based notational analysis 

within the domain of esports and gaming, although data recording and entry was streamlined 

through a computerised interface. It proved effective for identifying contextualised 

behaviours that may otherwise be obscured in aggregated or big data sets. Creating a bespoke 

notation system demonstrates the potential for targeted and context-rich coding to capture 

implicit behavioural patterns through distinct in-game actions. One practical design choice for 

the notation system for this study was that it was for video-based notational analysis and not 

real-time use. There are notation systems that can be used in real-time but during this study 

the video was paused to record distinct actions, as some actions happened within seconds of 

each other, especially if an individual engaged in a divergent action from collective team 

action. The strength of video-based notational analysis like this comes from having a greater 

degree of control over the material(s) being reviewed and the ability to embed further 

technology and capabilities into the video (Caso et al., 2025). The notation system as designed 

for this study could not be used in real-time by coaches for example, as this would require a 

unique design that could either enable more rapid data entry or capture in-game information 

automatically by leveraging tools like the game API. Some performance analysis 

methodologies, both in esports and traditional sport, balance quantitative and qualitative 

methods, such as the use of in-game metrics or biophysiological monitoring (Plakias et al., 

2025; Smithies et al., 2021). Video games have extensive access to a rich body of data, but 

relying entirely on metrics can lose the holistic contexts that practitioners like coaches or 

professional players may be interested in. A mixed-methods approach incorporating both 

allows practitioners to examine gameplay segments of interest and access metrics for deeper 

analysis of the gameplay contexts. Game researchers would also benefit from further use of 

notational analysis methods, both automated and hand-based, to provide structured and non-

invasive observation methods of analysing player behaviour. Combining this with the 

telemetric data collected by developers, an event-based notation system like the one used in 

the quantitative study could be used by designers to identify moments of interest, such as 

when a game tester gets stuck, and pull telemetric data from this to address development 

errors or suggest design changes. The notation system used in this thesis identified distinct 
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actions like pushes or holds, although developing a system either generalisable to a number 

of games or, like this one, which is more specific to the game of study, does not require 

significant investment of resources like a sophisticated telemetric and data visualisation 

system would.  

7.2.3.1 Limitations of the Hand-based Notational Analysis used in the Quantitative Study 

With the notational analysis conducted in this study, there are several limitations both specific 

to the system design as well as the broader methodology which has been discussed in Section 

6.4.1. First, the system designed is specific to competitive Team Fortress 2 meaning that the 

resulting data and interpretation has limited generalisability to the domain. The designing of 

bespoke notation systems can prove useful to examine behaviours within the domain task, 

but the more specific the system becomes the less generalisable to other games or sports it 

becomes. In performance analysis there is always the issue of reliability which highlights the 

importance of carefully considering how the resulting data is going to be used and how to 

ensure sufficient reliability (O’Donoghue & Hughes, 2019). The notation system as designed 

was effective at capturing some game contexts and distinct actions, the use of in-game 

telemetry as previously discussed would have resulted in a more reliable and rich data set and 

would have resulted in higher quantities of data. Within the study, tests investigating 

unbalancing actions, characterised by high-risk actions and high reward outcomes, could not 

be done due to the low counts of these actions across all matches which could have been 

remedied with a wider analysis. The last limitation of this study was that there was no 

interrater reliability, as no other individual was involved in the use of the notation system or 

engaged in the data collection process. The benefit of the researcher’s experience with the 

game allowed for the development of a notation system specific to the domain of competitive 

Team Fortress 2 that could capture subtle behaviours that non-trained individuals might miss, 

but those subtle behaviours would be difficult for individuals not experienced with the game 

to use. An intrarater reliability test was conducted (Section 6.3.6) which does suggest that the 

same experienced rater can accurately report similar action, outcomes, and surrounding game 

state information, but weaker scores around advantages and only moderate agreement with 

action-based data does suggest a level of subjectivity. Interrater reliability is thoroughly 

recommended by studies utilising notational analysis as it acts as a validation that the system 

and process of capturing data was conducted appropriately (Callaway & Broomfield, 2012; 

Diewald et al., 2025; Novak et al., 2019). Future studies looking to adopt a similar 

methodology should ensure that all notational analysis is conducted with multiple trained 

researchers and interrater reliability is tested. 

7.2.4 Positionality 

The role of a researcher is commonly discussed within qualitative researcher as the biases one 

has because of their own identity and experience could influence the choices one makes 

during the development of a piece of work like a thesis (Strunel & Cordoba, 2025). The design 

and development of this research and the methodology it selected was influenced by my 
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extensive experience within esports as a player and practitioner, especially for the game 

selected for study. As a practitioner I have a decade of esports experience within the 

competitive variant of Team Fortress 2 with over 6,000 hours of playtime recorded. In that 

time, I have established a recognisable presence in tournament administration and event 

organisation, having played a role in running several key competitive and charity events for 

the game over the past eight years. It is encouraged that researchers within qualitative 

research, including esports research, exhibit self-reflexivity on the impact one has on the 

communities they engage with (A. C. Cote et al., 2024; McCauley, 2025). From a 

methodological standpoint this had several benefits, particularly in the context of conducting 

esports-related research. One challenge of esports research is the access to experts. Often, 

the players competing at the highest level can be hard to access resulting in either a low 

sample size or broadening the inclusion criteria to encompass more potential participants. 

While the low sample size does limit the generalisability of the data, the value that subject 

matter experts like these top-tier players bring are rich insights to the complex decision-

making process at the highest levels of play which can establish a foundation for future work 

(Hong & Hong, 2023) Because of my significant experience and renown, I had greater access 

to expert participants in competitive Team Fortress 2 than if I had conducted the studies on 

other games like Counter-Strike or League of Legends. Additionally, familiarity with the 

competitive scene meant that there was an existing understanding of communities or 

websites that could be used in the recruitment strategy. 

In terms of the implementation of the studies’ procedures, that existing experience was also 

a factor. When interviewing the participants with CDM, participants knew and understood 

that they could use language or terminology that would only be understood by another player 

within the scene, which made explaining their rationale within the deepening questions 

easier. Additionally, the interpretation of the qualitative findings was aided by my positionality 

as the researcher as that experience allowed for easier translation of game-specific 

terminology or discussion into reportable and academic discussion. For the design of the 

quantitative study, a bespoke notation system for competitive Team Fortress 2 play did not 

exist, so that existing knowledge could be leveraged to list all the distinct actions taken by 

players and determine relevant match contexts. The four hypotheses used in the notational 

analysis were also aided by this positionality as it allowed for my own experiences of what I 

would expect to happen in certain objective-based or contextual game states, or the 

effectiveness of certain actions alongside the academic literature of notational and 

performance analysis in team sports, to be used together in their design. In summary, the 

extensive experience of the researcher with the game in question allowed for better informed 

recruitment strategy and greater access to expert participants, for participants to be 

interviewed in a peer-to-peer manner as opposed to the standard interviewer-participant 

dynamic, and the design of the notation system and hypothesis in the quantitative study to 

be informed with actual match experience and encapsulate all distinct actions within 

competitive Team Fortress 2 play. 
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However, the importance of the researcher’s positionality for qualitative research is still a 

subject of debate. Some scholars have argued that credible statements of positionality cannot 

exist because of that very positionality, and that acknowledging it can threaten the 

impartiality of the research as it takes efforts away from reducing potential biases (Savolainen 

et al., 2023; Singh et al., 2025). Bias is the key limitation or concern in this study, as that 

extensive experience, while beneficial in the research design could also have impacted the 

ability for the researcher to evaluate and design research in a manner that was more impartial 

or further reduced biases. When interviewing participants, for example as this study did with 

CDM, making a researcher’s positionality known or if the participants have prior knowledge 

of the researcher’s experience or identity can help them be more transparent and forthcoming 

with information. However, it also presents the risk of obfuscating or omitting information, 

either because the participants lose a level of trust for fear of a lack of impartiality by the 

interviewer, or alternatively due to an assumption that the interviewer can ‘fill in the gaps’ 

(Mitchell, 2008; Saidin, 2016; Unluer, 2012). An ‘insider’ interviewer needs to encourage the 

participant to be forthcoming with all information and avoid the need to make assumptions 

about the meaning of statements. In the CDM interviews, this was communicated to the 

participants and the probing questions such as “What did you see or hear?” and “What 

information did you base that on?” allowed participants to be explicit with their descriptions, 

This demonstrates that a structured interview structure can mitigate the risk of omitting 

information if the participant believed the interviewer can ‘fill in the gaps’ 

There are a few mitigation and validation methods that are encouraged for researchers with 

insider experience in a domain (Greene, 2014; Guba, 1981; Lincoln & Guba, 1985). Firstly, that 

safeguards are put up between the researcher and participants such as the structured design 

of the CDM interviews. Secondly, the use of triangulation of data using multiple sources and 

methods, like the convergent MMR used in this thesis. Thirdly, to engage in constant reflexivity 

on the researcher’s positionality throughout the project. Lastly, to share findings with critical 

friends. The latter points to another limitation in relation to positionality with specific 

connection to the quantitative study, in that there were not interrater reliability tests of the 

notational analysis. While the notation system itself was subject to review by both academic 

and domain expert critical friends and the data reporting and analysis was reviewed by 

academics, the actual data collection was not subjected to interrater reliability testing as there 

were no other researchers involved in that process. That presents a significant limitation as 

what the researcher recorded was done with an experienced eye in terms of competitive Team 

Fortress 2 gameplay, but there is little validation of the data collected outside of statistical 

testing. Use of other researchers, or experienced players, for data collection and entry 

recording would have provided the opportunity to test whether there was cohesion between 

the actions one recorder took compared to another. 
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7.2.5 Alternative methodologies 

The thesis has presented a convergent parallel MMR design that implemented a qualitative 

semi-structured interview technique specifically designed for knowledge elicitation of 

experts, in conjunction with a quantitative notational analysis of distinct in-game actions and 

surrounding contexts, to analyse the role of contextual game knowledge in expert decision-

making within competitive Team Fortress 2 play. The methodology demonstrated that expert 

players develop knowledge structures that are used in action simulation, cue development, 

adaptation of play, and the construction of default plays. This approach aligns itself with 

literature that recommends the use of methods like CDM to investigate cognition within the 

field of game (Lindley & Sennersten, 2006). The use of CDM with Notational Analysis is a novel 

approach to exploring player behaviour and decision-making, drawing on prominent 

methodologies within NDM and sports science research.  

The methodology with the closest alignment to the procedure conducted in this thesis is the 

Tracer Method. Designed by Roose and Veinott (2020), it combines CDM interviews with eye 

tracking technology to identify strategies used by experts in “interface-based tasks” like 

gaming and esports. The steps for the Tracer Method are described in Table 22, but the key 

idea is to have expert players play a game live while their eye movements are tracked, followed 

immediately by the CDM interview to identify the critical decisions  in the match they just 

played, after which the eye tracking data from those decisions are pulled out and analysed 

further to explore expert visual gaze patterns. Unlike the CDM process conducted in this study, 

which analysed the interview data with an inductive approach, the coding of the interviews 

within the Tracer Method took a deductive approach, classifying the critical decisions into 

three macrocognitive functions: Coordination, Sensemaking, and Managing Uncertainty (Klein 

et al., 2006b, 2006a; Roose & Veinott, 2020). The benefits of the combination of quantitative 

and qualitative methods employed in the Tracer Method are also demonstrated by the 

approach taken in this thesis. In the Tracer Method, the combination of qualitative and 

quantitative methods led to a much richer analysis and enabled linking macrocognitive 

activities to biophysiological analysis. For example, when a sensemaking decision was being 

made there was increased eye gaze motion between the Ultimate Charge and Ability 

Cooldown HUD icons which, when discussed alongside the findings of the CDM interview, 

provided the opportunity to discuss behaviours in relation to in-game contexts and events. 

There are limitations to the Tracer Method as described by Roose and Veinott (2020), such as 

it being unable to source information from elements not on screen such as voice 

communications, and that it only applies to Human-Computer Interaction (HCI) activities, 

particularly ones that are interface-based. The methodology designed in this thesis, which 

uses CDM interviews with a hand-based notational analysis system can be used in esports but 

can just as easily work in non-HCI activities like traditional sports. Additionally, the Tracer 

Method focuses on a deductive approach to answering a research question, where this thesis 

adopted a more exploratory and inductive one, which can be useful for domains like esports 

where the behaviours and cognitive processes of one game or genre do not directly translate 
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over to another. Both the Tracer Method and this thesis demonstrate that methodologies that 

using NDM as a theoretical framework have strong applicability in the domain of games and 

esports, despite the limited research that currently exists. 

Step 1: Users complete task/scenario while eye tracking is recorded  

Step 2: Immediately post task, interview participants to identify 2-4 key decisions using CDM 

Step 3: Categorize critical decisions   

Step 4: Identify time frames for each decision. Segment eye tracking data for these decisions. (~30 secs to 

minutes) 

Step 5: Analyse eye tracking only during decision segments (times from Step 4) 

Step 6: Calculate network centrality measures to identify focal areas in search patterns by decision 

dimensions. 

Table 22 - Steps in the Tracer Method as described by Roose and Veinott (2020) 

The use of eye tracking in the Tracer Method also points to another type of methodology that 

could be used to examine expert behaviours which is the use of biophysiological monitoring 

technologies, including the use of wearable technology, to study traits like heart and 

respiratory rate and their changes during play to monitor exertion and stress (Koshy & Koshy, 

2020). This thesis has focused on behavioural responses to emergent game states using either 

methodology on its own would limit the potential analysis that could be done. Notational 

analysis can be used to identify patterns of behaviour but not the deeper understanding as to 

their cause or the rationale behind the action. Expert interviews can provide rich qualitative 

data, but there is a difficulty in validating that what experts are reporting is accurate. The 

combination in this thesis allows for the corroboration of what the experts discussed with the 

patterns of behaviour observed in the notational analysis, after which the insights from the 

interviews can then begin to explain the rationale behind those patterns. 

Another angle one can take would be the use of dig data and metric analysis, which is a very 

common methodology in esports due to the fact that large data sets are readily available 

within games and esports that can be subjected to any number of quantitative analyses 

(Bahrololloomi et al., 2023; Hodge et al., 2021; Qian et al., 2022; Schubert et al., 2016; Sifa et 

al., 2021; Smithies et al., 2021; Tot et al., 2021; Xenopoulos et al., 2021). However, this shares 

the same limitations of biophysiological monitoring in that trying to understand the 

mechanisms of expert decision-making and the use of knowledge in the decision-making 

process can be difficult to track using purely quantitative data. A mixed methods approach is 

thus once again recommended, as the use of metrics and computerised analysis is a powerful 

tool for establishing trends of behaviour across a single game or longitudinally, something that 

can be difficult within purely qualitative methodologies. Further use of computerised 

technology would also aid the use of performance analysis within the context of games. The 
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quantitative study in this research utilised a hand-based notational analysis where data was 

manually entered into a computerised data entry and storage system that was then placed 

into quantitative analysis software. Use of more computerised technology, such as pulling 

game data from the API, would increase the amount and breadth of data that could be 

collected during a match and move use away from post-match video review to more real-time 

data capture. Computerised notational analysis has continued to grow in popularity since its 

original conception in the late 1980s through to the modern day (Hughes, 2015; Hughes et al., 

2007). However, the challenge of further computerisation of a notation system is the technical 

knowledge and resources needed to design and develop it. The notation system designed in 

this thesis, which was conducted manually, used Microsoft Excel for data entry and storage, 

with the actual system itself consisting of buttons entering a string of data using simple VBA 

programming techniques. A more complex system that leverages game APIs would require 

further technical knowledge, something that may not be accessible for researchers and 

practitioners, so there remains a clear use case for more manual notation systems, even if the 

actual recording is through a computerised medium. 

7.3 Chapter Summary 

This chapter synthesised the findings of the CDM interviews of expert competitive Team 

Fortress 2 players and a bespoke hand-based notational analysis of distinct in-game actions 

and surrounding contexts aimed at identifying trends of behaviour in response to changing 

contexts. With the aim of exploring the role that contextual game knowledge has on expert 

decision-making within video game play, this thesis has employed a convergent parallel MMR 

design where each study was conducted in one sequentially but independently of one another 

with the implications of both studies brought together after analysis and discussions were 

completed. Independently of one another, the findings of these studies highlight that research 

into video game expertise, knowledge, and decision-making can be grounded within the 

theoretical framework of NDM, and that competitive Team Fortress 2 play exhibits 

characteristics of, and can be modelled within, the RPD model. Preliminary findings suggest 

the role that contextual game knowledge has is that players use it to construct complex 

knowledge structures and representations of play which enables expert players, who have 

extensive knowledge bases, to rapidly recognise familiar game states and make adaptations 

to their play. These representations for the basis of a ‘default play’ that act as a baseline 

behaviour from which adaptations can be made to the specific circumstances, all of which 

closely aligns with the RPD model that described how experts rely on recognition and 

simulation as opposed to a more deliberative process to action selection and decision-making. 

Decision-making was further shown to operate across multiple temporal and cognitive levels, 

from near-instant reactive manipulations in play to short-term planning all the way to strategic 

planning that transcends all play within a single match or even longitudinally. Thus, a 

Meta/Macro/Microgame model was proposed that conceptualises this temporal layering and 

encourages analysing expertise across these nested timescales. Within competitive Team 

Fortress 2 play collective understandings between teammates, and predefined roles and 
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expectancies attributed to those roles were seen as crucial components of decision-making 

during play that corroborated with findings in traditional sports science research. Expert 

performance is also developed through a continuous and deliberate cycles of evaluation, 

metacognition, and adaptations in play. 

The use of CDM and notational analysis within an MMR paradigm presents unique 

methodological contributions to a nascent domain that is lacking in approaches to analysing 

mechanisms of expertise within esports and gaming. This approach triangulates deep 

qualitative data from expert interviews with observable and measurable gameplay 

behaviours, which demonstrates the effectiveness of using a combination of qualitative and 

quantitative methods to capture expertise and skilled performance and decision-making 

within gaming. There are limitations to the methods and approach employed within this 

thesis, namely the restricted generalisability due to the specificity of the game and methods 

used, absence of interrater reliability, and the influence of the researcher’s positionality as 

someone with intimate and extensive experience with the game tested. However, that same 

experience opened opportunities for easier recruitment of expert players within the game, 

prior knowledge on effective mediums for recruitment, and a more domain-informed design 

for the notation system for the quantitative study, which aided in data collection. Alternative 

methodologies of examining expert decision-making and knowledge within games were 

explored, such as the Tracer Method which adopts a similar mixed methods paradigm and 

highlights the applicability of NDM as a theoretical framework in games. Collectively, expert 

decision-making in competitive Team Fortress 2 is structured by a cue-driven process of 

recognition exemplified in the RPD model, where in-game knowledge is used to create those 

cues and establish a baseline process of play from which adaptations can occur due to varying 

game context, with the methodological approach adopted in this thesis validated and 

endorsed by other domains but new within the field of esports and gaming. 

8 Conclusions and recommendations 

8.1 Summary of the thesis 

This thesis has explored the role of game specific knowledge in decision-making by expert 

esports competitors. Expertise and elite performance have been explored in a range of 

domains such as music, medicine, art, and traditional sports, with research aiming to optimise 

skill acquisition and improve the performance of experts and novices alike. In recent years, 

the nascent domain of esports has emerged as a rich site for inquiry into the mechanisms of 

expertise, characterised with structured competitions and measurable outcomes of winner 

and losers, all of which is mediated by a human-computer interaction. Colloquially understood 

as competitive video gaming, the exact definition of esports remains a subject of debate 

(Section 1.1). Regardless, there is significant interest in esports as a medium for psychological 

inquiry as an environment that can blend games research, sports science, and cognitive 

psychology together with significant focus on research into whether esports and games can 
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be used to train or enhance cognitive skills (Section 1.2). Despite growing attention, effective 

methods for measuring expertise and the cognitive processes underpinning esports play were 

underdeveloped, necessitating further research (Section 1.2.1 to 1.2.4). There are various 

factors contributing to esports performance, but with the state of esports research, there was 

a lack of evidence regarding how expertise is reflected in the game itself and how the player 

sources and uses information from the game in their decision-making processes. This thesis 

aimed to address these elements by investigating the specific relationship between expertise, 

domain-specific knowledge sourced from the game itself, and decision-making (Section 1.3). 

When esports players are in the middle of play, they are required to make rapid yet complex 

decisions to predict sequential events and make effective actions contributing to the 

successful outcome of the match. Much of their decision-making will be informed by their 

perception of the current game state in conjunction with their existing knowledge about the 

mechanics of the game and predictions on the sequential events based on previous 

experience. Therefore, this thesis investigated the following research question: 

“What is the role of contextual game knowledge in decision-making by expert esports 

competitors?” 

To understand these components and characteristics, it was necessary to conduct a critical 

review of literature surrounding expertise, how expert performance exhibits itself generally 

and within specific domains relevant to the research question. As the thesis investigated 

expert decision-making and knowledge within video games, the domains of video games and 

esports, which is the act of playing video games competitively, are highly relevant. The first 

part of the critical review investigated expertise and its underlying mechanisms with an 

emphasis on the cognitive, behavioural, and contextual determinants that distinguish expert 

performance from novice behaviour (Chapter 2). Expertise encompasses the unique 

characteristics, skills, and knowledge that enables individuals to consistently perform at 

superior levels within their domain (Ericsson, 2018). Expertise is characterised by extensive 

domain knowledge, structured mental representations, automaticity of behaviour, detection 

of abnormalities, and metacognition (Feltovich et al., 2006) (Section 2.1). Experts construct 

abstract and domain-specific cognitive frameworks that allow for retrieval of information and 

rapid decision-making. Sports science research has been particularly influential in challenging 

historical assumptions that experts simply possessed superior reaction and perceptual-

cognitive skills, instead they exhibited enhanced anticipation skills grounded in deep domain 

knowledge, constraining decision options through pattern recognition (Eccles, 2020; Helsen & 

Starkes, 1999). In addition, the research also highlighted that expert performance is domain-

specific, with minimal evidence of generalisable skills (Section 2.1.1). Within traditional sport, 

particular attention has been paid to the role of training structures, as optimising training is 

fundamental to improving the performance of an athlete. Given the structural similarities 

between traditional sports and esports, findings from expertise research around sports can 

be applied to the domain of esports. However, this also highlighted the need for further 

research examining expertise within esports, as there were both theoretical and 
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methodological gaps in knowledge including the need for reliable performance measurement 

systems and domain-sensitive research designs. In esports, expertise research has found that, 

like traditional sports, players develop complex mental models and decision-making strategies 

to respond to emergent scenarios (Section 2.1.1.3). It was evident that across all these 

domains, including traditional sports, games, or esports that expertise is driven by the 

leveraging of domain-specific knowledge and superior decision-making skills. To better 

understand expert decision-making during play further knowledge was required on the 

specific mechanisms of decision-making and knowledge representations. In addition, 

evidence was needed on effective methodologies in understanding how expert video game 

players, particularly esports players, construct and utilise knowledge during play to make 

decisions (Chapter 3). 

Expertise in any domain requires both the depth of knowledge an individual possesses and 

their capacity to make rapid and accurate decisions during the task. Domain-specific 

knowledge, developed through prolonged deliberate practice and refinement, is fundamental 

to expert performance (Ericsson & Smith, 1991). Knowledge has been conceptualised within 

cognitive psychology with several typologies including fluid and crystallised intelligence, 

declarative and procedural knowledge, and tacit knowledge (Section 3.1.1 to 3.1.3). Those 

extensive repositories of domain knowledge allow experts to recognise sequences of events, 

understand relationships among concepts, and predict future outcomes (S. Allen, 2007). The 

process of decision-making then leverages that knowledge to extract information and identify 

the most suitable course of action (Section 3.2). In domains where time is pressured and which 

necessitate rapid decision-making, like gaming and esports, experts constantly outperform 

novices in both speed and accuracy (Valls-Serrano et al., 2022). The ability to make fast yet 

effective decisions has attracted considerable scholarly attention, as understanding the 

mechanisms that support expert decision-making enables the design of training that can 

enhance these processes (Salas et al., 2010). Within traditional sports, multiple frameworks 

have been introduced to explain how athletes make decisions under pressure, such as 

information-processing, ecological dynamics, and recognition-primed decision-making 

(Section 3.2.1.1). These frameworks discuss decision-making differently but converge on the 

notion that athletes continuously refine their decision-making process to become more 

efficient and streamline cognition. The Naturalistic Decision-Making (NDM) framework, which 

analyses decision-making within real-world operational environments and views decision-

making as a process of recognition, evaluation, and response, was a particularly suitable 

model for exploring cognitive behaviour in esports, though its application in esports and 

games more generally remains limited (Section 3.2.2). To discuss the idea of knowledge 

intrinsic to the gaming environment this section introduced the concept of Contextual Game 

Knowledge, which concerns information such as the status of the player avatar, opponent, or 

teammate positioning, and interplayer dynamics/relationships (Section 3.1.4). Overall, 

knowledge and decision-making constitute the core of cognitive expertise. The literature 

clearly demonstrates the theoretical underpinning of how decision-making and knowledge 
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contribute to expert performance, however there was little research investigating this process 

in esports and how information intrinsic to the game contributes to this, thus the process of 

addressing those questions had yet to be defined (Chapter 4). 

To determine the best approach to addressing the role of contextual game knowledge in 

decision-making by expert esports competitors, and which methodologies within expertise 

and sport science research were appropriate for doing so, it was important to establish the 

thesis’ research paradigm and methodological framework (Chapter 4). It was necessary to 

articulate the ontological and epistemological stance and the means of inquiry to ensure that 

the research design aligned with the research question and intended contributions (Rehman 

& Alharthi, 2016). In doing so, this thesis adopted a pragmatic paradigm integrated with 

Design Science Research principles to develop and validate new methodological approaches 

within games and esport research (Section 4.2). This thesis identified a significant gap in 

current literature. While research has examined expertise in sports and psychology, there 

remains a limited understanding of how expertise is exhibited in video games, particularly 

around how players apply in-game, domain-specific knowledge to make rapid, contextually 

grounded decisions (Section 4.1). To address this, the thesis aimed to construct a foundational 

methodological framework that explores the relationship between expertise, knowledge, and 

decision-making in games. This would provide a basis for future research to systematically 

investigate esports performance across multiple genres, which adapts established methods 

from cognitive psychology and sports science to the context of esports (Section 4.2.2.). With 

pragmatism as the guiding paradigm, with its focus on solving real-world problems through 

practical contributions, this thesis adopted a convergent parallel MMR design where 

qualitative and quantitative components are held with equal weighting and conducted 

separately, with findings triangulated within the interpretation stage (Section 4.2.1.1). This 

triangulation combines different data sources to strengthen findings and deepen the 

interpretation of the data. Additionally, the researcher’s positionality was also discussed as a 

critical factor shaping the study’s design and interpretation (Section 4.3). As an insider with 

nearly a decade of competitive esports experience, extensive playtime, and active community 

involvement, the researcher possesses intimate domain knowledge and access advantages 

that support methodological depth. However, this proximity introduced potential concerns 

regarding bias, subjectivity, and power dynamics, so methodological safeguards were 

implemented to mitigate these issues through transparency and reflexivity (Section 4.3.1). 

For the qualitative study, the Critical Decision Method (CDM), a semi-structured interview 

technique from the field of Naturalistic Decision-Making (NDM), was chosen (Section 4.4.1). 

CDM is a semi-structured interview technique that is designed to elicit expert decision-making 

through the retrospective analysis of key decisions during an identified incident. For the 

quantitative study, performance analysis through notational systems was employed, a well-

established approach in sports science for capturing player behaviour, positioning, and 

performance metrics. The richness of in-game telemetric data and the potential integration 

of non-invasive analytical technologies further strengthen this approach (Section 4.4.2). 
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Together, these methodologies allowed the thesis to examine both cognitive and behavioural 

dimensions of expertise in esports. In establishing and declaring the paradigm, researcher 

positionality, and methodological tools, the next step in the development of this thesis was 

the design and implementation of both studies. 

The qualitative study examined expert decision-making in competitive Team Fortress 2 

through the NDM framework using the Critical Decision Method (CDM) to capture the 

cognitive processes underpinning expert play (Chapter 5). Findings suggest that expertise in 

competitive Team Fortress 2 arises from a complex interplay of interdependent components 

that guide player judgement and action selection (Section 5.3). These include the 

segmentation of play into distinct sequences (Section 5.3.1), the influence of predetermined 

roles and relative player value (Section 5.3.2), and the utilisation of default “templates” of 

action that support rapid decision-making and adaptation (Section 5.3.1). Experts also 

reported the ability to identify spontaneous opportunities for advantage creation, including 

psychological tactics such as disrupting opponents’ focus (Section 5.3.4 and 5.3.5). These 

processes operate cyclically, as players continually assess outcomes to refine judgement and 

mechanical performance. From this analysis, a ‘levels of analysis’ framework was developed 

to conceptualise decision-making across three hierarchical strata: the Metagame, 

encompassing overarching strategy and factors extending beyond a single match; the 

Macrogame, representing mid-level planning across gameplay sequences; and the 

Microgame, focused on immediate execution and micro-strategic adjustments (Sections 5.3.6 

and 5.4). The application of CDM to esports presents new avenues for advancing expertise 

research within competitive gaming (Section 5.4). While certain decision-making components 

may be generalisable across domains, the distinctive characteristics of each game necessitate 

domain-specific models of expertise. The findings also have practical implications for 

performance optimisation and coaching. The identification of gameplay segmentation and 

pre-defined action templates suggests that training programmes could target discrete phases 

of play, informed by telemetry or performance analytics, to address player weaknesses. Future 

research should validate these findings across other first-person shooters and additional 

esports genres, including MOBAs and sports simulations, to determine broader applicability. 

Moreover, CDM’s structured approach offers value beyond research, providing a practical 

mechanism for esports teams to analyse decision-making retrospectively. Focusing on pivotal 

in-game moments rather than broad performance trends enables a deeper exploration of 

expert cognition. 

The quantitative study investigated expert decision-making and behavioural patterns in 

competitive Team Fortress 2 through the creation and application of a bespoke notational 

analysis system inspired by Lorains et al. (2013) (Chapter 6). Drawing on principles of hand-

based notational analysis, a method well-established in traditional performance analysis yet 

uncommon in esports, the system was designed to capture discrete player and team actions 

in relation to key game-state variables (Section 6.1 and 6.2). These included objective and map 

control, player survivability, and Ubercharge progression, a pivotal mechanic linked to 
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strategic play. The study addressed four objectives: examining the prominence and efficacy of 

advantageous game states (Section 6.3.2), the frequency of specific actions across contexts 

(Section 6.3.3), comparative efficacy of individual versus team actions (Section 6.3.4), and 

variations in action frequency across objective-based and spatial contexts (Section 6.3.5). By 

employing hand-based notation rather than big data or machine learning approaches, the 

study aimed to achieve a level of contextual granularity rarely seen in esports research, 

enabling identification of nuanced behavioural patterns such as prolonged strategic 

sequences and risk-averse decision-making that aggregate data might obscure (Section 6.4). 

While the single-researcher data recording process, albeit one informed by extensive domain 

expertise, presents limitations for interrater reliability, the approach demonstrates the 

potential for targeted, context-rich analysis in competitive gaming research. Prelminary  

findings, interpreted through the Recognition-Primed Decision (RPD) model within the 

Naturalistic Decision-Making (NDM) framework, suggest that player actions were guided by 

emergent cues such as Ubercharge status and player advantage, though these advantages did 

not guarantee higher action efficacy (Section 6.3.3). Team-based, coordinated actions showed 

stronger associations with positive outcomes than individual plays, though not consistently 

across all contexts (Section 6.3.4). Individual high-risk, high-reward actions such as sacrifice 

plays also contributed significantly to dynamic strategic adaptation. Patterns of aggression and 

defence shifted fluidly in response to positional and objective-based contexts, reflecting 

ongoing recalibration of tactics (Section 6.3.5). However, while associations between game 

states and behaviours were identified, underlying causal mechanisms remain unresolved. 

Synthesising these quantitative results with the previous chapter’s qualitative CDM findings 

will enable a more comprehensive understanding of how contextual information informs 

expert decision-making (Chapter 7). Furthermore, integrating notational analysis alongside 

CDM offers valuable theoretical and methodological contributions for scholars, coaches, and 

practitioners in the evolving field of esports performance research. 

After both studies were completed, a synthesis of the findings of the CDM interviews of expert 

competitive Team Fortress 2 players and a bespoke hand-based notational analysis of distinct 

in-game actions and surrounding contexts aimed at identifying trends of behaviour in 

response to changing contexts was conducted (Chapter 7). Independently of one another, the 

findings of these studies highlight that research into video game expertise, knowledge, and 

decision-making can be grounded within the theoretical framework of NDM, and that 

competitive Team Fortress 2 play exhibits characteristics of, and can be modelled within, the 

RPD model (Section 7.1). The role that contextual game knowledge is suggested to be is that 

players use it to construct complex knowledge structures and representations of play which 

enables expert players, who have extensive knowledge bases, to rapidly recognise familiar 

game states and make adaptations to their play. These representations form the basis of a 

‘default play’ that act as a baseline behaviour from which adaptations can be made to the 

specific circumstances, all of which closely aligns with the RPD model that described how 

experts rely on recognition and simulation as opposed to a more deliberative process of action 
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selection and decision-making. The use of CDM and notational analysis within an MMR 

paradigm presents unique methodological contributions to a nascent domain that is lacking 

in approaches to analysing mechanisms of expertise within esports and gaming (Section 7.2). 

This approach triangulates deep qualitative data from expert interviews with observable and 

measurable gameplay behaviours, which demonstrates the effectiveness of using a 

combination of qualitative and quantitative methods to capture expertise and skilled 

performance and decision-making within gaming (Section 7.2.1). There are limitations to the 

methods and approach employed within this thesis, namely the restricted generalisability due 

to the specificity of the game and methods used, absence of interrater reliability, and the 

influence of the researcher’s positionality as someone with intimate and extensive experience 

with the game tested (Section 7.2.2.1, 7.2.3.1, and 7.2.4). However, that same experience 

opened opportunities for easier recruitment of expert players within the game, prior 

knowledge on effective mediums for recruitment, and a more domain-informed design for the 

notation system for the quantitative study, which aided in data collection (Section 7.2.4). 

Alternative methodologies of examining expert decision-making and knowledge within games 

were explored, such as the Tracer Method which adopts a similar mixed methods paradigm 

and highlights the applicability of NDM as a theoretical framework in games (Section 7.2.5). 

Collectively, the research suggests that expert decision-making in competitive Team Fortress 

2 is structured by a cue-driven process of recognition exemplified in the RPD model, where in-

game knowledge is used to create those cues and establish a baseline process of play from 

which adaptations can occur due to varying game context, with the methodological approach 

adopted in this thesis validated and endorsed by other domains but new within the field of 

esports and gaming (Section 7.3). 

8.2 Contributions to knowledge 

This thesis provides several contributions to knowledge including in expertise research within 

games and esports, methodological approaches to examining cognition in games, and 

implications for conducting similar studies as well as adopting the theory and methods in 

practical settings including coaching and game design.  

8.2.1 Contributions to Theory 

8.2.1.2 Knowledge structures and decision-making strategies of esports game players 

Expert competitive Team Fortress 2 players describe (Chapter 5) that their decision-making is 

influenced by a complex relationship between mental representations of play and in-game 

cues. They reported: clearly delineating gameplay into distinct and recurring sequences of 

play with standardised sets of action as a baseline response (Section 5.3.1); that certain 

characters and members of the team have inherently more or less value and expectancies 

attributed to them based on predefined roles (Section 5.3.3); recognition of and exploitation 

of opportunities to create advantages through impromptu actions (Section 5.3.4), and the 

leveraging of extraludic factors like mentally unnerving opponents and broader match 

contexts (Section 5.3.5). Furthermore, some players reported that their decision-making was 
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broken up into smaller and larger decisions where some actions were in direct response to a 

small manipulation to the game contexts, and others involve short term-planning and 

deliberation (Section 5.3.6). This formed the groundwork for the Meta/Macro/Microgame 

model that breaks gameplay and the decisions one makes into three distinct levels: the 

Metagame encompasses high-level thinking and strategy, the Macrogame focuses on short-

term planning and deliberative decisions involving a distinct sequence of recurring gameplay, 

and the Microgame focuses on the most granular levels of play where moment-to-moment 

manipulations to play in response to dynamic contexts within the sequence itself occurs 

(Section 5.4). 

8.2.1.1 Behavioural patterns of esports players 

The quantitative study evaluated specific actions that either an individual did independently, 

or collective behaviours done by a team, captured through notational analysis. Findings 

suggest that expert competitive Team Fortress 2 players exhibited adaptations in behaviour in 

response to emergent scenarios and dynamic match contexts, including the number of players 

alive on the field at any one time and the progression of the team’s power play with the 

Medic’s Ubercharge, that provides invulnerability for a short period of time (Section 6.4). 

However, the efficacy of one’s actions was not influenced by having either of these advantages 

during play (Section 6.3.2). Those advantageous contexts contribute to a dynamic and 

constant adaptation in strategy in response, as observed with the oscillation between 

aggressive strategies in advantageous states versus defensive strategies in disadvantageous 

ones (Section 6.3.3). The collective action that a team took did have a strong statistical 

relationship with the overall outcomes of the team, unlike individual actions taken by single 

players which exhibited weaker relationships, however the evidence did not demonstrate that 

coordinated team actions consistently had a higher rate of efficacy than those independent 

actions (Section 6.3.4). Furthermore, certain individual actions did have a high efficacy rate 

and for those that had low rates, this could be argued to be because of their high-risk high 

reward nature (Sections 6.4 and 6.3.4). Finally, the status of the game’s objectives and 

positional dominance over the map directly influenced player actions, with some aggressive 

actions having more prevalence near the opponent’s base and vice versa, with specific actions 

only occurring in contexts in response to opposing dominance over both objective and map 

control (Section 6.3.5). 

8.2.1.3 Applying the recognition-primed decision (RPD) model to video game decision-

making 

The findings of both studies independently of one another highlight that research into video 

game expertise, knowledge, and decision-making can be grounded within the theoretical 

framework of NDM and that expert competitive Team Fortress 2 play fits within the RPD 

model. Preliminary findings suggest that expert decision-making in competitive Team Fortress 

2 is structured by a cue-driven process of recognition, where in-game knowledge is used to 

construct those cues and establish a baseline process of behaviour for recurring sequences of 
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play, from which adaptations can take place in response to unique characteristics of the 

situation (Section 7.1). The role of contextual game knowledge in esports decision-making is 

that players use it to construct complex knowledge structures and representations of play that 

enables them to rapidly recognise familiar game states and make adaptations to their play. 

The concepts of baseline behaviours in recurring game states (Section 5.3.1) and the use of 

game contexts as cues to identify those game states (Section 6.4) align closely with the RPD 

model that posits that recognition is primed with four components: expectancies, cues, goals, 

and actions (Sections 3.2.2 and 7.1). That model also discusses decisions that take place at 

various levels, from reflexive responses to sudden alterations in the scenario to more 

deliberative processes that involve mental simulations (Section 3.2.2), which aligns with the 

Meta/Macro/Microgame model (Sections 5.4) which demarcates play to three separate 

cognitive levels corresponding to the time a player has to deliberate on a decision or if it 

requires a more instinctual manipulation to play. Within competitive Team Fortress 2 play, 

contextual factors like predefined roles also contribute to the development of expectancies 

and constrain actions within the RPD model, which corroborates findings in traditional sports 

science research (Section 7.1).  

8.2.2 Contributions to Methodology 

8.2.2.1 The use of the Critical Decision Method for eliciting video game knowledge 

CDM is a proven method across a range of domains for eliciting expert decision-making 

processes (Sections 3.2.2, 4.4.1, 5 and 7.2.2). The application of CDM in this thesis to elicit 

video game decision-making highlights the potential of the methodology within games and 

esports (Section 5.1). Participants could identify key moments or decisions within a recent 

match, highlighting cues and describing the contextual factors that contributed to decision-

making and by focusing on specific moments, the researcher could get the participant to 

analyse the circumstances in progressively deeper levels (Section 7.2.2). A particularly 

effective question during the late stages of the CDM interview was getting participants to 

review the same decision and moments as if they were a non-expert, and whether they would 

adopt a similar approach. When asked this, participants would highlight known concepts or 

rules that they considered fundamental but had not crossed their minds to discuss. CDM 

presents an alternative approach to studying cognition, particularly decision-making, in games 

as it focuses not on whether games can be used to train or enhance cognitive skills but instead 

focuses on the contexts of expert decision-making intrinsic to the activity and the information 

they leverage for skilled performances. 

There were some limitations with the CDM interview as conducted in this thesis (Section 

7.2.2.1). The qualitative data collected, while rich and insightful, has a lack of generalisability 

because of the limited sample size, the focus on experts and not non-experts, and the 

specificity of the subject domain. Furthermore, the interviews alone do not have a way of 

testing the accuracy or validity of what the experts are reporting outside of corroboration and 

commonalities in what they report, which could be subject to inaccurate information or 
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misremembering the situation. In addition, CDM is most effective when experts are recalling 

atypical situations and events that are memorable. In this study participants often used a 

recent match which may indicate a recency bias. Finally, as reported in the findings often one’s 

in-game behaviour and decision-making was influenced by the role they were given before 

the match (Section 5.3.3), which was not something factored into the recruitment of the 

participants. 

8.2.2.2 The use of Hand-based Notational Analysis for gameplay analysis 

The quantitative study marked one of the first applications of hand-based notational analysis 

within the domain of esports and gaming, with data recording and entry streamlined through 

a computerised interface (Section 7.2.3). Use of a bespoke hand-based notation system to 

analyse gameplay behaviour via distinct player actions and match contexts had not previously 

been conducted within games and esports research (Section 4.4.2). It proved effective for 

identifying contextualised behaviours that may be obscured in aggregated data sets, which is 

a common method of analysing player behaviour within games and esports (Sections 4.4.2 

and 7.2.3). As an example, large data sets can struggle to capture distinct sequences of action 

over longitudinal periods of time or the intent behind risk-averse behaviours which could be 

as a result of an attempt at manipulating the opponents into a position where they are 

vulnerable to attack (Section 7.1) Creating a bespoke notation system demonstrates the 

potential for targeted and context-rich coding that can capture implicit behavioural patterns 

through distinct in-game actions. 

While the bespoke design of the notation system allowed for the capturing of targeted and 

context-specific player actions, that system would have limited generalisability to other games 

without reworking or significant alterations to the system (Section 6.4.1). This is one of the 

few limitations with the notational analysis conducted in this thesis, alongside limitations such 

as some actions that have too low counts within the analysed matches to establish 

behavioural trends, and interrater reliability (Section 7.2.3.1). The latter, interrater reliability, 

was a challenge as result of the bespoke and domain-specific nature of the notation system. 

The benefits of the system allowed for the capture of subtle behaviours that could not be seen 

with an untrained eye; however, this limited those who had the skillset, or that could be 

trained, to use the system and capture such behaviours. An intrarater reliability test was 

conducted which demonstrated that the same experienced rater can report similar actions, 

outcomes, and game state information, but there are weaker scores around certain data that 

could be better reviewed in conjunction with a more robust procedure around intra and 

interrater reliability (Section 6.3.6 and 6.4.1)  

8.2.2.3 A mixed-methods approach of expert interviews and performance analysis for games 

and esports 

This study employed a convergent parallel MMR design where each study was conducted 

independently of one another, with findings and discussions brought together after both 

studies were completed (Sections 4.2.1.1). The aim of which was to triangulate both study 
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findings for a richer analysis, by using the quantitative data to corroborate the expert 

participant’s reports and then explore the rationale behind the behavioural trends identified 

in the quantitative study. A mixed-methods approach like this allowed for the analysis of the 

expert’s insights in conjunction with the behavioural trends to identify what contexts 

contribute to esports decision-making (Section 7.2.1). This is especially important as the 

nascent field of esports lacked approaches to analysing mechanisms of expertise within the 

domain and with gaming more generally. The triangulation of the data presented in this thesis 

demonstrated the effectiveness of using a combination of qualitative and quantitative 

methods to capture expertise and skilled performance and decision-making within gaming. 

Research examining cognition in games has recommended that methodologies like CDM be 

used in conjunction with quantitative methods such as interaction logging or biophysiological 

monitoring to further research within the domain (Section 7.2.1). This thesis presents a 

method of analysing expert decision-making and knowledge in games with a combination of 

expert interviews through CDM and performance analysis via notational analysis, which aligns 

with similar methods that have explored player decision-making within esports (Section 

7.2.5). There are limitations to the methods and approach employed within this thesis 

(Sections 7.2.2.1 and 7.2.3.1), but overall, this thesis clearly demonstrates the potential of 

using convergent MMR utilising NDM methodologies in conjunction with performance 

analysis to investigate the cognitive relationship between player and game environment. 

8.2.3 Contributions to Practice 

8.2.3.1 Recommendations for Research Practice 

There are several considerations that are recommended for researchers investigating a similar 

subject matter or adopting a similar methodology or methods as described within this thesis. 

When investigating decision-making one should consider what level the decision is taking 

place within and to adopt a level of analysis approach to that consideration. Considering the 

Meta/Macro/Microgame model of breaking gameplay down into three levels, from high-level 

strategic adjustments to short-term planning for recurrent gameplay segments all the way 

down to the most granular manipulations in play, will allow one to identify which temporal 

scale research is focusing on (Sections 5.4 and 7.1). Furthermore, using that model in 

conjunction with Maier et al.’s (2024) model of React-Predict-Manipulate, which also breaks 

decisions down into three temporal stages, will allow for research to clearly articulate which 

level(s) of analysis the work is situated within (Section 3.2.1.3). 

The structured nature of CDM provides a clear process that researchers can follow to elicit 

expert insights into how decisions are made and what contextual information they are 

drawing from (Sections 5 and 7.2.2). Even if the protocol of CDM is not suitable for the 

research question being addressed, the principle of focusing not on longitudinal behavioural 

trends but instead on the specific behaviours exhibited by experts within certain events or 

moments during the task aligns itself with other approaches to expertise including the Expert 

Performance Approach (Section 2.1.1). By focusing on a small number of key moments, the 
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research can further investigate the mechanisms and contexts surrounding them which can 

establish the foundational theories of expert performance within that domain to then 

afterwards examine those broad behavioural trends to find those commonalities. Within the 

context of competitive Team Fortress 2, for example, it is a more effective approach to 

evaluate the behaviour exhibited within those small recurrent gameplay sequences than to 

evaluate broader trends in behaviour across multiple matches. 

Notational analysis has been demonstrated to be an effective method of reporting player 

actions within a specific match, which then could be used to explore common contexts 

prompting player action or the efficacy of certain actions (Sections 5.4 and 7.2.3). For game 

researchers, this presents another method of analysing gameplay behaviour beyond the use 

of standard observational methods and using telemetric data, the latter of which has issues 

with exploring distinct player actions or subtle behaviours (Section 6.4). Video games have 

extensive access to a rich body of data, but relying entirely on metrics can lose the holistic 

contexts surrounding player action. Notational analysis, as conducted in this thesis, which is 

performed on pre-recorded videos but with alterations could be performed live, presents a 

targeted and structured method of observing behaviour that results in quantifiable 

measurements. It is also non-invasive and can be combined with other technologies to further 

enhance the quantitative data collection (Section 7.2.3). 

Finally, this thesis discusses and demonstrates the importance of understanding the 

researcher’s positionality and the impact it can have on the research design, data collection, 

analysis, and interpretations (Sections 4.3 and 7.2.4). The researcher’s positionality as an 

experienced insider within competitive Team Fortress 2, with some renown, opened 

opportunities for greater access to expert players within the game, extensive prior knowledge 

on effective mediums for recruiting participants, and a more domain-informed design of the 

notation system that could collect more subtle behaviours not clearly apparent to an 

untrained eye. However, it is important that mitigation strategies are put in place if a 

researcher has such experience, as it presents potential biases in the interpretation of the 

data and could influence the behaviour of participants (Section 4.3). The structure of the CDM 

interviews placed some safeguards by ensuring that a process was followed and all necessary 

questions could be answered, but the researcher’s experience could allow for the elaboration 

of points relevant to the study aims. In summation, prior experience with the domain can 

allow for elements of the research design and implementation to be made more efficient and 

result in richer and more targeted data collection, but it is vital to create safeguards to mitigate 

bias (Section 7.2.4). 

8.2.3.2 Contributions to Esports and Gaming Practice 

Both methods, independently or in conjunction, have several practical implications for non-

academic practitioners within the field of games and esports including esports teams and 

game developers. The structured interview nature of CDM presents a method for esports 

teams to investigate player behaviour within recent matches by following a clear protocol of 
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analysing key moments in a match in progressively deepening levels (Section 7.2.2). This in 

turn could improve the coaching staff’s ability to identify future development needs or 

weaknesses in performance. Furthermore, CDM could be applied by game developers to 

provide a semi-structured method of interviewing play testers to discuss specific and key 

moments in gameplay where perhaps they encountered difficulties or had memorable 

interactions, which can identify game design considerations that can be sent back to 

developers for further work. The theoretical findings of the CDM interviews, that players 

demarcated play into distinct sequences of gameplay (Sections 5.3.1 and 7.1) also provides a 

more general consideration for esports teams as understanding this could allow coaching staff 

to evaluate not just specific moments but behaviour within this entire sequence of play. 

With notational analysis there are several practical implications. In traditional sports, 

notational analysis and performance analysis are routinely used by coaches and support staff 

to review a team’s or player’s previous matches and to highlight development opportunities 

(Section 4.4.2). This thesis, which opted for a hand-based approach, presents a low-tech 

approach to recording and quantifying player behaviour which esports teams could use to 

review recorded videos or live performances and track the gameplay contexts and both 

explicit and subtle behaviours for analysis later (Sections 6.4 and 7.2.3). Leveraging big data 

or telemetric data in conjunction with a notation system like in this thesis could provide a 

method of doing real-time analysis that does not require extensive technical knowledge. For 

game developers, combining game telemetric data with an event-based notation system like 

the one used in the quantitative study could help identify moments of interest, such as when 

a game tester gets stuck, and to then pull telemetric data from this to address development 

errors or suggest design changes. The notation system used in this thesis identified distinct 

actions like pushes or holds, although developing a system either generalisable to a number 

of games or, like this one, which is more specific to the game of study, does not require 

significant investment of resources like a sophisticated telemetric and data visualisation 

system would.  

8.3 Recommendations for future work 

This thesis presented a methodological framework that aimed to provide a foundational 

approach to examining esports performance which future research designs can use or learn 

from in their own paradigms (Section 4.1). Thus, the first and primary recommendation is that 

due to the limited research into the mechanisms of expertise (Section 2.1.1.3), decision-

making (Section 3.2.1.3), and knowledge (Sections 3.1.1 to 3.1.3), that further work into this 

subject area is warranted by the exploration of different games and genres, utilising a similar 

or same methodological approach as discussed in this thesis. Furthermore, the key theoretical 

finding of the thesis was that the NDM framework, despite its limited use in games research 

(Section 3.2.2), has strong application to both games and esports. In particular, the RPD model 

has been used in comparative domains and has links to the findings of both the quantitative 

and qualitative studies (Section 7.1). Because of this, there is evidence that the RPD model 
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may be applicable to other games within esports although further work is recommended to 

test this. 

The CDM interview technique was proven to be an effective method of interviewing experts 

within competitive Team Fortress 2, although given its limited application in the field of games 

(Sections 7.2.2 and 7.2.5) and the lack of generalisability in these findings (Section 7.2.2.1) it 

is recommended that further investigation explores the existence of the phenomena 

described in this thesis within the context of other games. The application of CDM in games 

and the findings from this study present several avenues for future research, centred on the 

establishment and development of expertise research in the domain of esports. During CDM 

interviews, players reported elements of metacognition and the refinement of decision-

making processes, which did influence the momentum of play and improve effectiveness. 

However, metacognition was not an element of the thesis that was thoroughly explored, 

including longitudinal trends in performance across a single match or a series of matches and 

thus, this presents a potential avenue for further research. 

The notational analysis conducted in this thesis allowed for context-specific, rich, and targeted 

capture of distinct behaviours, however this was done with recorded videos after they were 

complete and could not be performed live as data entry took too long to make this feasible. 

Future research could use telemetry from the game API to capture some of the contextual 

information that is easily capturable such as the match timer, positions of players, score line, 

and the number of players alive. This way, when a distinct action is recorded into the notation 

system, all that contextual information would be immediately captured and entered into the 

database, which would reduce entry latency and further streamline the system allowing it to 

be conducted in real-time. Furthermore, the use of hand-based notational analysis as a 

methodology has not been done in esports and games prior to this study, thus it is 

recommended that future work explores the applicability of the notational analysis method 

in other games in the first-person shooter genre as well as other genres. 

8.4 Closing Remarks 

This thesis has explored the role of contextual game knowledge in esports decision-making 

within the field of competitive Team Fortress 2. The findings are anchored in the 

characteristics of that game, with which I am intimately familiar. From the convergence of 

methodologies across cognitive and expertise research as well as sports science, this work 

suggests that expert decision-making is built upon a complex structure of knowledge from 

which representations of play are constructed which simulate recurrent sequences. These 

sequences occur so frequently that experienced individuals would have experienced them 

hundreds if not thousands of times, so familiar circumstances then allow them to predict and 

anticipate what action is appropriate for responding to it. Experts continuously demonstrate 

better decision-making that is faster and more accurate than non-experts. To an outsider, 

expert performance looks seamless, almost flawless, and where they make complex actions 
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look easy. Even when asking an expert directly as to how or why they do certain things, 

without a proper structure to that question or any follow-up, they are likely to shrug and say 

“I do not know, I just do.” or “It’s just what you do at that time”. What this thesis has addressed 

and sought to do is to open the door on the complex decision-making process that experts 

are undertaking, because contrary to the opinions of the outsider that expert has constructed 

an elaborate and abstract cognitive process that is incredibly efficient and allows for near-

instant recognition of the game state. That recognition then allows them to determine that 

the emergent scenario is Situation A instead of Situation B, C, or D. Knowing it is Situation A 

allows them to follow a default play, a template response to that situation, which acts as the 

baseline from which they can adapt their behaviour to small adjustments in the scenario. 

Drawing on knowledge from a range of game contexts like who has more players alive, the 

efficacy of actions within certain situations, and who holds objective dominance over the 

opponent, experts streamline their decision-making process so that more of their conscious 

effort can be spent on complex strategic planning. 

Esports research in the current day remains reliant on research and knowledge from 

comparative domains, but that is not necessarily a bad thing. As this thesis demonstrates, 

innovative approaches to discussing cognition in games and esports can be found, even if that 

approach is decades old and well established within other domains. This work opens a new 

area of research that leverages the NDM framework, its models like RPD, and methods like 

CDM, to better understand the broader question of “why are people good at video games, 

and how can we make other players improve?” Esports are emblematic of a broader trend in 

research, which is the blending of different disciplines, their theories, and methodologies, in 

the creation of new understandings that feed back into those separate disciplines. In this 

thesis, games and esports research was combined with general expertise research and sports 

science to create a methodological approach that not only has applications to the field of 

games and esports but potential applications within cognitive psychology and traditional 

sports too. The use of CDM in conjunction with notational analysis is not a methodology that 

requires games or a human-computer interaction, but in fact can be done with very minimal 

technology. This means this can be applied in sports from football and tennis to taekwondo 

and rugby. I maintain that games and sports should continue to learn from one another both 

in their theoretical underpinning and the exploration of new methods or approaches. Esports, 

which can be argued to be the blending of both video games and traditional sports, is the key 

to bridging the gap between them. 
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Appendices 

Appendix A: Critical Decision Method Interview Questions 

Question type Question content Conditions 

Step 1: Incident selection 

Incident 

elicitation 

“Can you think of a match within the last 12 months 

that was particularly challenging? This may be a 

match where your skills were tested, or that your 

experience had a difference in how you managed 

the situation” 

 

“Can you give me a short summary of the match?” 

N/A 

Incident 

validation 

“Is this a match you can recall well, perhaps on a 

round-by-round basis? What is important here is 

that we can create a timeline of what happened.” 

 

“Again, is this a match you can remember well?” 

After each incident of 

interest identified. 

Incident 

comparison 

“So, we have a few matches that we can use here, 

which one do you think had the most moments that 

challenged you and your experience?” 

 

“How does that compare against <other incidents 

identified>?” 

In the event that 

multiple incidents 

were identified, each 

of which fit the criteria 

and can be recalled. 

Step 2: Decision identification and ordering 

Timeline 

reconstruction 

“I’m going to ask you now to recall the match in as 

much detail as you can from the beginning to the 

end. Please try to point out the time in which certain 

events or key decisions took place, this can be in 

reference to the round timer or a specific round. I 

will try not to interrupt, unless I need to clarify 

something” 

Following incident 

selection. 

Timeline 

verification 

“What do you think of this timeline I’ve constructed 

while you were talking? Is this information correct, 

in the right order, or have I missed anything?” 

 

“Do you happen to have the logs for this specific 

match? Lets compare the timeline to the log and see 

if anything else comes up.” 

After incident has 

been recounted. 

Decision point 

identification 

“Using this timeline, can you identify any key 

decisions made, and where they happened?” 

 

Once the timeline has 

been verified. 
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“Were there any turning points in this situation or 

when your actions affected the outcome?” 

Step 3: Deepening 

Cues “What were you seeing or hearing that helped 

decide your next action(s)?” 

Once one to three key 

decisions were 

identified. 

Knowledge “What information did you use in making these 

decisions and how was it obtained?” 

 

“What was the single most important information 

that you used to make a decision at this moment?” 

Analogues and 

prototypes 

“Were you reminded of any previous moment(s) 

either in this match or another match while 

managing this particular event?” 

Level of novelty “Was this moment one that was familiar to you; one 

that you had an existing plan for?” 

Goals “What were your specific goals at this moment?” 

Options “What other courses of action were considered or 

were available?” 

Rules-based / 

adaptive / 

creative decisions 

“Were you following a specific strategy? At any 

point did you go beyond just following the plan?” 

 

“Were you being creative with any of your 

decisions?” 

Experience / 

prerequisite 

knowledge 

“Was your experience helpful in making these 

decisions?” 

Time pressure “How long did it actually take you to make these 

decisions?” 

 

“How much time pressure was on you to make each 

decision?” 

Errors “What were likely mistakes at <this decision 

point>?” 

 

“Did you consider whether the decision made was 

incorrect?” 

Step 4: Hypotheticals 
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Alternative 

experience 

“In the event that a Novice was in the situation you 

were in, would they make the same decision or do 

you expect a different decision?” 

 

“Why would their decision be different from yours?” 

Following sufficient 

probing. 

Alternative 

features 

“Taking the moment where <incident> happened, if 

instead of <key feature> happening you instead 

<alternative key feature>, would you have made the 

same decision?” 

Alternative 

outcomes 

“Earlier you said that other actions for <incident> 

were considered or available, what would have 

been the outcome if <alternative action> was 

taken?” 

Following sufficient 

probing. 

 

Other courses of 

actions were 

identified in Pass 3: 

Options. 
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Appendix B: Glossary of Team Fortress 2 Actions 

Name of 
Action 

Description Positive 
Impact/Outcome 

Negative 
Impact/Outcome 

Neutral Impact/Outcome 

Individual 
Actions 

These are actions that are taken independently of the team’s wider objectives, but often 
are done in aid of said objectives. Its impact focuses on the functional areas of 
gameplay, the smaller interactions between a small number of players. 

Backcapping A player will 
purposely go 
behind the 
enemy frontlines 
to capture the 
successive point 
with the intent 
to stifle 
opponents push 
by preventing 
the preceding 
point’s capture 
or pulling 
enough 
opponents back 
that the enemy’s 
push is 
ineffective. 

The player 
successfully captures 
the point or forces 
multiple opponents 
to back up to fight 
them. 

 
Additional impact if 
the player 
successfully escapes 
to safety and/or kills 
an opponent during 
the attempt. 

The enemy 
captures the 
preceding point 
during the 
attempt with no 
opponents 
backing up to 
fight. 

 
Additional impact 
if the player dies 
in the attempt. 

The player abandons the 
backcap attempt, or the 
enemy captures the 
preceding point with little 
opponents backing up. 

 
Player must survive or 
exchange lives (dies but 
kills an opponent) for it to 
be considered neutral 

Blocking A player will 
deliberately 
stand on a point 
being captured 
by the 
opponents to 
slow or prevent 
capture of the 
point. 

 
Often used in 
defences on last 
points or aiding a 
backcapping 
attempt by 
another player. 

The delay allows the 
team time to take a 
more advantageous 
fight, opponent kills 
are important. 

 
A last point block is 
positive if both A) 
the round is not lost 
and B) the player 
advantage swings in 
the favour of the 
friendly team. 

 
A backcap block is 
positive if the 
backcapping player 
is successful without 
losing too many 
players/ubercharge. 

The block is 
unsuccessful and 
ends in a 
significant 
number of 
friendly player 
deaths. 

 
An unsuccessful 
block on the last 
point leading to a 
round loss is 
always negative. 

Either the block is 
successful but a 
significant number of 
players die OR a block is 
unsuccessful with a low 
number of friendly deaths 
in proportion to enemy 
deaths. 
 
Player advantage or small 
disadvantage post-block 
would be neutral. 

Bombing Exclusive to 
classes with 
explosive 
damage, the 
player uses 
explosive 
weaponry to 

Kills/High damage on 
high-value targets or 
a number of 
opponents. 

 
Additional impact if 
the player 

No kills/low 
damage ending in 
the death of the 
player. 

High damage or low value 
kills ending in the death 
of the player. 

 
No high damage or kills 
and the player escapes to 
safety. 
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launch 
themselves 
towards the 
enemy with the 
intent of doing 
high damage or 
killing high-value 
targets and 
enemies out of 
position. 

successfully escapes 
to safety. On low-
value targets, player 
survival is important. 

Building Players safely 
take self-damage 
whilst being 
healed to 
increase the rate 
of the Medic’s 
ubercharge. 

The Medic gains an 
ubercharge 
advantage over the 
opposing medic’s. 

 
Bonus impact if the 
opposing team had 
full ubercharge and 
through the use of 
building the friendly 
Medic gains a full 
charge. 

Players are 
caught off guard 
by opposing 
damage or out of 
position by the 
enemy resulting 
in their or their 
medic’s death. 

 
An existing 
ubercharge 
disadvantage 
widens through 
poor building. 

The Medic preserves their 
current uber 
advantage/disadvantage. 

Chasing Players pursue 
retreating 
opponents to kill 
them. Getting 
kills during this 
phase is done to 
stagger the 
opponents 
respawn time, 
extending the 
time the friendly 
team has an 
advantageous 
situation. Usually 
only done after a 
successful push. 

Opponents are killed 
during the chasing, 
friendly players do 
not die in the 
process. 

 
High value kills like 
the Demoman and 
the Medic give 
additional impact. 
Such kills would still 
result in a positive 
impact if the player 
dies during the 
chase. 

No opponents are 
killed during the 
chasing and 
players die in the 
process. 

No opponents are killed 
and escape, or low value 
targets are killed but 
players die in the process. 

Counterpicking Players change 
their weaponry 
to deal with a 
specific player or 
outcome. 

 
Examples include 
Soldier players 
using Banners to 
break a hold, a 
Medic swapping 
to Kritzkrieg in an 

The use of the 
changed weaponry 
directly affects the 
specific player or 
situation. 

 
Banners break a 
hold, or 
Kritz use in uber ad 
or equal scenario. 

The use of the 
changed 
weaponry 
negatively affects 
the situation. 

 
Enemy pushes 
when banner is 
not ready, or 
enemy uses 
ubercharge in ad 
or equal scenario. 

The use of the changed 
weapon has little to no 
impact on the situation. 

 
Successful or unsuccessful 
hold/push without the 
use of banner/kritzkrieg 
for example. 



216 
 

216 
 

equal uber or 
uber disad. 

 

Defensive 
Offclass 

A player swaps 
to one of three 
classes who are 
more effective in 
defensive 
scenarios; often 
used in holds on 
the last point. 

 
Pyro, Heavy, 
Engineer. 

Pyro successfully 
negates an 
ubercharge push 
from the enemy 
team, even if they 
die for it. Kills have 
additional impact. 

 
Heavy kills multiple 
opponents or assists 
in their deaths 
during an enemy 
push. 

 
Engineer kills 
multiple opponents 
or assists in their 
deaths AND/OR 
slows the enemy’s 
ubercharge push. 

 
In simple terms, if 
the enemy fails in a 
push and the offclass 
was involved it's 
likely a positive 
impact. 

Pyro fails to 
negate a push 
and dies for it. 

 
Heavy dies quickly 
without sufficient 
damage or any 
kills. 

 
Engineer fails to 
set up their 
buildings in time 
and dies without 
sufficient damage 
or any kills. 

Enemy does not push and 
the player swaps back to 
the main class. 

 
Offclass does not 
contribute to kills or 
damage during an enemy 
push. 

 

Distracting A player or a 
number of 
players do an 
action with the 
intent of 
diverting enemy 
attention 
towards them 
instead of 
another play 
occurring. 

The process of 
distracting results in 
a high advantage 
gain or high value 
targets are killed. 

 
Bonus impact if the 
distraction results in 
no friendly deaths. 

The process of 
distracting is 
unsuccessful and 
results in a 
significant 
number of 
friendly deaths 
(2+). 

 
Bonus impact if 
no enemy deaths 
occur in the 
process. 

The process of distracting 
is unsuccessful but only a 
small number (1) of 
friendly players die. 

 
The process of distracting 
is successful but a 
number of friendly 
players die. 

Flanking A player or a 
number of 
players take a 
route around or 
behind the 
opponents with 
the intent to 
surprise them or 

The process of 
flanking results in a 
number of kills, or 
sufficiently pulls a 
number of enemies 
away from the team 
fight. Results in a net 
gain in advantage. 

 

The process of 
flanking is 
unsuccessful and 
results in the 
death of friendly 
players. Results in 
a net loss in 
advantage. 

 

The player abandons the 
attempt to flank or the 
action results in no net 
advantage for either 
team. 
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get a number of 
kills. 

Additional impact if 
the targets are of 
high value. 

Additional impact 
if the targets are 
of high value. 

Focusing A player or 
number of 
players focus on 
a single target 
during a fight. 
Usually this will 
be an opponent 
that is an 
imminent threat 
to the high-value 
targets or an 
opponent on low 
health and/or 
out of position. 

The focused target is 
killed with no deaths 
on the friendly team. 

The focused 
target fails to die 
and the friendly 
team loses 
players. 

The focused target fails to 
die and escapes with no 
friendly deaths. 

 
The focused target dies 
with friendly deaths 

Forced Uber A Medic uses 
their Ubercharge 
to prevent 
imminent death. 
Being forced in 
this way is 
preferable to 
dying since that 
also resets your 
charge meter to 
0 on respawn. 

 
Usually a bad 
thing to occur as 
it's preferential 
to use 
Ubercharge in an 
advantageous 
situation and/or 
when the team is 
ready. 

 
A positive 
outcome is 
focused on 
negating the 
negative impact 
of using the 
charge in a poor 
place/time. 

In the process of 
using the 
ubercharge, multiple 
members of the 
enemy team die 
and/or the opposing 
medic dies. 

 
Bonus impact if the 
friendly medic 
survives. 

The ubercharge 
does not result in 
enemy kills 
and/or there are 
multiple friendly 
deaths. 

Multiple members of 
both teams die, including 
both or neither medics. 

 
The ubercharge is used 
and only one opponent is 
killed. 

Forcing An attempt to 
force the enemy 
Medic to use an 
Ubercharge in an 
inopportune 
time. 

The enemy medic is 
forced to use 
ubercharge. 

 
Bonus impact if the 
player survives. 

The enemy medic 
does not use it 
and the player 
dies. 

 

The enemy medic does 
not use, but the player 
escapes to safety. 

 
The enemy medic does 
not use and the player 
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Bonus impact is if 
other teammates 
die in the process. 

dies, but another 
opponent dies instead. 

 
The enemy medic uses, 
but either the friendly 
medic uses as well or 
multiple players die in the 
process. 

Hiding A player will hide 
out of sight, 
waiting for the 
enemy team to 
walk in. Then 
target a high-
value player for a 
quick kill. 

The act of hiding 
allows the player to 
successfully kill a 
high-value target or 
force the opposing 
medic. 

 
Alternatively, a low 
value target is killed 
and the player 
escapes to safety. 

The act of hiding 
is unsuccessful, 
they are either 
found or no 
targets are killed 
and the player 
dies. 

The player fails to get any 
kills/forces and escapes 
to safety. 

 
The player dies but 
manages to get a kill on a 
low value target. 

Pick 
Offclassing 

A player swaps 
to one of two 
who are more 
effective in single 
target kills; often 
used during 
stalemates. 

 
Spy, Sniper 

The player 
successfully gets a 
high value target kill, 
or a low value target 
and survives. 

The player fails to 
get a kill and dies. 

 

The player successfully 
gets a low value kill and 
dies. 

 

Sac Play The player 
intentionally puts 
themselves into 
a situation where 
death is 
inevitable with 
the goal of either 
killing a high 
value target or 
forcing the 
medic’s 
ubercharge. 

The player 
successfully gets a 
high value target kill 
or forces the enemy 
medic’s ubercharge. 

The player does 
not get a high 
value target kill or 
forces the 
enemy’s 
ubercharge. 

The player gets a low 
value target kill. 

Spamming Usually exclusive 
to classes with 
explosive 
weaponry, the 
player will create 
explosions in a 
specific area with 
the intent to 
delay opponents 
or damage them 
as they commit 
to a push. 

The act of spamming 
prevents the enemy 
team from pushing 
or enemies die from 
attempting to 
commit. 

The player dies 
when spamming 
or fails to do 
damage to 
committing 
enemies. 

The act of spamming does 
little to no damage, nor 
prevents enemies from 
pushing. 
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Trapping Exclusive to the 
Demoman, the 
player will place 
multiple 
stickybombs in a 
pile with the 
intent to get kills 
on opponents 
who gets in their 
proximity. 
 
Multiple stickies 
must be placed 
in close 
proximity for it 
to be considered 
a trap. 

The Demoman gets a 
kill or high amounts 
of damage when 
detonating the 
stickies. 

 
Bonus impact if it is 
a high value target 

The Demoman in 
the process of 
placing stickies is 
killed or lets an 
enemy player 
through. 
 
Bonus impact if 
the enemy player 
walks through the 
trap unhurt. 

The trap gets no kills or 
damage. 

Team Actions These are actions that are enacted by multiple members, or the entirety, of the team 
with more tactical objectives in mind. Its impact focuses on the tactical areas of 
gameplay, the larger interactions between most of the players. 

Aggressive 
Hold 

The team holds 
in front of their 
current point, on 
an invisible line 
between the 
enemies point 
and theirs. If a 
player walks over 
that line they 
would be in the 
enemy’s area. 
 
Players would be 
focusing on 
killing enemies 
that push 
through, doing 
damage to the 
enemy to 
prevent them 
pushing in, killing 
out of position or 
low health 
enemies, and/or 
setting up Sac 
Plays or Pick 
Offclassing. 

A net gain in player 
advantage, more 
enemies die than 
teammates, or more 
valuable enemies 
die. 

 
Sac Plays or Pick 
Offclassing as a 
result of the hold 
have a successful 
outcome. 

A net loss in 
player advantage, 
more players die 
than teammates 
or more high 
value teammates 
die. 

 
Excluding Sac 
Plays, these are 
expected. A 
negative outcome 
here is if 
additional 
teammates in a 
sac play die. 

 

An equal amount of 
players die on both teams 
or both teams lose high 
value targets. 

 
A Sac Play or Pick 
Offclassing is unsuccessful 
but no additional players 
are lost or the play itself 
is a neutral outcome. 

Backing out The team makes 
the choice to 
back out of the 
current area or 
fight in 
anticipation of 

No additional 
friendly players die 
in the process of 
backing out and one 
or more members of 

Additional 
friendly players 
die in the process 
of backing out. 

 

No additional friendly 
players die in the process. 

 
Additional friendly 
players die, but so do 
enemy players. 
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push from the 
enemy team 
whilst at 
disadvantage or 
when a current 
fight is at a clear 
disadvantage for 
the friendly 
team.  

 
The intent is to 
reach a point of 
safety whilst 
minimising any 
additional 
deaths. Either to 
re-engage at a 
later point or to 
prevent the 
enemy team 
from utilising 
their 
momentum. 

the enemy team die 
as well. 

Bonus impact if 
the players are of 
high value and/or 
no enemies are 
killed in the 
process. 

Kritzkrieg An ubercharge 
ability exclusive 
to the Medic and 
the unlockable 
weapon 
‘Kritzkrieg’. 
Colloquially 
known as ‘Kritz’, 
the use of the 
charge gives the 
healing target 
triple damage 
and no damage 
falloff. 

 
The Kritzkrieg 
does not give 
either target 
invulnerability in 
exchange, but 
charges faster 
than stock 
Ubercharge. 
Thus it is often 
used in a 
situation where 
both Medics 
respawn 
simultaneously 
or when a team 
wishes to 
dramatically shift 

Multiple targets - or 
ones of high value - 
are quickly 
eliminated 
throughout the 
duration of the 
charge, especially 
the Medic, even 
more so if they have 
full Ubercharge. 

 
Bonus impact if the 
number of 
teammate deaths is 
low or zero. 

Little to no 
targets are 
eliminated, 
especially the 
Medic. 

 
Bonus impact if 
multiple 
teammates die in 
the process. 

Multiple targets are 
eliminated, but so too are 
teammates. 

 
The opposing medic 
ubercharges, but neither 
medic dies afterwards. 

 
Either both medics or 
neither medics must die 
for it to be considered 
neutral. 
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the balance of 
the match. In 
short, it is a 
wildcard play. 

Passive Hold The team holds 
behind their 
current point, on 
an invisible line 
between their 
point and their 
preceding point. 
 
Players would be 
focusing on 
killing enemies 
that push 
through, doing 
damage to the 
enemy to 
prevent them 
pushing in, killing 
out of position or 
low health 
enemies, and/or 
backing out. 

A net gain in player 
advantage, more 
enemies die than 
teammates, or more 
valuable enemies 
die. 

 

A net loss in 
player advantage, 
more players die 
than teammates 
or more high 
value teammates 
die. 

 

An equal amount of 
players die on both teams 
or both teams lose high 
value targets. 

 

Pushing The team moves 
towards and into 
enemy territory, 
usually with an 
advantage of 
sorts with the 
intent to capture 
the enemy’s 
point and make 
ground. 

A gain or 
preservation of 
advantage 
(ubercharge, player, 
or both) and a 
capturing of the 
opposing point.  

A loss of 
advantage or a 
receiving a 
disadvantage 
(ubercharge, 
player, or both), 
with no capture 
of the opposing 
point. 

A preservation of the 
current 
advantage/disadvantage, 
or the resulting situation 
has no clear 
advantage/disadvantage 
to either team. 

 
The point is captured, but 
there is a loss of 
advantage or a receiving 
of a disadvantage. 

Time Wasting The team makes 
little to no effort 
to change the 
current state of 
the game with 
the intent to 
waste time. This 
is usually 
conducted on 
last holds to 
reset rounds on 
even footings 
with the 
opponents, or 
near the end of 
the match with 

In a last hold 
situation, the round 
is successfully reset 
or the enemy team 
fails a push in which 
the friendly team 
can push into the 
next point. 

 
In an end-of-round 
situation, the match 
is successfully 
completed resulting 
in a win, or enough 
time was wasted 

In both an end-of-
round and last 
hold situation, 
the enemy team 
successfully 
pushes before a 
reset or match 
timer concludes. 

In both a last hold and/or 
end-of-round situation, 
the extended hold does 
not result in either a 
successful push by the 
enemy team nor a round 
reset/match conclusion. 
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one team in the 
lead so preserve 
the current 
scoreline. 

 
A last hold and 
end-of-round 
situation is also 
likely and as such 
outcomes of 
either situation 
can apply. 

 
Usually 
demonstrated 
through 
extended holds 
of over 3 
minutes. 

that it becomes 
infeasible to lose. 

 

Ubercharge An ability 
exclusive to the 
Medic. 
Colloquially 
known as ‘Uber’, 
the use of the 
charge gives the 
healing target 
and the Medic 8 
seconds of 
invulnerability.  

 
This can be 
switched to 
different targets 
throughout the 
duration of the 
Uber, if the uber 
connection is 
broken, the heal 
target retains a 
brief period of 
ubercharge 
before it fades. 
Switching targets 
reduces the 
amount of time 
left on the uber 
with increasing 
effect (aka. the 
more you switch 
the faster your 
uber drains) 

 

Multiple targets - or 
ones of high value - 
are eliminated 
throughout the 
duration of the 
charge, especially 
the Medic, even 
more so if they have 
full Ubercharge. 

 
Bonus impact if the 
number of 
teammate deaths is 
low or zero. 

Little to no 
targets are 
eliminated, 
especially the 
Medic. 

 
Bonus impact if 
multiple 
teammates die in 
the process. 

Multiple targets are 
eliminated, but so too are 
teammates. 

 
The opposing medic 
ubercharges, but neither 
medic dies afterwards. 

 
Either both medics or 
neither medics must die 
for it to be considered 
neutral. 
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Appendix C: Contingency Tables of Notational Analysis 

Q1 – Advantageous contexts and efficacy of actions 

 Team Outcome  

Uber Advantage 

(Aggregated) 
  Positive Negative Neutral Total 

Advantage  

Count  47  33  42  122  

% within row  38.525 %  27.049 %  34.426 %  100 %  

% within column  22.705 %  20.625 %  16.667 %  19.709 %  

Standardized 

residuals 
 1.328  0.338  -1.577    

Disadvantage  

Count  27  31  48  106  

% within row  25.472 %  29.245 %  45.283 %  100 %  

% within column  13.043 %  19.375 %  19.048 %  17.124 %  

Standardized 

residuals 
 -1.910  0.878  1.052    

Equal  

Count  133  96  162  391  

% within row  34.015 %  24.552 %  41.432 %  100 %  

% within column  64.251 %  60 %  64.286 %  63.166 %  

Standardized 

residuals 
 0.397  -0.964  0.478    

Total  

Count  207  160  252  619  

% within row  33.441 %  25.848 %  40.711 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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 Team Outcome  

Uber Advantage 

(Aggregated) 
  Positive Negative Neutral Total 

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  5.568  4  0.234  

N  619       
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 Individual Impact  

Uber Advantage 

(Aggregated) 
  Effective Ineffective Neutral Total 

Advantage  

Count  35  21  66  122  

% within row  28.689 %  17.213 %  54.098 %  100 %  

% within column  20.710 %  22.340 %  18.539 %  19.709 %  

Standardized 

residuals 
 0.384  0.696  -0.851    

Disadvantage  

Count  24  15  67  106  

% within row  22.642 %  14.151 %  63.208 %  100 %  

% within column  14.201 %  15.957 %  18.820 %  17.124 %  

Standardized 

residuals 
 -1.183  -0.326  1.303    

Equal  

Count  110  58  223  391  

% within row  28.133 %  14.834 %  57.033 %  100 %  

% within column  65.089 %  61.702 %  62.640 %  63.166 %  

Standardized 

residuals 
 0.608  -0.320  -0.316    

Total  

Count  169  94  356  619  

% within row  27.302 %  15.186 %  57.512 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  2.326  4  0.676  

N  619       

 

 

  



227 
 

227 
 

 Team Outcome  

Player Advantage 

(Aggregated) 
  Positive Negative Neutral Total 

Advantage  

Count  43  25  60  128  

% within row  33.594 %  19.531 %  46.875 %  100 %  

% within column  20.773 %  15.625 %  23.810 %  20.679 %  

Standardized 

residuals 
 0.041  -1.833  1.594    

Disadvantage  

Count  36  32  71  139  

% within row  25.899 %  23.022 %  51.079 %  100 %  

% within column  17.391 %  20 %  28.175 %  22.456 %  

Standardized 

residuals 
 -2.140  -0.864  2.826    

Equal  

Count  128  103  121  352  

% within row  36.364 %  29.261 %  34.375 %  100 %  

% within column  61.836 %  64.375 %  48.016 %  56.866 %  

Standardized 

residuals 
 1.770  2.227  -3.684    

Total  

Count  207  160  252  619  

% within row  33.441 %  25.848 %  40.711 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  15.592  4  0.004  

N  619       
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 Individual Impact  

Player Advantage 

(Aggregated) 
  Effective Ineffective Neutral Total 

Advantage  

Count  32  17  79  128  

% within row  25 %  13.281 %  61.719 %  100 %  

% within column  18.935 %  18.085 %  22.191 %  20.679 %  

Standardized 

residuals 
 -0.656  -0.674  1.081    

Disadvantage  

Count  36  21  82  139  

% within row  25.899 %  15.108 %  58.993 %  100 %  

% within column  21.302 %  22.340 %  23.034 %  22.456 %  

Standardized 

residuals 
 -0.422  -0.029  0.401    

Equal  

Count  101  56  195  352  

% within row  28.693 %  15.909 %  55.398 %  100 %  

% within column  59.763 %  59.574 %  54.775 %  56.866 %  

Standardized 

residuals 
 0.892  0.576  -1.222    

Total  

Count  169  94  356  619  

% within row  27.302 %  15.186 %  57.512 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  1.746  4  0.782  

N  619       
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Q2 – Efficacy of specific actions 

 Individual Impact  

Action Type   Effective Ineffective Neutral Total 

Defensive  

Count  76  31  233  340  

% within row  22.353 %  9.118 %  68.529 %  100 %  

% within column  44.970 %  32.979 %  65.449 %  54.927 %  

Standardized residuals  -3.051  -4.644  6.121    

Offensive  

Count  78  40  100  218  

% within row  35.780 %  18.349 %  45.872 %  100 %  

% within column  46.154 %  42.553 %  28.090 %  35.218 %  

Standardized residuals  3.491  1.617  -4.320    

Unbalancing  

Count  15  23  23  61  

% within row  24.590 %  37.705 %  37.705 %  100 %  

% within column  8.876 %  24.468 %  6.461 %  9.855 %  

Standardized residuals  -0.501  5.162  -3.296    

Total  

Count  169  94  356  619  

% within row  27.302 %  15.186 %  57.512 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  55.477  4  < .001  

N  619       
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 Team Outcome  

Action Type   Positive Negative Neutral Total 

Defensive  

Count  88  79  173  340  

% within row  25.882 %  23.235 %  50.882 %  100 %  

% within column  42.512 %  49.375 %  68.651 %  54.927 %  

Standardized residuals  -4.400  -1.639  5.686    

Offensive  

Count  98  61  59  218  

% within row  44.954 %  27.982 %  27.064 %  100 %  

% within column  47.343 %  38.125 %  23.413 %  35.218 %  

Standardized residuals  4.477  0.894  -5.095    

Unbalancing  

Count  21  20  20  61  

% within row  34.426 %  32.787 %  32.787 %  100 %  

% within column  10.145 %  12.500 %  7.937 %  9.855 %  

Standardized residuals  0.172  1.304  -1.327    

Total  

Count  207  160  252  619  

% within row  33.441 %  25.848 %  40.711 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  36.439  4  < .001  

N  619       
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 Individual Impact  

Team Action   Effective Ineffective Neutral Total 

Aggressive Hold  

Count  35  20  111  166  

% within row  21.084 %  12.048 %  66.867 %  100 %  

% within column  20.710 %  21.277 %  31.180 %  26.817 %  

Standardized residuals  -2.102  -1.317  2.850    

Backing out  

Count  9  3  39  51  

% within row  17.647 %  5.882 %  76.471 %  100 %  

% within column  5.325 %  3.191 %  10.955 %  8.239 %  

Standardized residuals  -1.616  -1.933  2.859    

Passive Hold  

Count  40  26  91  157  

% within row  25.478 %  16.561 %  57.962 %  100 %  

% within column  23.669 %  27.660 %  25.562 %  25.363 %  

Standardized residuals  -0.594  0.556  0.132    

Pushing  

Count  46  22  66  134  

% within row  34.328 %  16.418 %  49.254 %  100 %  

% within column  27.219 %  23.404 %  18.539 %  21.648 %  

Standardized residuals  2.062  0.449  -2.185    

Time Wasting  

Count  4  1  10  15  

% within row  26.667 %  6.667 %  66.667 %  100 %  

% within column  2.367 %  1.064 %  2.809 %  2.423 %  

Standardized residuals  -0.056  -0.931  0.726    
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 Individual Impact  

Team Action   Effective Ineffective Neutral Total 

Ubercharge  

Count  32  21  36  89  

% within row  35.955 %  23.596 %  40.449 %  100 %  

% within column  18.935 %  22.340 %  10.112 %  14.378 %  

Standardized residuals  1.980  2.389  -3.519    

Kritzkrieg  

Count  0  0  1  1  

% within row  0 %  0 %  100 %  100 %  

% within column  0 %  0 %  0.281 %  0.162 %  

Standardized residuals  -0.613  -0.423  0.860    

No Distinct Action  

Count  3  1  2  6  

% within row  50 %  16.667 %  33.333 %  100 %  

% within column  1.775 %  1.064 %  0.562 %  0.969 %  

Standardized residuals  1.254  0.102  -1.204    

Total  

Count  169  94  356  619  

% within row  27.302 %  15.186 %  57.512 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  32.845  14  0.003  

N  619       
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 Team Outcome  

Team Action   Positive Negative Neutral Total 

Aggressive Hold  

Count  42  36  88  166  

% within row  25.301 %  21.687 %  53.012 %  100 %  

% within column  20.290 %  22.500 %  34.921 %  26.817 %  

Standardized residuals  -2.598  -1.432  3.771    

Backing out  

Count  8  10  33  51  

% within row  15.686 %  19.608 %  64.706 %  100 %  

% within column  3.865 %  6.250 %  13.095 %  8.239 %  

Standardized residuals  -2.806  -1.063  3.641    

Passive Hold  

Count  44  52  61  157  

% within row  28.025 %  33.121 %  38.854 %  100 %  

% within column  21.256 %  32.500 %  24.206 %  25.363 %  

Standardized residuals  -1.665  2.409  -0.548    

Pushing  

Count  65  28  41  134  

% within row  48.507 %  20.896 %  30.597 %  100 %  

% within column  31.401 %  17.500 %  16.270 %  21.648 %  

Standardized residuals  4.176  -1.479  -2.692    

Time Wasting  

Count  8  1  6  15  

% within row  53.333 %  6.667 %  40 %  100 %  

% within column  3.865 %  0.625 %  2.381 %  2.423 %  

Standardized residuals  1.653  -1.718  -0.057    
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 Team Outcome  

Team Action   Positive Negative Neutral Total 

Ubercharge  

Count  36  31  22  89  

% within row  40.449 %  34.831 %  24.719 %  100 %  

% within column  17.391 %  19.375 %  8.730 %  14.378 %  

Standardized residuals  1.515  2.092  -3.319    

Kritzkrieg  

Count  1  0  0  1  

% within row  100 %  0 %  0 %  100 %  

% within column  0.483 %  0 %  0 %  0.162 %  

Standardized residuals  1.412  -0.591  -0.829    

No Distinct Action  

Count  3  2  1  6  

% within row  50 %  33.333 %  16.667 %  100 %  

% within column  1.449 %  1.250 %  0.397 %  0.969 %  

Standardized residuals  0.864  0.421  -1.205    

Total  

Count  207  160  252  619  

% within row  33.441 %  25.848 %  40.711 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 



240 
 

240 
 

Chi-Squared Tests  

  Value df p 

Χ²  58.870  14  < .001  

N  619       
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 Individual Impact  

Individual Action 

(Aggressive) 
  Effective Ineffective Neutral Total 

Backcapping  

Count  14  4  3  21  

% within row  66.667 %  19.048 %  14.286 %  100 %  

% within column  16.667 %  10 %  3.896 %  10.448 %  

Standardized 

residuals 
 2.442  -0.103  -2.393    

Bombing  

Count  24  15  32  71  

% within row  33.803 %  21.127 %  45.070 %  100 %  

% within column  28.571 %  37.500 %  41.558 %  35.323 %  

Standardized 

residuals 
 -1.697  0.322  1.457    

Chasing  

Count  5  2  13  20  

% within row  25 %  10 %  65 %  100 %  

% within column  5.952 %  5 %  16.883 %  9.950 %  

Standardized 

residuals 
 -1.604  -1.169  2.588    

Flanking  

Count  7  8  9  24  

% within row  29.167 %  33.333 %  37.500 %  100 %  

% within column  8.333 %  20 %  11.688 %  11.940 %  

Standardized 

residuals 
 -1.336  1.756  -0.087    

Focusing  

Count  34  11  20  65  

% within row  52.308 %  16.923 %  30.769 %  100 %  
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 Individual Impact  

Individual Action 

(Aggressive) 
  Effective Ineffective Neutral Total 

% within column  40.476 %  27.500 %  25.974 %  32.338 %  

Standardized 

residuals 
 2.090  -0.731  -1.520    

Total  

Count  84  40  77  201  

% within row  41.791 %  19.900 %  38.308 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  20.389  8  0.009  

N  201       
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 Team Outcome  

Individual Action (Aggressive)   Positive Negative Neutral Total 

Backcapping  

Count  11  6  4  21  

% within row  52.381 %  28.571 %  19.048 %  100 %  

% within column  12.644 %  10.714 %  6.897 %  10.448 %  

Standardized residuals  0.889  0.077  -1.048    

Bombing  

Count  27  20  24  71  

% within row  38.028 %  28.169 %  33.803 %  100 %  

% within column  31.034 %  35.714 %  41.379 %  35.323 %  

Standardized residuals  -1.111  0.072  1.144    

Chasing  

Count  8  4  8  20  

% within row  40 %  20 %  40 %  100 %  

% within column  9.195 %  7.143 %  13.793 %  9.950 %  

Standardized residuals  -0.312  -0.826  1.159    

Flanking  

Count  7  6  11  24  

% within row  29.167 %  25 %  45.833 %  100 %  

% within column  8.046 %  10.714 %  18.966 %  11.940 %  

Standardized residuals  -1.487  -0.333  1.956    

Focusing  

Count  34  20  11  65  

% within row  52.308 %  30.769 %  16.923 %  100 %  

% within column  39.080 %  35.714 %  18.966 %  32.338 %  

Standardized residuals  1.785  0.636  -2.581    
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 Team Outcome  

Individual Action (Aggressive)   Positive Negative Neutral Total 

Total  

Count  87  56  58  201  

% within row  43.284 %  27.861 %  28.856 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  11.718  8  0.164  

N  201       
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 Individual Impact  

Individual Action 

(Defensive) 
  Effective Ineffective Neutral Total 

Building  

Count  11  0  22  33  

% within row  33.333 %  0 %  66.667 %  100 %  

% within column  27.500 %  0 %  19.130 %  18.966 %  

Standardized 

residuals 
 1.569  -2.234  0.077    

Defensive Offclassing  

Count  7  1  8  16  

% within row  43.750 %  6.250 %  50 %  100 %  

% within column  17.500 %  5.263 %  6.957 %  9.195 %  

Standardized 

residuals 
 2.071  -0.628  -1.427    

Spamming  

Count  17  11  54  82  

% within row  20.732 %  13.415 %  65.854 %  100 %  

% within column  42.500 %  57.895 %  46.957 %  47.126 %  

Standardized 

residuals 
 -0.668  0.996  -0.063    

Trapping  

Count  3  2  23  28  

% within row  10.714 %  7.143 %  82.143 %  100 %  

% within column  7.500 %  10.526 %  20 %  16.092 %  

Standardized 

residuals 
 -1.685  -0.700  1.959    

Other  

Count  2  5  8  15  

% within row  13.333 %  33.333 %  53.333 %  100 %  
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 Individual Impact  

Individual Action 

(Defensive) 
  Effective Ineffective Neutral Total 

% within column  5 %  26.316 %  6.957 %  8.621 %  

Standardized 

residuals 
 -0.930  2.912  -1.092    

Total  

Count  40  19  115  174  

% within row  22.989 %  10.920 %  66.092 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  20.909  8  0.007  

N  174       
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 Team Outcome  

Individual Action (Defensive)   Positive Negative Neutral Total 

Building  

Count  3  2  28  33  

% within row  9.091 %  6.061 %  84.848 %  100 %  

% within column  6.250 %  5 %  32.558 %  18.966 %  

Standardized residuals  -2.641  -2.567  4.521    

Defensive Offclassing  

Count  5  6  5  16  

% within row  31.250 %  37.500 %  31.250 %  100 %  

% within column  10.417 %  15 %  5.814 %  9.195 %  

Standardized residuals  0.344  1.448  -1.526    

Spamming  

Count  30  19  33  82  

% within row  36.585 %  23.171 %  40.244 %  100 %  

% within column  62.500 %  47.500 %  38.372 %  47.126 %  

Standardized residuals  2.507  0.054  -2.287    

Trapping  

Count  5  8  15  28  

% within row  17.857 %  28.571 %  53.571 %  100 %  

% within column  10.417 %  20 %  17.442 %  16.092 %  

Standardized residuals  -1.257  0.766  0.479    

Other  

Count  5  5  5  15  

% within row  33.333 %  33.333 %  33.333 %  100 %  

% within column  10.417 %  12.500 %  5.814 %  8.621 %  

Standardized residuals  0.521  0.996  -1.304    
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 Team Outcome  

Individual Action (Defensive)   Positive Negative Neutral Total 

Total  

Count  48  40  86  174  

% within row  27.586 %  22.989 %  49.425 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  26.105  8  0.001  

N  174       
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Q3 – Advantageous contexts and action frequency 

 Uber Advantage (Aggregated)  

Action Type   Advantage Disadvantage Equal Total 

Defensive  

Count  35  83  222  340  

% within row  10.294 %  24.412 %  65.294 %  100 %  

% within column  28.689 %  78.302 %  56.777 %  54.927 %  

Standardized residuals  -6.500  5.313  1.212    

Offensive  

Count  71  16  131  218  

% within row  32.569 %  7.339 %  60.092 %  100 %  

% within column  58.197 %  15.094 %  33.504 %  35.218 %  

Standardized residuals  5.930  -4.765  -1.169    

Unbalancing  

Count  16  7  38  61  

% within row  26.230 %  11.475 %  62.295 %  100 %  

% within column  13.115 %  6.604 %  9.719 %  9.855 %  

Standardized residuals  1.348  -1.234  -0.149    

Total  

Count  122  106  391  619  

% within row  19.709 %  17.124 %  63.166 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  59.346  4  < .001  

N  619       
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 Player Advantage (Aggregated)  

Action Type   Advantage Disadvantage Equal Total 

Defensive  

Count  37  112  191  340  

% within row  10.882 %  32.941 %  56.176 %  100 %  

% within column  28.906 %  80.576 %  54.261 %  54.927 %  

Standardized residuals  -6.643  6.901  -0.382    

Offensive  

Count  78  16  124  218  

% within row  35.780 %  7.339 %  56.881 %  100 %  

% within column  60.938 %  11.511 %  35.227 %  35.218 %  

Standardized residuals  6.840  -6.645  0.005    

Unbalancing  

Count  13  11  37  61  

% within row  21.311 %  18.033 %  60.656 %  100 %  

% within column  10.156 %  7.914 %  10.511 %  9.855 %  

Standardized residuals  0.129  -0.872  0.629    

Total  

Count  128  139  352  619  

% within row  20.679 %  22.456 %  56.866 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  79.376  4  < .001  

N  619       
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253 
 

 

 Uber Advantage (Aggregated)  

Individual Action 

(Aggressive) 
  Advantage Disadvantage Equal Total 

Backcapping  

Count  12  1  8  21  

% within row  57.143 %  4.762 %  38.095 %  100 %  

% within column  21.053 %  5.263 %  6.400 %  10.448 %  

Standardized 

residuals 
 3.093  -0.776  -2.406    

Bombing  

Count  20  12  39  71  

% within row  28.169 %  16.901 %  54.930 %  100 %  

% within column  35.088 %  63.158 %  31.200 %  35.323 %  

Standardized 

residuals 
 -0.044  2.668  -1.569    

Chasing  

Count  8  2  10  20  

% within row  40 %  10 %  50 %  100 %  

% within column  14.035 %  10.526 %  8 %  9.950 %  

Standardized 

residuals 
 1.217  0.088  -1.185    

Flanking  

Count  3  0  21  24  

% within row  12.500 %  0 %  87.500 %  100 %  

% within column  5.263 %  0 %  16.800 %  11.940 %  

Standardized 

residuals 
 -1.837  -1.687  2.725    

Focusing  Count  14  4  47  65  
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 Uber Advantage (Aggregated)  

Individual Action 

(Aggressive) 
  Advantage Disadvantage Equal Total 

% within row  21.538 %  6.154 %  72.308 %  100 %  

% within column  24.561 %  21.053 %  37.600 %  32.338 %  

Standardized 

residuals 
 -1.483  -1.105  2.045    

Total  

Count  57  19  125  201  

% within row  28.358 %  9.453 %  62.189 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  24.549  8  0.002  

N  201       
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 Player Advantage (Aggregated)  

Individual Action 

(Aggressive) 
  Advantage Disadvantage Equal Total 

Backcapping  

Count  7  2  12  21  

% within row  33.333 %  9.524 %  57.143 %  100 %  

% within column  12.500 %  9.091 %  9.756 %  10.448 %  

Standardized 

residuals 
 0.591  -0.220  -0.403    

Bombing  

Count  19  4  48  71  

% within row  26.761 %  5.634 %  67.606 %  100 %  

% within column  33.929 %  18.182 %  39.024 %  35.323 %  

Standardized 

residuals 
 -0.257  -1.782  1.379    

Chasing  

Count  14  3  3  20  

% within row  70 %  15 %  15 %  100 %  

% within column  25 %  13.636 %  2.439 %  9.950 %  

Standardized 

residuals 
 4.430  0.612  -4.467    

Flanking  

Count  7  4  13  24  

% within row  29.167 %  16.667 %  54.167 %  100 %  

% within column  12.500 %  18.182 %  10.569 %  11.940 %  

Standardized 

residuals 
 0.152  0.957  -0.753    

Focusing  

Count  9  9  47  65  

% within row  13.846 %  13.846 %  72.308 %  100 %  
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 Player Advantage (Aggregated)  

Individual Action 

(Aggressive) 
  Advantage Disadvantage Equal Total 

% within column  16.071 %  40.909 %  38.211 %  32.338 %  

Standardized 

residuals 
 -3.064  0.911  2.235    

Total  

Count  56  22  123  201  

% within row  27.861 %  10.945 %  61.194 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  30.001  8  < .001  

N  201       
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 Uber Advantage (Aggregated)  

Individual Action 

(Defensive) 
  Advantage Disadvantage Equal Total 

Building  

Count  6  17  10  33  

% within row  18.182 %  51.515 %  30.303 %  100 %  

% within column  24 %  30.357 %  10.753 %  18.966 %  

Standardized 

residuals 
 0.694  2.641  -2.961    

Defensive Offclassing  

Count  1  10  5  16  

% within row  6.250 %  62.500 %  31.250 %  100 %  

% within column  4 %  17.857 %  5.376 %  9.195 %  

Standardized 

residuals 
 -0.971  2.724  -1.868    

Spamming  

Count  9  13  60  82  

% within row  10.976 %  15.854 %  73.171 %  100 %  

% within column  36 %  23.214 %  64.516 %  47.126 %  

Standardized 

residuals 
 -1.204  -4.353  4.924    

Trapping  

Count  3  13  12  28  

% within row  10.714 %  46.429 %  42.857 %  100 %  

% within column  12 %  23.214 %  12.903 %  16.092 %  

Standardized 

residuals 
 -0.602  1.761  -1.227    

Other  

Count  6  3  6  15  

% within row  40 %  20 %  40 %  100 %  
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 Uber Advantage (Aggregated)  

Individual Action 

(Defensive) 
  Advantage Disadvantage Equal Total 

% within column  24 %  5.357 %  6.452 %  8.621 %  

Standardized 

residuals 
 2.961  -1.057  -1.092    

Total  

Count  25  56  93  174  

% within row  14.368 %  32.184 %  53.448 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  38.342  8  < .001  

N  174       
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 Player Advantage (Aggregated)  

Individual Action 

(Defensive) 
  Advantage Disadvantage Equal Total 

Building  

Count  9  13  11  33  

% within row  27.273 %  39.394 %  33.333 %  100 %  

% within column  24.324 %  25 %  12.941 %  18.966 %  

Standardized 

residuals 
 0.937  1.326  -1.981    

Defensive Offclassing  

Count  2  7  7  16  

% within row  12.500 %  43.750 %  43.750 %  100 %  

% within column  5.405 %  13.462 %  8.235 %  9.195 %  

Standardized 

residuals 
 -0.899  1.271  -0.428    

Spamming  

Count  17  14  51  82  

% within row  20.732 %  17.073 %  62.195 %  100 %  

% within column  45.946 %  26.923 %  60 %  47.126 %  

Standardized 

residuals 
 -0.162  -3.486  3.325    

Trapping  

Count  5  12  11  28  

% within row  17.857 %  42.857 %  39.286 %  100 %  

% within column  13.514 %  23.077 %  12.941 %  16.092 %  

Standardized 

residuals 
 -0.481  1.637  -1.105    

Other  

Count  4  6  5  15  

% within row  26.667 %  40 %  33.333 %  100 %  
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 Player Advantage (Aggregated)  

Individual Action 

(Defensive) 
  Advantage Disadvantage Equal Total 

% within column  10.811 %  11.538 %  5.882 %  8.621 %  

Standardized 

residuals 
 0.535  0.895  -1.258    

Total  

Count  37  52  85  174  

% within row  21.264 %  29.885 %  48.851 %  100 %  

% within column  100 %  100 %  100 %  100 %  

          

 

 

Chi-Squared Tests  

  Value df p 

Χ²  16.094  8  0.041  

N  174       
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 Uber Advantage (Aggregated)  

Team Action   Advantage Disadvantage Equal Total 

Aggressive Hold  

Count  22  14  130  166  

% within row  13.253 %  8.434 %  78.313 %  100 %  

% within column  18.033 %  13.208 %  33.248 %  26.817 %  

Standardized residuals  -2.444  -3.474  4.729    

Backing out  

Count  4  21  26  51  

% within row  7.843 %  41.176 %  50.980 %  100 %  

% within column  3.279 %  19.811 %  6.650 %  8.239 %  

Standardized residuals  -2.224  4.760  -1.883    

Passive Hold  

Count  10  53  94  157  

% within row  6.369 %  33.758 %  59.873 %  100 %  

% within column  8.197 %  50 %  24.041 %  25.363 %  

Standardized residuals  -4.864  6.404  -0.990    

Pushing  

Count  38  12  84  134  

% within row  28.358 %  8.955 %  62.687 %  100 %  

% within column  31.148 %  11.321 %  21.483 %  21.648 %  

Standardized residuals  2.843  -2.836  -0.130    

Time Wasting  

Count  2  3  10  15  

% within row  13.333 %  20 %  66.667 %  100 %  

% within column  1.639 %  2.830 %  2.558 %  2.423 %  

Standardized residuals  -0.628  0.299  0.285    
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 Uber Advantage (Aggregated)  

Team Action   Advantage Disadvantage Equal Total 

Ubercharge  

Count  45  1  43  89  

% within row  50.562 %  1.124 %  48.315 %  100 %  

% within column  36.885 %  0.943 %  10.997 %  14.378 %  

Standardized residuals  7.907  -4.330  -3.139    

Kritzkrieg  

Count  1  0  0  1  

% within row  100 %  0 %  0 %  100 %  

% within column  0.820 %  0 %  0 %  0.162 %  

Standardized residuals  2.020  -0.455  -1.311    

No Distinct Action  

Count  0  2  4  6  

% within row  0 %  33.333 %  66.667 %  100 %  

% within column  0 %  1.887 %  1.023 %  0.969 %  

Standardized residuals  -1.220  1.059  0.179    

Total  

Count  122  106  391  619  

% within row  19.709 %  17.124 %  63.166 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  155.054  14  < .001  

N  619       
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 Player Advantage (Aggregated)  

Team Action   Advantage Disadvantage Equal Total 

Aggressive Hold  

Count  25  29  112  166  

% within row  15.060 %  17.470 %  67.470 %  100 %  

% within column  19.531 %  20.863 %  31.818 %  26.817 %  

Standardized residuals  -2.089  -1.799  3.225    

Backing out  

Count  6  34  11  51  

% within row  11.765 %  66.667 %  21.569 %  100 %  

% within column  4.688 %  24.460 %  3.125 %  8.239 %  

Standardized residuals  -1.641  7.899  -5.313    

Passive Hold  

Count  12  52  93  157  

% within row  7.643 %  33.121 %  59.236 %  100 %  

% within column  9.375 %  37.410 %  26.420 %  25.363 %  

Standardized residuals  -4.668  3.707  0.694    

Pushing  

Count  66  7  61  134  

% within row  49.254 %  5.224 %  45.522 %  100 %  

% within column  51.563 %  5.036 %  17.330 %  21.648 %  

Standardized residuals  9.227  -5.400  -2.995    

Time Wasting  

Count  4  1  10  15  

% within row  26.667 %  6.667 %  66.667 %  100 %  

% within column  3.125 %  0.719 %  2.841 %  2.423 %  

Standardized residuals  0.580  -1.483  0.776    
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 Player Advantage (Aggregated)  

Team Action   Advantage Disadvantage Equal Total 

Ubercharge  

Count  15  11  63  89  

% within row  16.854 %  12.360 %  70.787 %  100 %  

% within column  11.719 %  7.914 %  17.898 %  14.378 %  

Standardized residuals  -0.963  -2.467  2.866    

Kritzkrieg  

Count  0  0  1  1  

% within row  0 %  0 %  100 %  100 %  

% within column  0 %  0 %  0.284 %  0.162 %  

Standardized residuals  -0.511  -0.539  0.872    

No Distinct Action  

Count  0  5  1  6  

% within row  0 %  83.333 %  16.667 %  100 %  

% within column  0 %  3.597 %  0.284 %  0.969 %  

Standardized residuals  -1.257  3.591  -1.998    

Total  

Count  128  139  352  619  

% within row  20.679 %  22.456 %  56.866 %  100 %  

% within column  100 %  100 %  100 %  100 %  
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Chi-Squared Tests  

  Value df p 

Χ²  183.341  14  < .001  

N  619       
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Q4 – Game state and action frequency 

 Position  

Action Type   
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

Defensive  

Count  12  80  122  60  66  340  

% within row  3.529 %  23.529 %  35.882 %  17.647 %  19.412 %  100 %  

% within column  17.143 %  56.338 %  53.509 %  63.830 %  77.647 %  54.927 %  

Standardized 

residuals 
 -6.746  0.385  -0.542  1.884  4.532    

Offensive  

Count  52  47  86  22  11  218  

% within row  23.853 %  21.560 %  39.450 %  10.092 %  5.046 %  100 %  

% within column  74.286 %  33.099 %  37.719 %  23.404 %  12.941 %  35.218 %  

Standardized 

residuals 
 7.266  -0.602  0.995  -2.604  -4.629    

Unbalancing  

Count  6  15  20  12  8  61  

% within row  9.836 %  24.590 %  32.787 %  19.672 %  13.115 %  100 %  

% within column  8.571 %  10.563 %  8.772 %  12.766 %  9.412 %  9.855 %  

Standardized 

residuals 
 -0.382  0.323  -0.690  1.028  -0.147    

Total  

Count  70  142  228  94  85  619  

% within row  11.309 %  22.940 %  36.834 %  15.186 %  13.732 %  100 %  

% within column  100 %  100 %  100 %  100 %  100 %  100 %  
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 Position  

Action Type   
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

 

 

Chi-Squared Tests  

  Value df p 

Χ²  75.585  8  < .001  

N  619       

 

 

 State  

Action Type   4-1 3-2 2-2 2-3 1-4 Total 

Defensive  

Count  70  88  56  79  47  340  

% within row  20.588 %  25.882 %  16.471 %  23.235 %  13.824 %  100 %  

% within column  48.951 %  53.988 %  52.336 %  58.519 %  66.197 %  54.927 %  

Standardized 

residuals 
 -1.638  -0.281  -0.592  0.948  2.028    

Offensive  

Count  61  50  50  42  15  218  

% within row  27.982 %  22.936 %  22.936 %  19.266 %  6.881 %  100 %  

% within column  42.657 %  30.675 %  46.729 %  31.111 %  21.127 %  35.218 %  

Standardized 

residuals 
 2.124  -1.415  2.741  -1.130  -2.642    

Unbalancing  Count  12  25  1  14  9  61  
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 State  

Action Type   4-1 3-2 2-2 2-3 1-4 Total 

% within row  19.672 %  40.984 %  1.639 %  22.951 %  14.754 %  100 %  

% within column  8.392 %  15.337 %  0.935 %  10.370 %  12.676 %  9.855 %  

Standardized 

residuals 
 -0.669  2.736  -3.404  0.227  0.848    

Total  

Count  143  163  107  135  71  619  

% within row  23.102 %  26.333 %  17.286 %  21.809 %  11.470 %  100 %  

% within column  100 %  100 %  100 %  100 %  100 %  100 %  

              

 

 

Chi-Squared Tests  

  Value df p 

Χ²  29.455  8  < .001  

N  619       
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 Position  

Team Action   
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

Aggressive 

Hold 
 

Count  12  49  45  40  20  166  

% within row  7.229 %  29.518 %  27.108 %  24.096 %  12.048 %  100 %  

% within column  17.143 %  34.507 %  19.737 %  42.553 %  23.529 %  26.817 %  

Standardized 

residuals 
 -1.940  2.356  -3.037  3.739  -0.737    

Backing out  

Count  3  12  30  5  1  51  

% within row  5.882 %  23.529 %  58.824 %  9.804 %  1.961 %  100 %  

% within column  4.286 %  8.451 %  13.158 %  5.319 %  1.176 %  8.239 %  

Standardized 

residuals 
 -1.277  0.104  3.399  -1.118  -2.550    

Passive Hold  

Count  1  23  67  16  50  157  

% within row  0.637 %  14.650 %  42.675 %  10.191 %  31.847 %  100 %  

% within column  1.429 %  16.197 %  29.386 %  17.021 %  58.824 %  25.363 %  

Standardized 

residuals 
 -4.887  -2.860  1.756  -2.019  7.634    

Pushing  

Count  27  37  59  8  3  134  

% within row  20.149 %  27.612 %  44.030 %  5.970 %  2.239 %  100 %  

% within column  38.571 %  26.056 %  25.877 %  8.511 %  3.529 %  21.648 %  

Standardized 

residuals 
 3.651  1.453  1.951  -3.358  -4.367    

Time Wasting  Count  0  1  1  5  8  15  
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 Position  

Team Action   
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

% within row  0 %  6.667 %  6.667 %  33.333 %  53.333 %  100 %  

% within column  0 %  0.704 %  0.439 %  5.319 %  9.412 %  2.423 %  

Standardized 

residuals 
 -1.400  -1.518  -2.452  1.983  4.511    

Ubercharge  

Count  27  19  22  19  2  89  

% within row  30.337 %  21.348 %  24.719 %  21.348 %  2.247 %  100 %  

% within column  38.571 %  13.380 %  9.649 %  20.213 %  2.353 %  14.378 %  

Standardized 

residuals 
 6.126  -0.386  -2.561  1.751  -3.402    

Kritzkrieg  

Count  0  0  0  0  1  1  

% within row  0 %  0 %  0 %  0 %  100 %  100 %  

% within column  0 %  0 %  0 %  0 %  1.176 %  0.162 %  

Standardized 

residuals 
 -0.357  -0.546  -0.764  -0.423  2.508    

No Distinct 

Action 
 

Count  0  1  4  1  0  6  

% within row  0 %  16.667 %  66.667 %  16.667 %  0 %  100 %  

% within column  0 %  0.704 %  1.754 %  1.064 %  0 %  0.969 %  

Standardized 

residuals 
 -0.879  -0.367  1.522  0.102  -0.982    

Total  

Count  70  142  228  94  85  619  

% within row  11.309 %  22.940 %  36.834 %  15.186 %  13.732 %  100 %  

% within column  100 %  100 %  100 %  100 %  100 %  100 %  
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 Position  

Team Action   
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

              

 

 

Chi-Squared Tests  

  Value df p 

Χ²  207.660  28  < .001  

N  619       
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 State  

Team Action   4-1 3-2 2-2 2-3 1-4 Total 

Aggressive 

Hold 
 

Count  43  55  8  43  17  166  

% within row  25.904 %  33.133 %  4.819 %  25.904 %  10.241 %  100 %  

% within column  30.070 %  33.742 %  7.477 %  31.852 %  23.944 %  26.817 %  

Standardized 

residuals 
 1.001  2.325  -4.966  1.493  -0.581    

Backing out  

Count  8  21  11  11  0  51  

% within row  15.686 %  41.176 %  21.569 %  21.569 %  0 %  100 %  

% within column  5.594 %  12.883 %  10.280 %  8.148 %  0 %  8.239 %  

Standardized 

residuals 
 -1.312  2.513  0.844  -0.043  -2.683    

Passive Hold  

Count  23  24  50  24  36  157  

% within row  14.650 %  15.287 %  31.847 %  15.287 %  22.930 %  100 %  

% within column  16.084 %  14.724 %  46.729 %  17.778 %  50.704 %  25.363 %  

Standardized 

residuals 
 -2.908  -3.637  5.585  -2.291  5.216    

Pushing  

Count  32  33  36  28  5  134  

% within row  23.881 %  24.627 %  26.866 %  20.896 %  3.731 %  100 %  

% within column  22.378 %  20.245 %  33.645 %  20.741 %  7.042 %  21.648 %  

Standardized 

residuals 
 0.242  -0.507  3.313  -0.289  -3.176    

Time Wasting  Count  0  2  0  5  8  15  
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 State  

Team Action   4-1 3-2 2-2 2-3 1-4 Total 

% within row  0 %  13.333 %  0 %  33.333 %  53.333 %  100 %  

% within column  0 %  1.227 %  0 %  3.704 %  11.268 %  2.423 %  

Standardized 

residuals 
 -2.149  -1.157  -1.792  1.094  5.151    

Ubercharge  

Count  37  25  0  23  4  89  

% within row  41.573 %  28.090 %  0 %  25.843 %  4.494 %  100 %  

% within column  25.874 %  15.337 %  0 %  17.037 %  5.634 %  14.378 %  

Standardized 

residuals 
 4.468  0.407  -4.661  0.996  -2.232    

Kritzkrieg  

Count  0  0  0  0  1  1  

% within row  0 %  0 %  0 %  0 %  100 %  100 %  

% within column  0 %  0 %  0 %  0 %  1.408 %  0.162 %  

Standardized 

residuals 
 -0.549  -0.598  -0.458  -0.529  2.780    

No Distinct 

Action 
 

Count  0  3  2  1  0  6  

% within row  0 %  50 %  33.333 %  16.667 %  0 %  100 %  

% within column  0 %  1.840 %  1.869 %  0.741 %  0 %  0.969 %  

Standardized 

residuals 
 -1.349  1.323  1.045  -0.307  -0.886    

Total  

Count  143  163  107  135  71  619  

% within row  23.102 %  26.333 %  17.286 %  21.809 %  11.470 %  100 %  

% within column  100 %  100 %  100 %  100 %  100 %  100 %  
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 State  

Team Action   4-1 3-2 2-2 2-3 1-4 Total 

              

 

 

Chi-Squared Tests  

  Value df p 

Χ²  174.504  28  < .001  

N  619       

 

 

 Position  

Individual 

Action 

(Aggressive) 

  
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

Backcapping  

Count  18  2  1  0  0  21  

% within row  85.714 %  9.524 %  4.762 %  0 %  0 %  100 %  

% within 

column 
 40 %  5.128 %  1.282 %  0 %  0 %  10.448 %  

Standardized 

residuals 
 7.357  -1.210  -3.383  -1.783  -1.375    

Bombing  

Count  15  11  31  8  6  71  

% within row  21.127 %  15.493 %  43.662 %  11.268 %  8.451 %  100 %  

% within 

column 
 33.333 %  28.205 %  39.744 %  33.333 %  40 %  35.323 %  
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 Position  

Individual 

Action 

(Aggressive) 

  
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

Standardized 

residuals 
 -0.317  -1.036  1.044  -0.217  0.394    

Chasing  

Count  0  4  12  3  1  20  

% within row  0 %  20 %  60 %  15 %  5 %  100 %  

% within 

column 
 0 %  10.256 %  15.385 %  12.500 %  6.667 %  9.950 %  

Standardized 

residuals 
 -2.531  0.071  2.050  0.445  -0.442    

Flanking  

Count  5  6  6  6  1  24  

% within row  20.833 %  25 %  25 %  25 %  4.167 %  100 %  

% within 

column 
 11.111 %  15.385 %  7.692 %  25 %  6.667 %  11.940 %  

Standardized 

residuals 
 -0.195  0.739  -1.479  2.103  -0.655    

Focusing  

Count  7  16  28  7  7  65  

% within row  10.769 %  24.615 %  43.077 %  10.769 %  10.769 %  100 %  

% within 

column 
 15.556 %  41.026 %  35.897 %  29.167 %  46.667 %  32.338 %  

Standardized 

residuals 
 -2.732  1.292  0.859  -0.354  1.233    

Total  

Count  45  39  78  24  15  201  

% within row  22.388 %  19.403 %  38.806 %  11.940 %  7.463 %  100 %  
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 Position  

Individual 

Action 

(Aggressive) 

  
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

% within 

column 
 100 %  100 %  100 %  100 %  100 %  100 %  

              

 

 

Chi-Squared Tests  

  Value df p 

Χ²  68.827  16  < .001  

N  201       
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 State  

Individual Action 

(Aggressive) 
  4-1 3-2 2-2 2-3 1-4 Total 

Backcapping  

Count  19  2  0  0  0  21  

% within row  90.476 %  9.524 %  0 %  0 %  0 %  100 %  

% within 

column 
 30.159 %  5.882 %  0 %  0 %  0 %  10.448 %  

Standardized 

residuals 
 6.173  -0.955  -2.712  -2.376  -1.472    

Bombing  

Count  17  14  16  16  8  71  

% within row  23.944 %  19.718 %  22.535 %  22.535 %  11.268 %  100 %  

% within 

column 
 26.984 %  41.176 %  33.333 %  41.026 %  47.059 %  35.323 %  

Standardized 

residuals 
 -1.671  0.783  -0.331  0.830  1.058    

Chasing  

Count  2  3  5  9  1  20  

% within row  10 %  15 %  25 %  45 %  5 %  100 %  

% within 

column 
 3.175 %  8.824 %  10.417 %  23.077 %  5.882 %  9.950 %  

Standardized 

residuals 
 -2.168  -0.241  0.124  3.050  -0.586    

Flanking  

Count  8  3  7  4  2  24  

% within row  33.333 %  12.500 %  29.167 %  16.667 %  8.333 %  100 %  

% within 

column 
 12.698 %  8.824 %  14.583 %  10.256 %  11.765 %  11.940 %  

Standardized 

residuals 
 0.224  -0.615  0.647  -0.361  -0.023    
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 State  

Individual Action 

(Aggressive) 
  4-1 3-2 2-2 2-3 1-4 Total 

Focusing  

Count  17  12  20  10  6  65  

% within row  26.154 %  18.462 %  30.769 %  15.385 %  9.231 %  100 %  

% within 

column 
 26.984 %  35.294 %  41.667 %  25.641 %  35.294 %  32.338 %  

Standardized 

residuals 
 -1.096  0.404  1.584  -0.996  0.272    

Total  

Count  63  34  48  39  17  201  

% within row  31.343 %  16.915 %  23.881 %  19.403 %  8.458 %  100 %  

% within 

column 
 100 %  100 %  100 %  100 %  100 %  100 %  

              

 

 

Chi-Squared Tests  

  Value df p 

Χ²  50.824  16  < .001  

N  201       

 

 

  



280 
 

280 
 

 Position  

Individual 

Action 

(Defensive) 

  
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

Building  

Count  0  11  11  5  6  33  

% within row  0 %  33.333 %  33.333 %  15.152 %  18.182 %  100 %  

% within 

column 
 0 %  39.286 %  20.755 %  17.241 %  11.111 %  18.966 %  

Standardized 

residuals 
 -1.576  2.994  0.398  -0.259  -1.773    

Defensive 

Offclassing 
 

Count  0  0  0  0  16  16  

% within row  0 %  0 %  0 %  0 %  100 %  100 %  

% within 

column 
 0 %  0 %  0 %  0 %  29.630 %  9.195 %  

Standardized 

residuals 
 -1.037  -1.838  -2.778  -1.877  6.257    

Spamming  

Count  9  11  28  16  18  82  

% within row  10.976 %  13.415 %  34.146 %  19.512 %  21.951 %  100 %  

% within 

column 
 90 %  39.286 %  52.830 %  55.172 %  33.333 %  47.126 %  

Standardized 

residuals 
 2.798  -0.907  0.998  0.951  -2.445    

Trapping  

Count  1  4  8  7  8  28  

% within row  3.571 %  14.286 %  28.571 %  25 %  28.571 %  100 %  

% within 

column 
 10 %  14.286 %  15.094 %  24.138 %  14.815 %  16.092 %  
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 Position  

Individual 

Action 

(Defensive) 

  
Enemy 

Last 

Enemy 

2nd 
Mid 

Team 

2nd 

Team 

Last 
Total 

Standardized 

residuals 
 -0.540  -0.284  -0.237  1.292  -0.308    

Other  

Count  0  2  6  1  6  15  

% within row  0 %  13.333 %  40 %  6.667 %  40 %  100 %  

% within 

column 
 0 %  7.143 %  11.321 %  3.448 %  11.111 %  8.621 %  

Standardized 

residuals 
 -1  -0.304  0.840  -1.087  0.785    

Total  

Count  10  28  53  29  54  174  

% within row  5.747 %  16.092 %  30.460 %  16.667 %  31.034 %  100 %  

% within 

column 
 100 %  100 %  100 %  100 %  100 %  100 %  

              

 

 

Chi-Squared Tests  

  Value df p 

Χ²  56.861  16  < .001  

N  174       
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 State  

Individual 

Action 

(Defensive) 

  4-1 3-2 2-2 2-3 1-4 Total 

Building  

Count  9  12  3  6  3  33  

% within row  27.273 %  36.364 %  9.091 %  18.182 %  9.091 %  100 %  

% within 

column 
 32.143 %  30 %  11.111 %  14.286 %  8.108 %  18.966 %  

Standardized 

residuals 
 1.942  2.029  -1.133  -0.888  -1.899    

Defensive 

Offclassing 
 

Count  0  0  3  4  9  16  

% within row  0 %  0 %  18.750 %  25 %  56.250 %  100 %  

% within 

column 
 0 %  0 %  11.111 %  9.524 %  24.324 %  9.195 %  

Standardized 

residuals 
 -1.838  -2.293  0.375  0.085  3.589    

Spamming  

Count  13  15  20  19  15  82  

% within row  15.854 %  18.293 %  24.390 %  23.171 %  18.293 %  100 %  

% within 

column 
 46.429 %  37.500 %  74.074 %  45.238 %  40.541 %  47.126 %  

Standardized 

residuals 
 -0.081  -1.390  3.052  -0.281  -0.904    

Trapping  

Count  6  6  1  11  4  28  

% within row  21.429 %  21.429 %  3.571 %  39.286 %  14.286 %  100 %  

% within 

column 
 21.429 %  15 %  3.704 %  26.190 %  10.811 %  16.092 %  
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 State  

Individual 

Action 

(Defensive) 

  4-1 3-2 2-2 2-3 1-4 Total 

Standardized 

residuals 
 0.839  -0.214  -1.906  2.045  -0.985    

Other  

Count  0  7  0  2  6  15  

% within row  0 %  46.667 %  0 %  13.333 %  40 %  100 %  

% within 

column 
 0 %  17.500 %  0 %  4.762 %  16.216 %  8.621 %  

Standardized 

residuals 
 -1.774  2.280  -1.736  -1.023  1.855    

Total  

Count  28  40  27  42  37  174  

% within row  16.092 %  22.989 %  15.517 %  24.138 %  21.264 %  100 %  

% within 

column 
 100 %  100 %  100 %  100 %  100 %  100 %  

              

 

 

Chi-Squared Tests  

  Value df p 

Χ²  47.697  16  < .001  

N  174       
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Appendix D: Interview Transcripts 



[START OF RECORDING]

Interviewer: That should be recording now, excellent. Right, so within the last twelve months or as agreed

perhaps past twelve months can you think of a match within that period that was particularly

challenging or memorable? So this can be a match where you were tested in terms of your

skills or your experience um had a difference in that situation.

AD7800: Yes.

Interviewer: Excellent. So can you give me a short summary of that?

AD7800: Um I guess it was a playoffs match that I played back in- end of March or early April, um it

went to three maps, it was like Lower bracket- Lower bracket round one, we ended up losing

but uh yeah we lost on Process very quickly like 5-0 and we were like “alright, its ok its their

pick”. We then went to Snakewater which was much closer which we won like I think 3-2 and

we lost on Product like 4-2 or something like that.

Interviewer: So, um of those sort of three maps which one sort of sticks in your mind a little bit.

AD7800: Um, like Snakewater and Viaduct both but Viaduct was a bit repetitive like I- I did the same

thing over and over and it worked versus I guess Snakewater was a lot more uh dynamic for

me I guess. I tried to play- I- I was given the opportunity to play differently just given its a 5CP

map or whatever like there's more to it than just the midpoint and the forward hold, so.

Interviewer: Okay, so Snakewater specifically is that something you think you could recall quite well um

perhaps sort of help construct some sort of timeline. So if I asked you um, which I will later

on, um to recall the match in sort of chronological order um could you think you could do

that?

AD7800: Um, maybe? I could- I- I have like a VOD of it on my youtube channel but like is that like no

assistance allowed or is that like-

Interviewer: ((Overlapping)) So the assistance we can allow- or I can allow is I will ask you um to sort of

recall it in as much detail as you can remember now and then we can sort of use a log if you

have logs of that match to sort of help jog your memory if need be.

AD7800: Okay.

Interviewer: So did you wanna go ahead with Snakewater then on that specific series?

AD7800: Um sure.

Interviewer: Excellent. Okay, so I’m going to ask you now to recall in as much detail as you can from

beginning to end, um this could be in as much detail as you can sort of remember um and it

doesn’t necessarily have to be in chronological order, so if there's something you remember

when you are recalling something that happened earlier on in the match you can sort of um

reference that. Uh the main things I’m looking for um, try to point out time in which certain

events or key decisions took place um I won’t try to interrupt all too much unless I need to

clarify something, alright so whenever you are ready.

AD7800: Uh I guess I’m ready.

Interviewer: Okay, so yep if you wanna start recalling that now.

AD7800: This is difficult, it's hard to recall things but I guess- I dunno, we lost on Process very quickly

and I guess we took a long break before Snakewater to just like clear up and when it started

we kind of just went into it with the positive mindset of like “we just lost like really bad, let's

lighten up and just have fun cause that's when we like play our best as a team”. Um, yeah I

guess- I remember winning the first half and then tying in the second half, like in NA we do



halves of maps um which allowed us to win 3-2. Um it was a very slow, slow match um given

that 3-2 score over the course of an hour but um most of my plays came from like counter sac

scenarios when we were holding last or holding second, um there was one I recall- I recall

both- I recall two pretty distinctly where um out of last I think they two-manned our last and I

pushed through Lower and I pogo’d behind them and I had like two scouts chasing after me

and I jumped to mid and I was about to like meet their spawner- okay they one-manned

because they had two scouts chasing after me um and I got to mid and they had a guy

respawning, it was their soldier. Um and I just remember being very patient in their Saw like I

pogo’d into Lower, into mid uh I jumped to mid, a scout was still chipping at me and I just like

regrouped and got the pack Lower and got the pack in Saw and I think my team like pressured

out of last like off of me having like a scout- one or two scouts chasing after me at that point,

like pulled back into Lower, into mid. Um I think we got a pick off that and I think I must of, I

must’ve committed off it because I’m a feeder but yeah thats- I dunno- I just remember like

very clearly like communicating like “I have two scouts chasing me like I’m on Mid so like we

need to do something with this” Um I either fought the soldier and lost or I like ended up

flanking through Saw and trying to land on something, in either case I wouldn’t be surprised if

I took a 2v1 in Saw or if I die- just died trying to counter sac. Um and then the other one,

we’re holding second uh (.) they jump a soldier through Window onto us, I airshot [them] and

then y’know like we get the kill and I decide “okay, I’m gonna counter sac through Lower,

through Saw” and what I ended up doing was call like “I’m gonna pogo through kitchen and

get behind them and so that’s what I ended up doing, I didn’t have to fight anyone in there

thankfully, I got behind clean and I just um- I just ended up trying to listen like whilst I was

flanking through Saw like I knew that my window for when my counter sac was going to be

like good was closing because when the enemy soldier spawns like if I die now the- the enemy

team has like a twenty second respawn time for me where they have like a clear advantage,

right? So, so I go through Saw quickly and I’m just trying to pick out anything that I can and

yeah I just- I- I just pick up that they’re fighting like Saw, like close in Saw on my team so I

pogo out of uh like Catwalk over top and I just land on the med and I force them which is

obviously a great play. So those are like two distinct moments for me I guess, but um.

Interviewer: I think we can work with that. Um, so um whilst you were doing that I wasn’t just sort of

typing and sort of messaging someone, what I was doing was sort of taking down notes from

what you were saying. Um I’m just going to sort of recap that um to make sure I’ve got the

information correct or see if I’ve sort of missed anything or anything comes up as a result. So

this was the second map in a three-map series, um you sort of came into this map with a

heavy loss, um you sort of- sort of collected your thoughts and sort of came into this with a

bit of a positive mindset, you remember sort of winning this first half and then tying in the

second resulting in sort of a 3-2 and this was a notably slow match um and two sort of key

moments that you identified were these counter sac scenarios um so your first one was you

were holding last, you then sort of pogo- you sort of get in- get to mid having two scouts

chase you, um you sort of played around the pack in Saw. Um, those players end up chasing

you and that results in your team sort of pushing out of last.

AD7800: Yeah.

Interviewer: And then the second one is your team is sort of holding second, you airshot this bombing

soldier um and use the opportunity to sort of counter sac um from Lower into Kitchen and

then sort of behind them coming back into mid as they was sort of committing and forcing

the med, does that sound right?

AD7800: ((Overlapping)) Yeah.



Interviewer: Excellent. Um so did you want to sort of look- look back at the logs, do you think that would

help try and recall anything else or do you wanna just go ahead with these two?

AD7800: Uh, I’ll take a look but um (.)

((Pause))

AD7800: Eh, that's it- that's all I can really remember, I guess.

Interviewer: Yep, that's fair enough. Um so what we're going to do now we’re going to run through both of

those scenarios if I think- if you think you can sort of talk about those. Um, going to go

through both of those and ask um questions about sort of the circumstances and why you

made the decisions that you did um so I think if we start wi- the first one you recalled which

was this play into mid from last and sort of ch- getting players to chase you um I think if we

start with that I think that would be- and then sort of go into your um other one where you

sort of play behind them from Kitchen. So we’ll start with that first one which is the getting to

mid and getting players to chase you one. So um what were you seeing or hearing as a player

that helped you make the decision to play sort of- go into mid and have these players chase

you?

AD7800: Um, well I didn’t have a choice. So when I pogo’d through, like, the underpass on Snakewater

I was being shot at, like they saw me pogo and I got shot at as I skipped through and- and so

at that point they knew that I’m either trying to go behind or recommit from Lower. I went

really like fast, like I skipped like out pretty far- so you know on Snakewater how you- if you're

facing lobby like on the- on the train, if you turn around you can see through the thing, right?

Interviewer: Yep.

AD7800: Like I guess they saw me like jump again and y’know uh- there's also like the shack- like the

hut y’know, like I feel like a scout probably jumped up to there instinctively because they saw

me go from underpass and probably going to commit onto the Medic and so when they see

me jump behind like they’ll start chasing me I guess. Um, if I sit Lower- if I just collect the pack

Lower assuming they are not chasing me and I turn around and I say “okay I’m gonna like high

bomb the Medic here”, I knew both Scouts were shooting at me- I’m gonna- I’m gonna get

eaten alive so I don’t wanna- I don’t wanna do that so I decide to take the fact that they’re

shooting at me and that they might continue to chase me and I take the pack Lower and so I

go to mid knowing that the soldier still hasn’t respawned like I’m not gonna get fought by

[them] yet um and so I jump- I jump from Lower to Saw and I get shot with like a six damage

scattershot or something so I know that someone chased me all the way to that point from

like Lower um so thats when Im like really comming to my team like “we have a lot of space

on second if both scouts are shooting at me” basically. So yeah and just- just knowing that

“okay the soldier’s spawning about now like, I have the pack in saw, like I'm about two

hundred health now” and just y’know like getting to mid essentially was- it was like- was my

only option basically after I was chased Lower cause if I- if I kept- tried to counter sac from

lower like with both Scouts looking at me it's not gonna go well. So I just- it was something

that I had to do to buy as much time as possible, and if I'm behind on- on Soldier like I’m a

threat I can come from anywhere or I can- I can just waste time and I can just escape given

the circumstances like you can get- you can get to Cheese and into Lobby from Saw very

quickly so and with both Scouts Lower like I’m not going to be contested there so- or its highly

unlikely cause I guess a Pocket holds Battlements and a Demo will hold like Bridge or

whatever so…

Interviewer: So, was this um- this sort of play, was it a scenario that was familiar with you? So um was this-

was this play where you sort of go through um Lower sort of pogoing- getting into the pack in



Lower and sort of towards mid ((Coughing))- excuse me. Um, was this a moment that was

done- done in another match that you had done or um- I guess the question I’m asking is…

AD7800: ((Overlapping)) Was it a familiar play?

Interviewer: Yes, was this a familiar play or a unique scenario?

AD7800: Not really for me like I- I maybe done it in the pre-game before but it was something that I

just- I knew was an option and I normally- I normally just try to jump in to the medic, get it

over with quickly and like respawn as fast as possible to like minimise like the time spent

where like the enemy team has the advantage and they could pressure harder with the

soldier down but I decided like- I was talking with one of my mentors [Mentor], [they] played-

[they] has gotten [high ranking] in [top division] multiple times, [they] is a [Top Team] ringer

uh but [they] was talking to me and [they] said- oh you know like “instead of just feeding into

the Medic or whatever, you can- you can jump behind Lower, you can create a lot of space for

your team”. So- so that was pretty much the first time I’d ever done it when like it mattered, I

may have done it in the pre-game before the match and I don’t remember the results of that

but like- yeah that was my first time like doing it when it mattered, I decided I’m gonna pogo

behind and try to make something happen this way.

Interviewer: Cause you sort of came up with- this is- what I think would be quite interesting is- you sort of

identified “this is the right decision to make” um, what other courses of action- cause you

mentioned it a little bit about just bombing the Medic. Um, but even sort of rewinding even a

little bit further than that, in the scenario where you are counter sacking cause thats I believe

is the case, you were doing this because you were counter sacking, uh what other courses of

action did you consider, or you could have considered at that time?

AD7800: Um, well I did my play from Lower so the only- well whe- what I did was- what I did do- what

the options where pogo into the underpass and then commit either from like either side of

the underpass like do a one rocket jump onto the Medic or whatever. Or to take it a step

further and try to get into Lower and if they chase you or they don’t and you can sac from

there and if they chase you, you go from- you just go behind because at that point like you’re

not going to be able to do anything like it would be very telegraphed at that point, what

you’re trying to do. So yeah it was just- I dunno it was like flowchart gameplay that like I had

never put into practice before- like I had just briefly talked about it with [Mentor] [they] said

“oh you can do this, like here is another option for you” and I’m like “oh yeah I might do that

one day”.

Interviewer: Okay, um you mentioned it a little bit um-

AD7800: ((Overlapping)) Oh sorry I didn’t so- I forgot to answer what else I could have done. So

basically the other standard play that I would do in that situation is if they are still Lobby I

would jump- I would do a one rocket jump up onto Battlements and I would shoot them in

the back in Lobby and if they’re outside of Lobby I would do like a two rocket jump off the

wall and I would try to land on the Medic or something like that. Sorry to cut you off.

Interviewer: No, no that's fine- that's fine. Um so you mentioned it a little earlier on when you were first

recalling this whole incident or this whole sequence of events about this idea of um pulling

players away sort of creating space for your- your team um, this is sort of a two-pronged

question. So the first one is what was your specific goals in that moment, and then sort of

how does- how do these goals sort of aid your team?

AD7800: Okay, so I guess the goal of the counter sac is to use your one man advantage or even two

man advantage to essentially snowball that like into a bigger advantage so if let's say- the



biggest most obvious thing is to kill the Medic. To kill the Medic eliminates the enemy team’s

ubercharge- my team didn’t force on last so I was able to counter sac, if my team had used

uber counter sacking would not be viable because we would be down uber and we would be

down a player. If they have uber versus no uber, even five vs five, they win that fight eight

times out of ten. So the goal of the counter sac is to- number one is to kill the Medic, number

two is to kill the Demo or another player and at that point if as long as you have a one man

advantage you can pretty much infinitely sac or in the reverse scenario if you are the attacking

team I guess, if you own mid, if you own the enemy team’s second point, if it's even numbers

you can pretty much infinitely sac um yeah so the goal- the goal of the counter sac is to create

an advantage and I guess at the point where I’m behind the advantage is I’m behind them and

I can come- I can theoretically come from anywhere.

Interviewer: Mm-hmm, so you’re sort of this- so when you go behind, unless they deal with you you’re like

this constant threat that they have to be aware of?

AD7800: Yes.

Interviewer: But if they send people back for you it means sort of means less players in that sort of area.

AD7800: Yes.

Interviewer: Sort of and that in and of itself is an advantage you’re sort of giving to your team, do I have

that right?

AD7800: Yes, yes.

Interviewer: Excellent. Um because you are sort of a player playing in the division that you are, do you

think that your experience as- in your role, as a class, or generally just playing TF2, do you

think your experience was helpful in making that call specifically?

AD7800: Yes.

Interviewer: How did your experience sort of aided you there?

AD7800: Um, just knowing that- just I guess knowing that I had the options available to me and that

knowing that my default play being just going onto the Medic like knowing that “eh it might

not work” knowing I guess- cause when you jump through Lower uh like when you waddle

into the doorway initially like you can see like most of what's above you and if I see two

scouts looking at me I instantly know that I'm not going to be able to like- Im not going to be

able to get away with it. So with my default play being the ‘just jump on to the medic’ play um

I can’t- I can’t recall what I saw initially when I was doing my jump into lower, I may not have

seen anything- I may have just jumped straight through and then my feedback just being the

Scouts shooting at me but yeah I guess like- if I see a Scout on like the crates like y’know the

stack of crates like I can’t jump because I lose ((Laughing)) so- so yeah I guess that's my- my

experience is just knowing like I’ve jumped into Scouts so many times like if I do it again I’m

going to meet a similar fate so…

Interviewer: So you identified the sort of reasons why you didn’t do um what you referred to as your

standard play which is sort of just bombing onto the Medic in that scenario, um what were

the likely mistakes you could make by going behind- sort of what are the possible downsides

from you as a player to you as a team?

AD7800: Um (.) pardon me. Possible- so mistakes as an individual and mistakes as a team essentially

like- okay. So I guess a mistake would be to turn and fight the Scouts, so knowing that I have

two of them shooting at me just through like taking damage and hearing sounds, I- I would

lose a 2v1 to the best- best like DM class in the game so instantly thats a no and then similarly



if they weren’t chasing me again to do a jump, a high jump or a low jump, either or to try and

counter sac on to the Med from Lower knowing that I have two Scouts who know who I- who

know where I am, sorry, that would also- It wouldn’t be a negative for my team because I am

just counter sacking but it would be a mistake because I could make more happen in theory

so thats- thats why I had to jump behind because it would be the most optimal play.

Interviewer: Okay, so your- the mistakes you would be making or the sort of key mistake you would make

if- when you jumped behind is to sort of directly engage with the people chasing you?

AD7800: Yes.

Interviewer: Your sort of- the sort of main intention there isn’t to necessarily fight them but to have them

not in the fight with your team, so if it's your team pushing in, those people aren’t there to

take that fight.

AD7800: Uh, yes and also I’m still alive. There’s- there’s a concept that- theres like a sentence that gets

thrown around a lot like valuing your life, like you'll hear- ((Laughing)) there's like a clip of like

[Streamer]’ll be doing like a demo review for [Renowned Roaming Soldier] and [Streamer] will

say “oh what's like different”- someone in [their] chat will say “oh what's so different about

[Renowned Roaming Soldier]” and [Streamer] will be like “oh [they] values [their] life, its

unreal” like you know what I mean like I’ve heard [Streamer Two] like talk about valuing

[their] life when [they] does like- [they've] done subscriber demo reviews or whatever before

as well. So like thats a phrase that's thrown around but yeah simply by being alive, especially

being alive being behind again like we talked about like you are this constant threat so- so

even- even with two Scouts chasing me to at least to Snakewater like Yard being like an

advantage for my team there's also the advantage I’m creating for my team and for myself

simply by being alive, so yeah.

Interviewer: Right, okay so what I’m going to do now is sort of um present a couple of hypotheticals, sort

of um presenting the same scenario under different conditions. So what if- oh so if in the

event that a novice or someone in a lower division let's say sort of [Lower Divisions] or even

just sort of a fresh face, a newbie was in the scenario that you were- y’know you had this

scenario where you have this opportunity to counter sac, would you expect them to make the

same decision as you did in that time or would you expect them to do something differently?

AD7800: Um I would probably expect them to just try and jump onto the Medic.

Interviewer: So why do you think they would just sac into the Medic in that scenario?

AD7800: Um, it's kind of just- it's like a default play. You just- its- it's the most clear cut advantage that

you can get is killing the Medic or forcing the uber um and so it's very common- its very

common for low level players that I demo review with to even in fights where an ubercharge

isn't relevant, they still try and kill the medic because ‘it's the medic!’ its- its like the big target

like- I- ‘my team has a medic and theirs doesn't so- so we win’ so even if that could not be the

case like let's say on last lets say both teams use uber uh maybe a more- a bigger target would

be the demoman cause [they] can sticky off the point (.) just as an example, so- so going onto

the medic would be probably the most- easily the most common play like even to- even up to

like a low advanced level.

Interviewer: Okay, so its- its the idea that, and this is just me speculating, but it's this idea that you have-

the newbie would sort of go for what's the clear advantage-

AD7800: ((Overlapping)) Yes.



Interviewer: Cause y’know this concept of creating space is a bit more ambiguous, a bit more vague

whereas y’know getting the medic or getting the demo is like- its a clear ‘this is a good

advantage, this is clear cut, this is what you get from it’, okay.

AD7800: ((Overlapping)) Yeah.

Interviewer: Um, so remind me was it just both scouts chasing and then the soldier spawner or was it just-

were there other classes that were chasing you? Who was chasing you?

AD7800: Uh it was two scouts up until I got into Lower and I think I just got shot by one scout by the

time I was in Mid jumping into Saw, um and yeah the soldier spawner.

Interviewer: So if, for instance, it was another class chasing you um let's say instead of the scouts chasing

you or a scout chasing you, they sent back the other soldier so you have instead of a scout

and a soldier you have to be aware of jumping behind its two soldiers, would that have

changed the way you played that or sort of changed your process of playing?

AD7800: Um I probably would have still done the same thing assuming the timings still like aligned I

probably would have still decided to jump into Saw, simply just because like- I- like the

concepts dont change like if I die there and I get nothing like ‘eh, whatever’ but if I can

maintain just being alive and being behind again the constant threat is constant. That would

change the scenario for my team however because with two soldiers down the demoman

cant sticky all the like three doorways like Cheese, Bridge, Batts so- so if I knew a soldier was

chasing me if lets say like I turned around and I saw a soldier chasing or like I got hit by a

rocket, like an explosion was in front of me or whatever and I took damage from it, that I

could gain info from, if I knew a soldier was chasing me then I would be comming that to my

team like ‘soldier chasing me like, get in like’ because again a demo cant watch all three

doorways by themselves and they’re probably only watching two for sure assuming that the

soldier is uh watching the other one so if a soldier chased me it would be an even bigger

advantage for my team basically to try and get through, uh maybe trade the ubers and then at

that point if they trade ubers I can collapse on like the post-uber and thats a good play for me

especially being behind like if you’re behind you can come from anywhere, if you’re unseen

you can collapse on the uber with like- its- its like the standard play like thats like the play you

want to try and do if you’re behind them and there is an uber trade happening, you want to

collapse on it and you want to clean up.

Interviewer: Um, okay so not nec- so your process wouldn’t necessarily change but because the

circumstances have changed your sort of potential outcomes might be different.

AD7800: Yes, yeah.

Interviewer: Right I think we went into that one with sufficient detail, lets sort of talk about the second uh

scenario you mentioned. This is the one where you were holding second, you get this pick on

the bombing soldier um and you make this idea to sort of counterattack, you go through

lower into kitchen sort of go behind and get back in and force the med, um again sort of

asking the questions sort of, what where you seeing or hearing that helped you decide to do-

you know you get this pick you’re now in this scenario where you countersac what are you

seeing or hearing that makes you- makes the decision that you did- followed the process that

you did?

AD7800: Um, its- I guess it's another situation where my default would be normally just to go onto the

medic, again its- its the clear cut play et cetera um but again like at that point I knew it was a

slow match and I knew that like- when matches are slow like the focus kinda becomes on the

roamer, like what are the roamers doing and are the roamers uh like producing plays and so



like I didn't want to throw away my advantage like that I had like the one- the one soldier kill

like I wanted to make the most of it that I could cause that's the state of the game when its

that slow. So- so I pogo- so I get re-healed and I have like 200- I’m not buffed for this counter

sac which would be optimal but with- with the time pressure of the respawner like

sometimes you have to go with 200 um and so I waddle into lower and I look into mid and I

know I at least see like one person at least one scout looking at me so they know I’m there so

at that point like I’m like a little weary like obviously seeing into lower is a really big sightline

and I’m kind of expecting somebody to see me like knowing that a scout sees me- (.) I think

cause I- I already knew that I wanted to go behind, I can’t remember the order of these plays

by the way so maybe going behind on one of them influenced my decision to go behind on

the other as well but I knew that I wanted to go behind, I’m pretty sure that I called it when I

was going for my play and I decided “Okay, I’m going to go behind lower- or I am going to

pogo behind them or something” and when a scout like seeing me waddle into kitchen does

is that is basically like it primes [them] that like I am coming from that area so I wasn’t

expecting much resistance on pogoing behind but lets say if I was to try- if I wanted to get

onto them, onto the medic from kitchen then I knew I would be seeing a scout in my face

standing on the little crate on mid. Um, but if- if they- if I’m looking into mid from lower, if I

had not- if I had seen nobody looking at me then I may have gone onto the medic at that

point but going into it I was- I was like preparing myself trying to go behind into their saw so

with them seeing me that also puts time pressure on me because they know I am behind and

they know that like I am going to have to do something before their spawner uh respawns. So

I pogo behind into saw and at that point they know I am behind uh and so it's essentially a

5v5 so they’re probably just gonna keep one looking back for me and keep everyone else

looking forward making sure that nobody else like floods through and I’m basically trying to

get my timing so that like I’m still dying as quickly as I can so that they have as little time like

6v5 um so yeah at that point once I am behind I’m just trying to make it snappy and so I

rotate to catwalk and I just pogo onto the medic.

Interviewer: Okay, um you mentioned time pressure a little bit and I think that it's sort of an interesting

point to ask a question, in the scenario that you recognise you have this sort of time pressure

there- there is sort of, you have a limited amount of time you sort of do something, um in

your best estimate how long did it actually take you as a player to make the decision to play

the way that you did? So, um yeah I guess, when you were in this scenario where you have

this limited time to make a play, how much time were you actually working with?

AD7800: Well a respawn time is about twenty seconds-ish so like I airshot the soldier, [they] dies, uh I

get like 200, I’m pretty sure that when I got up to 200 health is when I jumped to lower and

decided that I was going behind so that's maybe like five or six seconds so I have like

twelve-ish seconds to do something, I see the scout look at me and I decide “okay I am

definitely going behind, sure”, I pogo through so I have maybe like eight seconds, I get to cat

four seconds before that guy respawns. So yeah I dunno, that was like a fifteen second

window between the soldier dying to me trying to get onto the medic. The demo will prove

that I guess, see how bad my counting is ((Laughing)).

Interviewer: Well, fair enough. Um the outcomes of this decision ended up with you forcing the med as

compared to the other one where, you’re not entirely sure of the order but you- um you have

these points where- or one of the outcomes, the first one we discussed was you just going

behind and creating space for your team whereas this time you went behind and came back

in for the med. How was that scenario different that prompted a different outcome?

AD7800: It was different because uh I wasn’t getting chased into saw, when I pogo- because the

expectation from the enemy team, especially in a counter sac scenario is to play around the



medic um I knew that at most the scouts not going to come into kitchen to chase me because

its a very enclosed area and if- if I was to land- if I were to be doing a play where lets say I did

want to go onto the medic I would jump to the top of kitchen and I would be sitting and

staring at the doorway, the scouts not going to come into me so I basically knew that I could

skip behind- once I skip through like I’m pretty much- because the speed of teh skip at that

point like I’m into saw versus before you could pogo into lower- you could pogo into

underpass, sorry just for clarification and from there you would have to pogo into lower into

yard like mid area where the health pack is, so like the time commitment on the first play

going behind was much larger versus for this play uh my time commitment I guess like being

seen et cetera versus in this play going out of kitchen its- its one, two, you’re in saw. So- so

yeah like just knowing that I wouldn’t be chased and kind of the confirmation is like taking

very little damage when I’m getting into saw, when I am behind them saw in this example like

um thats why I didn’t opt to stay behind because I knew they weren’t chasing me- like they

weren’t chasing me yet at least and by the time like I get- I didn’t want to go from saw door

because theres no like fast way to get on to the medic so thats why I rotated onto catwalk

cause I knew that I could pogo and be like very quick and come at them very fast um and so

by the time I get onto catwalk I can- I can see if there is a guy on the roof going to be shooting

at me and if thats the case I would opt to be behind and play for my life but [they] was- there

was no- that was not an obstacle for me and so thats- thats why I was able to just go for the

commit versus in the previous example where I decided that I had to play for my life.

Interviewer: Okay, um so it's sort of- the process of what you were doing, the actions you were taking

were different but because there was sort of different circumstances- certain things weren’t

happening that allowed you to try or do something different. Does that sort of make sense?

AD7800: Yeah, that makes sense.

Interviewer: Okay and when you were discussing that about y’know um “oh this player wasn't doing this

therefore I could sort of do this”. Was this something that you uh practiced or that you had a

strategy for or was this sort of on the cuff, on the fly?

AD7800: Um it was kinda on the fly, like I had never been put into that situation on Snakewater where I

am pogoing behind into saw but I had- its another experience thing, in the previous example

you’d asked how my experience up to that point had led how I played that and it's just with

going for other behind plays on different maps and different areas of maps, like the

fundamentals is kinda- transfers over like if someone is chasing you like you’re gonna have to-

like you’re not gonna be able to get through any doorway close to you or like they directly see

you so- so yeah again so once I get onto catwalk and I see- I see the roof um at that point like

I’m probably home clear and I can execute my play. If there is someone there I’ll have to

cancel the play, to just be behind um so- so it was on the fly for like Snakewater but it wasn’t

on the fly totally gameplay wise I guess.

Interviewer: So it was on the fly in the context of the map but like the concept of going behind and sort of

coming back in onto- and saccing onto the med was sort of a familiar process?

AD7800: ((Overlapping)) Yes, yes.

Interviewer: It's just that this specific circumstance that “oh I’m on- we’re pushing out of kitchen into saw

back onto sort of mid” was unique to you.

AD7800: Yeah.



Interviewer: Okay, um did you- was this sort of successful outcome, you got the force, um do you think

sort of looking back that might have been the best play to do or was there a better play that

you could have done?

AD7800: Um, I- I’ll stick by my guns and say that I made the right play again because they saw me in

lower and they saw me go into kitchen and they didn’t see me come back out lower so once I

am in kitchen like I’m in kitchen and I’m making my play from there just like its a similar

concept where I- if I try to do a jump out of kitchen onto the medic like the scout knows I’m

there [they’re] gonna either be on the shed on mid or going to be playing on the crate so I’ll

be- I’ll be rolled by that guy. So- if however like I was talking about if I- if I didn’t see anyone

see me going into kitchen then I would probably- I may have gone onto the medic just with

the surprise factor, probably would have worked as well. But knowing that I got seen forced

me to go behind, similar to the previous example where I didn’t have like an opening

otherwise.

Interviewer: Right, okay um and sort of again present the hypotheticals starting with the experience one

again um; you’re a novice, there's this soldier um and you sort of get your heals and then you

are in the position that you are, you’re about to do the sequence that you did. If you were a

novice, would you make that same process? Do you think you would follow the same route or

do you think they would try something different?

AD7800: Um a novice player probably- if they were to jump into kitchen probably would have jumped

out of kitchen onto the medic. They probably wouldn’t have done the pogo behind or they

would have gone- if they were in lower they may have accepted the fact they would get shot

by the scout and maybe just tried to either do a single jump onto the medic or like maybe

done like a jump off the wall like on the right side you can- if you’re looking to mid from lower

they may have tried to do a two rocket jump off of that but again similar concept like “oh I’m

counter sacking so I’ve got to get the medic with this, right?” Cause that's like the target.

Interviewer: Okay, so you mentioned it a little bit about um the con- what you might have done if scout

hadn’t seen you but I want to sort of refresh that point because it could be quite interesting.

So in this scenario, it's the same setup but as you sort of cross into, um you’re crossing into

kitchen it's clear to you that no one's seen you, does your play change then?

AD7800: Yes, I probably- I probably call “I’m in kitchen unseen” and so like with that like the surprise

factor becomes like really high so I probably ask my team to get really aggressive in saw and

try and like make the enemy team focus their eyes forward as much as possible um cause at

that point if a scout is looking for me they’re probably looking for me to come through like

catwalk on mid or they’re going to be looking for me to come out maybe through lower still or

maybe through saw so- cause if they don’t see anyone cross into kitchen they have no reason

to assume that somebody is there, right? So, so yeah I’m probably gonna call to my team that

“I’m behind unseen like make some noise for me” so that when I hear that maybe my

demomans doing damage, pockets doing some damage and that the eyes are clearly on them

that's when I would try to uh make my play onto the medic.

Interviewer: Yeah, sort of a followup question then. Sort of the concept of the surprise play, I guess- I

guess the sort of question- you mention it a little bit with the damage like prompting you to

do that um sort of what is your- I know this sounds like an obvious question, but what is the

intended outcome, what is your goal in doing a surprise play, what is the benefit of doing a

surprise play in comparison to playing behind or y’know um going in immediately?

AD7800: Um, well the benefit of the surprise play there is again if its unsuccessful if I maybe beef a

rocket or if a scout does see me coming through kitchen and I die doing only like 80 damage



to the medic at least I am dying very quickly again eliminating that extra time the enemy team

would have a 6v5 against my team, um I guess I could go behind- maybe not on Snakewater

its really hard because mid is like very open so I was trying to make as little noise as possible

trying to go behind they probably would have heard me rocket jump or something like that

like maybe turned around and seen me um so in that situation the surprise factor doesn’t

extend to being behind I don’t think just because of like game noise and stuff like that, if I

were to go behind as a surprise factor type of deal I probably would have lost the surprise but

then- I guess you asked about going for the straight commit, the problem with the straight

commit is once you’re seen and you continue to try and go through the door that you were

seen like they still have vision on you like just teh way that scout works is that [they] clicks on

you and your jump is denied. So- so it’d be- it’d be like a guaranteed death to just waddle

through lower and jump onto the medic, very very like low percentage play versus if I am

unseen, maybe if I was unseen going into lower I guess was the example, unseen going into

lower I wouldn’t be unseen for long just because its an expected doorway to come through,

like people come through catwalk or lower cause positions are right above and below each

other so like they are covered by like the same- if you look that way you’re gonna see both

doorways. So um- so yes surprise factor from lower door is non-existent just because

someone will be looking there and the only- the only time that nobody would be looking

there is a super novice team, maybe it would slip their mind that if there was something more

important than what what happening.

Interviewer: ((Overlapping)) So it- it- that would be that they were not looking down there that's actually a

mistake on their part?

AD7800: It's- yeah, straight up a mistake.

Interviewer: So your positioning in kitchen if they hadn’t seen you sort of them committing, this concept

of a surprise play it's something they are not anticipating- y’know they’re- they’re seeing the

enemy do certain stuff, they’re anticipating this action and then you turn up sort of out of

nowhere, that surprise factor- it also sort of gives you a bit- I guess a bit of time- relieves your

time pressure cause at least in my experience when you sort of land on a medic as a roamer

or something like that you have a very- an incredibly tight window to hit your shots (.)

AD7800: ((Overlapping)) Yeah.

Interviewer: Whereas I think with the surprise play- like if you surprise them and you catch them off guard

you actually get a little more time to actually land your shots so lets say you whiff your first

rocket they still have to react to the first rocket by the time you are firing the second.

AD7800: Yeah. Versus if- if I were to come through lower, like if I was unseen if- if they hadn’t turned

their vision to me and I am in the lower doorway and and jumping on them thats- lets say

that's the latest the surprise factor could happen through lower against a good team like that

in playoffs [Division] (.) The only way that I could conceivably get a force or a drop is if the

scout whos shooting at me misses [their] shots, at that point once the surprise factor is up

because [they] turns [their] vision to look at me eventually at some point- the surprise factor

from kitchen relies on [their]- [they] didn’t look at lower for the two second window it took

for me to cross but at some point [they're] going to look at lower and so um yeah at that

point if [they] looks at me lower and I try and jump on them the only way I force the medic is

if [they] beefs like two shots on me. So yeah, versus going behind at that point and trying to

make more of it being the more valuable play.

Interviewer: Excellent, uh so from the match as a whole um or out of any of the two sort of scenarios we

talked about do you- is there anything you would like to add or thought was quite important



or was actually quite consequential to you um as a player in terms of how you made decisions

or sort of how you approached that game?

AD7800: Um, not- not really no.

Interviewer: No? Not particularly? Okay, that's fine. Um I think in that case I think we have answered all

the questions, I’ve exhausted my list at least so I’ll call it there, just gonna stop recording.

[END OF RECORDING]

<SORT PRONOUNS AFTER TRANSCRIPTION>



[START OF RECORDING]

Interviewer: So recording should be started now. Um so I’m going to start with the first part of this uhh

interview. Can you think of a match within the last twelve months that was particularly

challenging, this may be a match where your skills were tested or that your experience had a

difference in how you managed the situation? Um (.) do you have uhh a match in mind?

AD13415: ((Pause)) Yeah so uhh (.) it was about two or three months ago uhh I had taken a kind of a

break from the game I hadn’t played in like three months and a friend of mine asked me if I

was able to come in and cover for a match and I hadn’t played for three months and it was

against people that in the past I have had uhh less than amicable relations with

Interviewer: ((Overlapping)) Mm-hm

AD13415: ((Laughing)) if you get my meaning

Interviewer: I get ya

AD13415: And uh (.) in the uh pre-game I didn’t- I didn’t do as hot as I thought I would but then in the

match I actually played quite well and uh I- I remember that very well cause they uh for a

while after that were not happy in the- uh in the chat.

Interviewer: Okay, so is this a match you can generally recall well so perhaps in a round-by-round basis

AD13415: ((Overlapping)) Yeah I can remember pretty well, yeah

Interviewer: because what's important here is that uh we’re gonna sort of create a timeline of what

happened (.) um so is this the sort of match that you want to go ahead with?

AD13415: Yeah.

Interviewer: Alright, fantastic so um I’m going to ask you now to sort of recall the match in as much in

detail as you can from the very beginning to the end um y’know what you might wanna do is

point out any time in which certain events or key decisions were taking place uh so this can

be in reference to the round timer or if its within a specific round. I’m not going to try to

interrupt here too much uh I’m going to be constructing a timeline while you do this umm but

I might need to clarify something so I might interject a little bit.

AD13415: One question, is it fine if I use TF2 specific terms like uber ad or-

Interviewer: ((Overlapping)) Yes, absolutely anything like that is sort of- I’m very familiar with that so long

that I sort of understand it

AD13415: ((Overlapping)) Yeah, I just didn’t know if it’d be like uh-

Interviewer: Yeah, no worries so just (.) uhh recall the match as much in detail and using any terms you

feel appropriate.

AD13415: Okay. So I was ringing for the team, I was playing pocket scout it was on a KOTH map called

Clearcut um (.) I hadn’t played with anybody on the team except for the person that had

asked me to play so it was kinda like not comfortable with the- uh the group I was in. Uh, the

first half went abysmally we went down 0-2 and we did not capture the point more than

twice over the first two rounds, went really bad uh everybody was getting tilted and um the

same things kept happening uh y’know almost immediately our medic got bombed, died,

then they had uber ad we had the sac and as we were trying to push again our medic gets

bombed and died- I- I think our medic uh actually dropped about uh (.) three times before uh,

or not dropped but had uber- or got to like ninety percent uber and then died uh before we

could push with it and that was making everybody really upset. And in the halftime I

remember we didn’t really say anything about what was going on uh but I remembered on



the midfight for both midfights they did the same thing they had- uh they sent both their

scouts and a roamer onto our roof on the right side and pressured me off and then the rest of

them would push across after I had to jump off the roof so I just told our demo to sticky trap

that and wait and then on the first mid right after that uh, [they] got two kills just with a

sticky trap on a roof on a midfight which is pretty bizarre um (.) after that I started to try and

play more conservatively and uh I was staying with our medic a lot and I was telling [them] to

bait more- they were trying to focus [them] a lot so I would send other people forward and

then whenever the bomb would come in our medic would be like six miles behind everybody

and then we could kill the people going after [them] and uh (.) we got- we went up- we were

down 0-2 and then we went up to 2-2 and then at the next half uh at the end of the second

half actually there was a pause for about six minutes cause one of their players crashed and

um the entire time uh they were talking in chat and it became clear that they became tilted

after that and then um the half after that we (.) we won both mids for each round and uh

they barely capped again in the last half uh I remember at one point their roamer tried to go

sniper and uh their team wiped like twice with [them] on sniper and then uh ((Laughing))

[they] started spamming chat with ‘lol’ in all caps and then uh they lost and they were uh

pretty- pretty upset about it which is why I remember it so clearly (.) but at the end of it I uh I

did quite well- I almost top damaged and uh I did top frag on scout and…

Interviewer: Uhh, cool so just so- just for your benefit um I’ve sort have been taking very quick notes um

about…about that so I’m just gonna sort of run through that so the first half of the match

was very one-sided umm y’know you sort of went 0-2 quite rapidly um so by the first half you

sort of mentioned the team was quite tilted umm then sort of during- sort of that half you

recognised umm that they enemy was taking certain strategy on mid so you-

AD13415: ((Overlapping)) They were, yeah they were taking the same strategy throughout the entire

game pretty much more or less and then it seemed that once we adapted to that they didn’t

have anything to fall back on and that's why they started to lose pretty heavily.

Interviewer: Yeah. So you sort of- uhh you sort of brought uhh you talked to the demo basically said ‘You

mind sticking this area on the midfight umm and then you also made the decision to play

more conservatively umm sort of- were these decisions done at roughly the same time umm

sort of during the halftime or was one of the decisions made sort of later?

AD13415: Um, I just- I- before we went to the first mid I just said y’know they’re sending like three

people up top if we just focus that down we get the kills but I decided at the end of the

second- at the end of the first half when we were losing I- I looked at the logs and I saw that

our medic was second deathing in the server for the first half which was not great and I don’t

think [they] died more than once for the rest of the game really because I just- everyone was

trying to play like- I guess you could call it normal TF2 if you want to call it that and then I was

just- y’know was like ‘lets play like super passive just let them come into us and they are

feeding into us just let them kill themselves on us and then we’ll deal with that after’ and it

seemed to work really well. But- but it was, y’know, I decided after the end of the first half

we had to play more passively then realise what they were doing on the midfight and told the

demo.

Interviewer: Alright, cool uhh do you happen to have the logs for this specific match?

AD13415: Yeah.

Interviewer: Uhh if you send that sort of my way in the chat um…

((Pause))



AD13415: Does that work?

Interviewer: Uhh yes, and that opens up (.) and so if I sort of just looking at the round-by-round sort of

one, so underneath the team-based kills the sort of the individual round differences umm

y’know like I can see blue took two rounds quite quickly um sort of the decision was made-

AD13415: Huh, they won a midfight I didn’t- I didn’t think they won a midfight after the first- the first

half but they did.

Interviewer: So the first half, did that run until round three or was that

AD13415: No, it was 2-0

Interviewer: 2-0 and then went sort of into the half, umm

AD13415: ((Overlapping)) Yeah

Interviewer: Okay, so you’ve sort of highlighted the- uh your medic was sort of dying quite often um (.) so

the main thing I’m trying to find here is sort of two key decisions that you are making during

the match um or at least the one key decision umm so I think- uhh so the two turning points

you would say was the decision to play more conservatively and um asking the demo to sort

of take the midfight. Are there any other sort of key moments from the match that you think

(.) are quite important?

AD13415: Um ((pause)) whenever they went sniper I did say to play- uh we were playing very passively

and I think that might have been why they went sniper was to try and deal with that and the

second they would pull the sniper out I was like ‘we have to y’know get on their side and get

into them, we can’t just let them sit there and snipe us as [they] wants’.

Interviewer: So was- was- were they playing sniper sort of earlier on in the second half or later on?

AD13415: Uh [they] played it later on, I think- I think [they] came up on it four or five times in a row and

then uh [they] did get a few kills uh and then y’know I- I- (.) once we started focusing [them]

down [they] switched off of it again.

Interviewer: Yeah. ((Pause)) So I’m sort of uhh thinking of three sort of key decisions made during the

match uhh, your alternative mid sort of playing like the counterplay on mid, the decision to

play more conservative uhh then sort of adapting to the sniper play. Are they sort of- would

you say that they’re sort of quite good strong decisions we could talk about?

AD13415: (.) Yeah sure.

Interviewer: So, what we’ll do now I’m gonna sort of ask a couple of questions about each of the decisions

um just to sort of see your rationale- um sort of thinking about it. Um, and I think we’ll start

with the mid strat one cause I think that's quite interesting um you talked about it a little bit

um when you were recalling it but what were- what specifically were you seeing or hearing

that made you talk to your demo about changing the mid strategy?

AD13415: So on Clearcut uh its not really normal- you- you sit on the ro- most of the time a scout will be

on each roof sometimes two scouts on the roof uh its- its normal for the demo to shoot at the

other roof to knock people off of there but its not normal to send three people on the

opposing teams roof just at the start of a midfight all at the same time and the roof has a

corner around it and theres like a platform on the right and you jump up from that platform

and its a sharp turn and its blind, you can’t see anything when you come around that corner

and the roof is on a downwards slant so the stickies on the- the roof of the- that I was on

when they come around that blind corner they have no chance to react to the stickies so uh I-

I looked at it from if I played demo, I play every class in the game and I was thinking like if I



was on demo this would be the freest thing of all time like they’re- they’re just instantly dead

if they they come around that corner like that and they did it everytime and they were

winning the mids so they are gonna keep doing it so, y’know, thats typically how I think about

things in TF2 is if something works for somebody they are gonna do it again and they are

gonna do it again and again and again until it stops working. So that's a pretty reliable thing

that I do is just- somebody does the same thing and it works then I will try and counter that

the next time and it almost always works out very effectively and with that- I- I remember

[they] put stickies there and [they] was kind of upset- he’s a very emotional player that

demoman and um [they] was like ‘okay I’ll do it’ and then [they] put the stickies up there and

they both came at me and I actually died cause I was trying to bait them in really hard to

come on to the stickies and it worked but I did die for it but um (.) yeah that worked and then

they never ever sent players up there again, they died to that were like ‘never again are we

going up there in that way’.

Interviewer: So were you remi- so this situation you were encountering before you made the decision um

was- was it something that you were reminded of by a previous match or um something (that

was-)

AD13415: ((Overlapping)) No, it was- it stuck out to me cause it was something that I- I hadn’t played

Clearcut nearly as much, it was kind of a newer map but uh it had never happened to me

where they had sent both their scouts and then a roamer jumping me on that roof and the

like- like first three seconds of mid there's barely anything happening and then there's three

people rushing me down this rooftop and that never happened to me and it seemed weird

and it's, y’know, if- if somebody does something that's non standard and it works I feel that its

way more likely that they are going to go for it, so I had never encountered that before I just- I

figured that it’d be an easy way to stop it.

Interviewer: So when you s- uh when you sort of made the specific decision and the strategy that you

actually ended up choosing for that midfight or at least recommending to that demo, sort of-

because it was sort of novel situation you were encountering- um sort of what, if any, body of

knowledge were you sort of drawing on to make that decision? Why, why specifically that-

that decision you made there?

AD13415: Mostly that uh I’ve played a lot of demo and any situation where somebody comes around a

corner blind and they don’t, y’know, they don’t clear it first a sticky trap is the most effective

thing in the game y’know it's just there's no- you’re not gonna miss putting stickies on the

ground or whatever so there's not really much risk in it. There- there’s other things that I

thought about y’know cause I- I’d sat there for a minute there like ‘these guys are just

jumping me and y’know I can’t fight three people at once’ if it was one or two maybe I could

but not with like three people coming at me so I just thought that stickies would be the least

effortful way of dealing with it that would have the highest success rate. Cause you could also

like y’know stack like four people up there to fight them or something or do other things but I

just- I thought that stickies would be like the path of least resistance to an effective uh

method.

Interviewer: So what were the likely like- in that- in that case if you were the sort of placing yourself in that

situation as the demo what would be the likely mistakes from doing that decision? Sort of

what's the downsides of doing that compared to perhaps one of the alternative strategies?

AD13415: Well a downside would definitely be like if they didn’t do it then you are just doing nothing so

it heavily relies on them playing into what you are doing but uh I didn’t think there was any

chance they wouldn’t do it cause it had been working for them but um it's definitely a

committal thing cause if [they] puts the stickies up there and nobody goes there he's basically



been AFK for the fight so (.) it is a bit of a gamble it's not something that, y’know, I would say

do like the first mid whenever scrimmed a team, y’know, put stickies up there but it was

something that I was very confident would work because of how they were playing. So I

didn’t really think about the chance of what's gonna go wrong here I just thought ‘this is

gonna be free kills’ or at worst would stop them from going up there.

Interviewer: Right, so I’m gonna sort of present some uh a couple of uh hypotheticals now just to sort of

think uhh put- putting yourself in a situation where perhaps you might not have all the

information or things like that. So, you- using uh a lot of what you’ve talked about you sort of

drawing on experience, you’re playing against players of a certain calibur. In the event that

someone less experienced, let's say in the division below um was in that situation y’know

they’re getting pressured on that side y’know it's a very novel sort of problem they are facing.

AD13415: Are you saying somebody in a lower division in my situation?

Interviewer: Yeah, so you are in the position of the pl- of the role you were in, not- not the demo, your role

in that match and a player was just sort of uh in a lower division was in that situation, y’know

you were beat 2-0 you’ve got this really novel uh mid strategy that they are doing. Um, would

you- would they take the same decision as you or would you expect a different decision?

AD13415: (.) Uh, I would not expect them to do that. A lot- a lot of what I see from lower divisions- I’ve

actually done- you know what newbie mixes are?

Interviewer: Yep.

AD13415: Yeah, I’ve done a lot of newbie mixes and uh I’ve mentored a lotta lower division players and

one thing I see about them is they almost never go to their teammates for a solution that

their teammates would be better at. They always just try to think about it just from their

point of view. So I- I would expect a lower division player if they even were thinking about

‘this is weird that I’m getting rushed up here’, I would expect them to just be like y’know ‘I

can’t be on the roof anymore’ and when their team is like ‘we need to control our roof’ [they]

would just throw [their] hands up and be like ‘well there's nothing that I can do about it

they’re sending three players up there’. [they] would never think ‘demoman would be really

good in this situation to put a sticky trap up here’ [they] would think about it only from [their]

point of view because that's all he’s ever thought about it from.

Interviewer: Yeah, so sor- s- sort of leaning on that a little bit again so why specifically would their decision

be different from yo- yours, in like what- what difference from your experience compared to

the novice that allows you to make that decision and they’re just sort of- sort of flailing a little

bit?

AD13415: (.) Uh, I think that a lot of what helps me is that I’ve played every single class in the game at

the level I have played at highest, like I’ve played y’know demo, soldier, scout, medic; all

advanced or intermediate if you want to go back to ESEA so y’know whenever you play a class

you kind of see things differently. Whenever you play other classes you also notice y’know, if I

was a scout in that situation you would- y’know would have a better sit- y’know you’d be

doing better than a soldier would and um that lets me think about like (.) y’know especially

how to counter other players too like if a soldier is doing a bomb um (.) y’know I would think

about how I would deny it as a scout compared to a demoman whos only ever played demo,

y’know they don’t really understand like what it feels like to do that bomb. But I have and I

y’know I’ve done everything a lot so I know like what situations classes are best suited to

handle typically.



Interviewer: Cool, um so another sort of hypothetical is- let's say you sort of were encountering the same

mid y’know it was still a difficult mid but instead the second time it happened, let's say that

second round um you actually won the mid, would you have still made the same decision or

do you think with that alternative- ‘hey we’ve already won a mid against this strat’ would that

change your decision?

AD13415: It would depend on how well what they did works, so if we won the mid 6-0 they wiped we

didn’t lose a single person, we cap I wouldn’t really think much about anything but if it was a

barely won mid where like the last guy won a fight with their last guy or something like that I

would think about y’know what went wrong for the rest of us y’know if- if the four people we

lost on the mid was because they had control of our roof y’know I’m- I’m still probably gonna

think about we need to do something about them taking control of our high ground but if

they- if they just wipe instantly I would be like ‘well easy mid’ y’know ‘their strat doesn’t

work’.

Interviewer: So let's talk about the sort of uh- th- the decision to play more conservatively because it sort

of resulted from the same sort of half time talk but I think perhaps implemented slightly later

on? Um, we’ll sort of- we’ll ask the similar questions there sort of- what were you seeing or

hearing um to make the decision to play more conservatively?

AD13415: So the person that I had played with before was the medic on the team uh [their]- [their]

name is [Friendly Medic] and I had played with [them] quite a bit and I could tell that um (.) I

was playing pocket scout but the demo on that team was the one who was the one normally

taking the heals, calling, doing everything and their normal pocket scout was very quiet and I

could tell that [Friendly Medic] was not uh was not handling that very well and [they] was

getting caught out a lot and [they] was dying to single soldier bombs, I remember this very

clearly it was one soldier that would bomb in, land on him, kill [them] and then uh me-

y’know that- that would be it and I think almost all of [their] deaths was in the first rounds, I- I

can’t remember that for sure, thats what it seemed like in my head. So I thought like if- if I’m

with [them] I can stop one soldier pretty easily and they’re not shooting the rest of the team,

they’re literally- whenever they had disad they were just going after [Friendly Medic] with

one guy and the rest of the team would back up so I just- I was like ‘just- just stay back, stay

like way far away. You’re not gonna be able to heal anybody but nobody else is going to be

fighting so just stay back with me’ and then they would just send that one person in and

[they] would die and we would move forward. Um, and I- I just figured that there's two kinda

like (.) things they could do whenever they uh whenever they are fighting, they can try and

fight our team or they would try and go for our medic and it's not the only two things you

could do, but that's what they were doing so I just figured if we made it almost impossible to

kill our medic then they are gonna have a much harder time like winning the teamfights when

they do try cause we’ll have heals, and that was like the main problem first half was we never

had any heals so I was like ‘if we just keep our medic alive we’re gonna have a much easier

time’.

Interviewer: So, was this uh sort of incident, this case of medics dying sort of quite um often or in sort of

y’know single bomb- uh single y’know soldier bombs situations was that something that you

were familiar with um or something that you had an existing plan for or was this again sort of

uh a bit more of a novel sort of strategy?

AD13415: That’s- that’s something I’ve dealt with a long time for y’know if- if a medic isn’t very good, uh

then they are gonna die a lot to single soldier bombs so I- y’know you- don’t y’know obviously

I’m not trying to say that y’know he’s bad, he’s not but uh (.) we just weren’t playing around it

very well we’re getting caught out a lot. Um, I- I’ve dealt with a lot of y’know- I’ve played



pocket scout the most thats like my main I guess you could say I have the most time on pocket

scout so I am very familiar with the process of the soldier in the sky about to land on you and

you have to try and put yourself between [them] and the medic y’know um like one thing I

learned very early on was that you want to wait until he’s falling towards you so that when

you shoot you do more damage that's one thing I see a lot of newer players do, a soldier

would be in the skybox and they would shoot and it would chip for like six damage and when

the soldier finally lands they don’t have any ammo so I’ve definitely had a lot of experience

dealing with somebody that's just y’know monkeying for the medic.

Interviewer: Yeah, so in that scenario- you make the decisions to sort of have your medic play more

passive were there other sort of actions that were considered or available to you?

AD13415: (.) Uh, yeah. One thing that um- one thing that I like to do if a team is going for your medic is

that you can just go forward into them, like accept that your medic is gonna die but you are

gonna wipe them as well. That doesn’t work quite as well on KOTH because of how respawn

timers work but in 5CP like if your medic dies and you wipe their team, you capture a point

you’ve made progress. Ubers are even y’know it's more or less even you’ve captured a point,

you’ve made progress, um I was trying that but they were playing with their medic very

passively they were playing a very uber-heavy game in the first half where they wouldn’t let

their medic die and would kill ours and uh ((pause))

Interviewer: So was your experience helpful in making that decision, y’know- y’know you identified two

options and you made the play ‘let's do this one specifically because the other one doesn’t

work so well on KOTH’ um was your experience with playing other classes or just the amount

of time you’ve played, in the division you’ve played was that helpful in making that decision

or made the decision to do that easier, do you think?

AD13415: Yeah definitely, the- the experience with like dealing with y’know- different teams play

differently, some teams they’ll have a roamer where the only thing [they] does all game is try

and bomb the medic and he’ll have like seven kills and it will all be on the medic and he’s died

thirty-five times and he’s done nothing else and then other teams who’ll have roamers who

almost never go for the medic unless they are sacc-ing into last um (.) so I- I definitely- that

guy was a hundred percent trying to go for the medic constantly and uh I don’t think if I had

played as much that I would have identified that [they] was vying for our medic, I probably

would have just thought like ‘oh our medic is dying a lot for some reason’ but its the same

person doing it, its not y’know- hes- hes always going for it for the- for the same time. It- it

was both soldiers, but y’know (.) it was the same attack.

Interviewer: So your specific goal for this, you sort of identified that you- your medic was dying a lot and as

a result you didn’t have a lot of heals so you ended up losing a lot of fights. The specific goal

in mind for having the medic play more conservatively, sort of i- it was to keep them alive but

sort of more specifically how does sort of keeping the medic alive in that situation benefit

you?

AD13415: Uh, we were always at uber disadvantage. They pretty much had uber and we didn’t for the

first half, that was was like the story of it and that makes it really hard to play TF2, especially

KOTH where y’know if a team has uber and you don’t- like if the other team’s at a hundred

percent and your medic dies, that's like fifty seconds off the clock that's a third of the round

to them just off that and if that happens a few times then its very hard to just come back from

that. So I just- I just was like ‘we’re better than them if we just get to the point where we have

uber and they have uber I can take better exchanges into them and then we’d have- y’know

we’ll have the point more, but we’re just not getting uber right now’. It wasn’t so much about

heals as it was that we were just having to constantly sac into them to force their uber and



they were killing our medic before we could even get uber so I was just try and really focus on

getting an uber together.

Interviewer: So we’re gonna sort of present the hypotheticals again for this sort of decision now so again

sort of talking about this novice one. Um, it seems to be this quite um obvious- or not

necessarily obvious but quite a clear ‘this is a problem, here's the solution’ compared to the

sort of alternative mid strat so would you expect a novice to make this same decision, saying

‘listen our meds dying like ten times in this first two rounds lets play passively’ or do you

expect them to make a different decision?

AD13415: I wouldn’t expect them to identify that their medic dying was weird- y’know if you’d like go to

a midfight and both teams lose like five players and both medics die that's not weird but if

your medic dies whilst pushing forward like six times in one round that's pretty weird um I

don’t know if they’d identify that the other team is doing something that they need to deal

with or not but um I- I feel like the medic might say ‘I’m dying too much’ but I don’t think that

like a- a no- a novice pocket scout would be able to identify that the medic was dying in

places where [they] shouldn’t be dying and how to deal with that but the medic might say like

‘I’m dying too much’ and then they’d could understand that they need to start dealing with

that.

Interviewer: Right, and earlier you said that one of the other actions you could have taken was to play

more pa- like aggressively y’know almost the alternative saying ‘listen we’re gonna lose our

med um but we’re gonna wipe their team in doing this’ you sort of talked a little bit about the

alte- about what that could lead to um, but what what could have been the possible

outcomes if you had decided to play more aggressively?

AD13415: Uh yeah so, one thing you’ve gotta be concerned about with is on KOTH it's all time, there's

no- not really like positioning or capture points it's just time runs down, you lose. So if you go

for that aggressive strategy it- it doesn’t get you as much time as it would- like it's not as big

of an advantage. If it works out its not as much time on the clock because both medics will

respawn without uber and then another teamfight would start in much less time as it would

in 5CP so uh it's a lot more of a gamble and it has a lot bigger of a negative outcome if it

doesn’t work where if you don’t win that aggressive fight like if they- y’know even if you kill

their medic and they still keep the point its more time running down and then you are in an

even uber situation where it's just another fight and it's the same thing again where it's

another gamble and- you know I say gamble like you could always play teamfights better but

for the most part it's like, y’know unless you are way better of a team it's a big scrappy fight it

comes down to y’know. Do the soldiers hit their rockets? Does a demo hit a bunch of points

or do the scouts, y’know hit their shots? And um, I- I was- I didn’t say to do it because it was

uh it was KOTH, if it was 5CP I would a hundred percent would have said y’know ‘just W into

them, like don’t even be on our side, go on their side of mid and then if you die, you die we’ll

win mid because we’re in them. But on KOTH it doesn’t give you as much time as getting an

uber advantage and holding it does.

Interviewer: Right, um and we’ll sort of talk about the third decision, the sort of- the counterplay sor- or

not necessarily the counterplay but the- um the counter strat to the sniper, sort of being

brought out later on. Um, obviously- the obvious question is sort of what were you seeing or

hearing that made you decide to sort of take a more aggressive counter approach? Sort of

that's almost contrary to the conservative strat um, that made you make the decision ‘lets go

for the sniper counter play’?

AD13415: Yeah so um, there's I- I call it like the deer in the headlights where when something happens

in a game that hasn’t happened it takes people like- like a minute to adjust to it, it's almost



like they don’t even know what's happening even though y’know people have played sniper

against you thousands of times before, but y’know the sniper peeks out main and headshots

somebody and everybody has a kind of moment like ‘oh what do we do, what do we do?’ and

um I- I just- if the other team has a sniper I go to one or two things, which is either you just go

into them or you get your own sniper and on KOTH going into them when you have the point

isn't good because your deaths are much worse when defending, yeah you get a much longer

respawn time uh so you don’t wanna- or wait, no I- I said the wrong thing. I don’t like uh (.)

jesus christ-

Interviewer: ((Overlapping)) No worries, take your time.

AD13415: If they have a sniper, I prefer to go into them instead of sniping because uh if they lose the

sniper duel then you are in a situation where you are one down dealing with a sniper and you

have to be aggressive at that point because you can’t just let somebody sit there and take

shots at you. Its- its like the worst thing in the world to just sit there and play the game of ‘is

the sniper gonna hit me?’ and a lot of teams do that so I try to stop that from happening as

much as possible so I remember that the sniper peeked out and uh killed somebody from

main, I think it was our demo I can’t quite remember but I think our demo died or something

and then um immediately both our soldiers I said to go kill their sniper and we were gonna go

on them and then both our soldiers high bombed [them] behind them and then it was a

situation where uh theres a thing at the top of the screen where it shows your teammates

health and thats a big thing where I decide to do with and I saw that in the first three seconds

of doing this that everybody’s HP was like zero so I just said to run away and leave, and then

we came back and tried again. Um, but I- I really prefer to be aggressive on snipers rather

than play your own sniper um, and then if- if we tried that two or three times and if we kept

trying to go into their sniper and [they] just wasn't dying and we kept losing then I would say

y’know ‘whos the best sniper on the team?’ and we’d try um (.)

Interviewer: So you sort of mentioned that there was this deer in the headlights sort of one minute

situation, um but the decision to- um to actually respond and implement that decision, sort

of, what was the time pressure like there? Um, so not necessarily from a KOTH sense or the

actual game sense but y’know from learning that the snipers on the field in the X position to

having to make the decision to call to bomb the sniper, how much sort of time pressure were

you under?

AD13415: Um, for me personally I hate the sniper class and I have been trained over like ten years to for

the second I see a sniper I just like- I just go kill them, lets get it out of here because it's way

too random- um random in the sense that you dont know whos [they] gonna hit or how many

shots he's gonna hit, just get [them] outta there and go back to playing standard so the

second that our demo got shot I immediately called to go into them and then um that's pretty

much what I do every single time. Uh, the deer in the headlights thing is not quite a minute

it's more of like y’know ten or fifteen seconds of y’know ‘what do we do now?’, but um-

Interviewer: ((Overlapping)) Yeah, it's almost like there's- there’s this sort of delay between y’know ‘this is

the new situation, now let's implement the strategy’.

AD13415: Yeah, a- a good example of that is like y’know if somebody gets headshots there's different

positions you play when they have a sniper like you’re not gonna stand out in the open when

they have a sniper, you’re gonna try and hide yourself a little bit but it seems like it takes

people, including myself a little bit, you wanna look at the sniper almost- it's almost like this

instinct you have to- to peek him. But it takes people a little bit to learn they don’t- you don’t

peek [them] til- til it's time to go in if you are gonna do that.



Interviewer: So again, sort of, was this- this idea of going aggressive on the sniper you mentioned that its

almost hard coded into you um but is there a specific strategy to- sort of uh aggressive sniper,

is this idea of like just landing on top of the sniper is that generally seen as a- as a- an

accepted strategy there, or was this sort of more of a creative decision?

AD13415: Uh, it's definitely not creative. Uh, dealing with a problem by bombing your soldiers into it is

pretty much the most standard thing in TF2 I can think of but um, I- I definitely think that uh

its- its one of the only ways to do it without having your own sniper because if you try to play

like a slow grindy y’know, push forward spam fight against a sniper he’s eventually gonna hit a

shot, even the worst sniper in the world is eventually going to hit somebody. So the longer it

takes to deal with him, the worst it's gonna get which is why I- I prefer to send everybody in

as fast as possible so that y’know, its- its not guaranteed to work but it's much more likely

you’re gonna deal with the sniper and the other team more effectively the less time it takes.

Cause in theory if the other team has a sniper they don’t have a soldier or a scout so their

combat effectiveness is in theory lower and y’know every sh- if [they] doesn’t hit a shot and

dies it's like they were fiv- its like they were five man up anyway so I try to force that situation

where the sniper can’t be effective rather than letting [them] snipe.

Interviewer: So is this sort of uh stuff that has happened in a previous match that's this idea of doing that

has worked in the past umm was there any particular moments in previous matches that

you’ve sort of drawn on for that strategy?

AD13415: (.) Uh yeah definitely where, y’know, on Process a lot where teams would have a sniper in the

mid y’know you- you wanna just- you- you know if you sit there and let [them] snipe its not

good so I’ve definitely had a lot of experience with uh teams going sniper and then you just

everybody goes in like a tidal wave of people to y’know stop the sniper from being able to

take shots and deal with the rest of their team now that they are down a person (.) and

soldier bombs tend to be more effective uh usually its a scout that offclasses in my

experience, sometimes the roamer does it but usually its a scout in just y’know my personal

experience, and when there are less scouts in the game its easier for soldiers to bomb in.

Y’know a sniper can still shoot a soldier but it's a lot harder.

Interviewer: Cool, um then we’ll sort of talk about the hypotheticals again starting with the experience

sort of level umm (.) sniper sort of on KOTH tends to be a strategy that’s seen fairly often I

could argue umm would a novice sort of respond by sort of essentially landing on the sniper

um or do you think they would lean towards the counterplaying path or like a uh sniper play,

um again would they make the same sort of decision as you, do you think?

AD13415: Uh- uh a lot of newer players that that I- I’ve y’know spoken with and talked to about,

whenever they are faced with a sniper they tend to just go sniper themselves, y’know they

think this is- y’know ‘the way to counter sniper is to go sniper’, I’ve also seen a lot of them go

spy thinking they can y’know get in, kill the sniper and then have a pick that way, I don’t- I

don’t think spy’s too effective, maybe as a one-time thing but not to counter sniper

consistently. The- most of them are just like y’know ‘we’re gonna go sniper and he’s gonna

outsnipe him’ um it's really rare in- in- its kind of a weird bell curve where new new players

really like being aggressive and then they get a little bit better and then they- they start

wanting to play really passive and then the really good players start to want to be aggressive

again. Its not, maybe they (don’t?) want to be aggressive, they just recognise situations where

aggression can work where as like, y’know, novice or mid level players y’know they try

aggressive pushes and it doesn’t work and they can’t identify what went wrong or why they

can’t do it so they just never do it. So I think that if- if a- if like a newer player was to try and

deal with the sniper by sending their whole team into it y’know maybe their timing would be



off or maybe they wouldn’t focus the right targets and it wouldn’t work for them and they

would say ‘look we can’t keep doing this, its not working lets get our own sniper and deal

with [them] that way’.

Interviewer: Yeah, so the- we talked a little bit it- uh earlier about the um the sniper counterplay, uh just

having a- having someone on your team play sniper umm if you took this more slower

approach, um or if you had a player on your team that you did trust to do that would you

have made- still made the decision to sort of send in the soldiers, for example?

AD13415: Uh, with sniper specifically it's a very personal skill-based class. Um, I’ve played with players

in the past who were better at sniper then they were scout by significant margins and if I was

with those kind of players I would just say ‘go sniper cause I know you are better than him’

um so I- I y’know I’ve played with people that y’know they just thats all they do is just snipe

and it's like ‘okay, you go sniper now, this is what you deal with’ and then they do it and they

are better at it um but its not something that I typically go to because y’know if they lose

you’re in a much worse position than before, like if they have a sniper and your sniper dies it's

like ‘oh god what do we do now?’ y’know so it's not something that I go to unless I know the

player on my team is quite good at it, then it's something I’d recommend for them to try but

thats- thats y’know a player case.

Interviewer: Right, cool. Um so we sort of touched upon all three strategies, sort of asking you a couple of

questions and hypotheticals. Um, do you have any sort of- any other comments or things that

might’ve come up that you wanna sort of bring back and talk about?

AD13415: Um no, not that I can think of.

Interviewer: Right, okay in that case I’ll stop the recording.

[END OF RECORDING]



[START OF RECORDING]

Interviewer: And that should be going ahead um but what I’ll sort of do now is sort of quickly grab uh a

certain document on my end um there it is (.) So uh can you think of a match within the last

twelve months that was particularly challenging or memorable? So this can be a match where

your skills were tested or that your experience had a difference in how you managed the

situation.

D13622: Um I think the final official we had against [Opposing Team] which is like the [notable

characteristic] um in [Division] was probably an example of a match that was really

memorable because it was the- uh it was the first time we actually won a game and going into

the game we were really really not favourites at all cause um our main caller- we- our main

caller had some beef, had some drama and ended up leaving so we- we needed to get not

only um a- a merc but a merc on pocket scout and we have no main caller so we were having

our uh- our pocket soldier [Friendly Pocket Soldier] do some main calling um but i- I think the

big reason why we had success in this game was we got a very good merc in uh [Friendly

Pocket Scout] who was- who had a lot of experience, [they] had a good mentality [they] was

just generally a good guy to play with, [they] was skilled as well so (.)

Interviewer: So is this a match that you can sort of recall well uh perhaps on a round-by-round basis?

D13622: Yeah, I- I meant to watch the demo but uh I haven’t but um it was played six days ago so I can

probably go round-by-round and remember it decently well.

Interviewer: Okay so uh I’ll just ask you um to sort of give me a short summary so just like cliff notes of

sort of what happened uh sort of scoreline generally things like that.

D13622: Alright so I think the first round going into the game we were really- we weren’t very confid-

confident at all I think our uh pocket soldier [Friendly Pocket Soldier] was suggesting we do-

cause you know- you know the whole um reputation about like [notable characteristic] MGE

scouts on Product y’know, never miss a shot and all that. Uh [they] was saying y’know ‘lets

just troll’ basically ‘lets have our demoman run perma kritz’ or stuff which is just awful on

Process (Product) um so we kinda- but because we actually won the first map which was

Snakewater in a golden cap people were kinda feeling it y’know they- mentally we were

thinking that we can do this, we could win this uh and in the first round we- a- lost our first

round but it was really really close, it went down I think it was like ten, twenty seconds left

and then [Friendly Pocket Scout] caps um the point and we get our spawns delayed and we

just get shafted so theres a little bit of tilt there um but we kind of drag it back because we

realise in that first round that when [Opposing Team] was trying to get the point they just bait

the point from the corner, uh the corner- the corner of the point thats closest to concrete I

don’t know quite how to say that but that kind of location and they never do anything else,

they never trade ubers, they never run into us and try to get frags, they just kind of sit in that

corner and bait cap so- and- and the next few rounds we’re able to just pressure that corner

when they are trying to bait the cap and were just spamming it with rockets and stickies and

all that its- and basically we ride that momentum and uh I make a couple of plays, my roamer

[Friendly Roaming Soldier] makes a couple of plays y’know we start popping off a little bit and

managed to uh, win I guess.

Interviewer: Yeah, ok so what I’m going to ask you now to do, in- is- in as much detail as you can recall, um

try and recall the match in as much detail as you can from the beginning to the end so I- I

need you to pick a specific map and try to sort of recall as much as you can (.) um during that

uh try and point out any time in which there were certain sort of events or key decisions that

you made, uh so this can be in reference to like a specific round or uh if its mid way through a



round sort of what is the round timer or the cap timer um anything like that. I’m not gonna

try and interrupt all too much um unless I need to clarify something um but I’m gonna sort of

keep notes um and then we’ll sort of discuss that afterwards.

D13622: ((Pause)) I’m tryna just think uh, key moments. I guess a key moment would be after that first

round loss in which we recognised they could only play- they only bait the point when we

were um when we had control they only baited the corner of the point, that was a big turning

point because we were able to just lock them completely out um (.) I think- oh you go ahead

Interviewer: ((Overlapping)) So- yeah- no, go ahead, go ahead, go ahead.

D13622: Um, and I think it was the second or the third round where- I can’t- I dunno if I can remember

the time but I remember that [Friendly Roaming Soldier] needed help in connector uh and I

was able- me and[them]were able to bust through connector and we’re able to just

completely munch on them pretty much um (.), I know its not pretty descriptive but-

Interviewer: ((Overlapping)) Cool, um- no, no worries, no worries so um- so that- what sort of happened in

that first round, let's talk about that first round a little bit because you said it was quite a

close one.

D13622: Yeah I think it was within like ten or twenty seconds, the caps basically at the end of it but in

the middle of it we were- at the start of the mid we were basically just going in and I think we

just started off with a double bomb and just y’know ‘lets go in guns blazing, full aggression’

and that- I think we always do well on our midfights, its something we have with our team for

midfights in general, we usually win them on most maps um (.) and I think I just cross the

point and shot things and probably shot at the demo or a scout if we’re talking

((unintelligible)) um and then what happened? I don’t know if we- I can’t remember if we got

a forward hold off or not on that first round but I remember our forward holds were rea- our

forward holds were really bad because uh [Opposing Team] they- they pushed out from

cliffside which is something that we’ve never dealt with at that point- they would like rush

cliffside and rush our demo and y’know normally I’m more of a- I’m more of a flank scout

player so I should be helping my demo but e- every other game, every other scrim that

season I never seen that from them so we got caught off guard with a lot of these forward

holds so it was really bad but uh we eventually kind of stabilised a bit, we kinda- we started

realising they were gonna bust through left and we started to get out early so we didn’t get

caught as much (.)

Interviewer: Okay um so I’ve got a couple of things um to sort of just recap, just make sure that that's all

correct uh details wise. Um so we’ll start with round one you sort of started that with a bit of

a double bomb and you sort of tended to do well with midfights. Um, between- uh that was-

that ended up being a first round loss um and after that you sort of recognise they only sort

of touch- baited the point, sort of touched the corner um sort of potentially leading to an

adaptive strategy. Um sometime in the second or third round you notice that one of- uh one

of your teammates uh, one of the soldiers needed help in connector um and you sort of

worked with[them]to sort of bust connector and that sort of led to quite a successful uh play

um and you had some quite bad forward holds because opponents were pushing cliff, uh

something that you weren’t anticipating um but you- you ended up sort of stabilising and

responding to it and sort of being able to get out more often. Does that all sound reasonable?

D13622: Yeah, ooh there's also another huge moment I think it was second round I went pyr- we were

trying to- we were getting forward held on and I went pyro and I reflected every single rocket

and killed two soldiers and ((Laughing)) everyone was quite happy about that and y’know I

was like- going like ‘oh I got the [Notable Player] pyro, lets go’ and that was a huge



momentum shift right there um but I think a lot- it was like if I wasn’t going big, it was

someone else on my team that was going big as well it was like- I dunno how to describe it,

people stepped up to the occasion when they needed to and we kind of kept momentum in

our core throughout the game.

Interviewer: Cool, um now we can go over the logs um or at least you can have a look at the logs if you

want to sort of help recall now um-

D13622: ((Overlapping)) Yeah I can send you the logs if you want.

Interviewer: Yeah um that- that might be quite good uh just to see if there are any- i- if that sort of inspires

anything else um (.) just grab that uh so first round loss in sort of six minutes um sort of

looking at sort of generally on a round-by-round basis you sort of had a quite dominant uh

second round, taking only four minutes um and then sort of- last two were a bit more hard

fought.

D13622: Yeah I think during the last few rounds we started feeling a bit more pressure because it was

like ‘oh my god we could actually win this’ y’know, that started clicking in people's brain

y’know. I felt that in one particular moment I think it was in the second or the third round

where we were going for a sac wave and I was running- I had an opportunity I was running at

the medic and I just kinda thought in that moment ‘if I’m beefing here this is like- this is a

huge loss, y’know, we’re gonna be screwed’ and I- I think I killed the medic on my last shot

and Im not sure if it was a drop or if it was just a kill, it might have been a drop and I barely

get them before getting blown up so yeah (.) big plays ((Laughing))

Interviewer: ((Overlapping)) Yeah. Alright- big plays yeah ((Laughing)). Right, so what I’ve got to do now uh

is sort of narrow this down to like- probably like three key moments or key decisions um so I’ll

sort of recap what the- sort of what I’ve got and then its sort of uh up to you to sort of pick

out between those about one to- two to three key decisions that we can talk about um so

there was the uh beginning of mid with a double bomb, um after the first round loss you sort

of recognise they only baited the point and- on that sort of corner, uh it was the busting

connector - supporting your soldier, it was the forward holds initially being quite bad and

then sort of responding to that and stabilising, the pyro play with uh- with your reflects uh

being quite a big momentum shift, a bit more personal pressure in the last few rounds

particularly with uh sort of running at the medic between the second and third round um and

those are sort of what I’ve got, if we can sort of narrow that down to three um- so its- lets

start with the one you think is quite a strong one you could talk about.

D13622: The reason we won that game is because they only baited point and they didn't have any

strategy beyond that, that was the reason why we won that game and the fact that we had

[Friendly Pocket Scout] merc and [they] was really good as a merc.

Interviewer: Yeah, so if we say baiting point- uh the sort of baiting point st- uh the sort of play- or how you

play around that um, any of the others sort of standing out to you?

D13622: Beyond that I would say, also adapting to their- also adapting to [Opposing Team]’s breaking

out of that forward hold, because if we got caught off guard too much by that, if we didn't

adapt to that we could have lost rounds, we could have got um me and our demo uh [Friendly

Demoman] killed a lot um and like that could have been (bad).

Interviewer: Cool and did you want a third?

D13622: Uh I guess, the p- pyro play but I kind of, I don’t know how to describe it, its weird um

Interviewer: Don’t worry, I uh- the questions I can ask um can sort of discuss that um we can sort of go

into details about actually why pyro in the first place, not necessarily actually the clutch



mechanics, so we can talk about that. So what I’m gonna do now is we’re gonna go through

each of these uh que- uh each of those that we’ve identified and we’re gonna sort of ask

some questions to sort of uh see- see what you were thinking or um some stuff like that. So

we’ll start with the- uh the baiting the point kind of um moment- the one you sort of said was

quite key in actually winning the match um what was the sort of- what were you seeing or

hearing, whether if it was with team comms that helped you and/or your team sort of decide

to sort of (.) p- try to counter play that sort of baiting play?

D13622: I think it was mainly [Friendly Pocket Scout] and [Friendly Pocket Soldier], they were talking

about ‘bro they’re just playing that corner of the side just spam them out’ and then we kind

of y’know got to g- got our bootstraps pulled up and kind of, we were all focused as a team

effort in kind of shutting them down- I was playing around concrete and just kind of shooting

people and spamming them with scattergun and if like say [Friendly Demoman] pipes them or

hit them for like a hundred sticky y’know I would walk at them a bit and sometimes you pick

up a kill due to that and it just slows them down even more like as you- gives you more time

on your clock.

Interviewer: So what were your specific goals- so for your role what was your specific goal in sort of this

counter play?

D13622: My goal in the counterplay would probably be to not take too much spam from their soldier-

their soldier played uh pride rock which is like the rock next to cliff that soldier stands and

spams down on, to avoid taking too much spam from that guy and maybe the demoman and

making sure I shoot sticks so that my medic doesn't get destroyed or um I don’t get damaged-

basically staying healthy so heals can stay on my spam classes and then if something- if like

we need to put lots of spam and pressure I will shoot- just shoot the scout thats baiting the

cap or as I’ve said I would walk forward and shoot[them]if there was like a very good

opportunity which could lead to a kill, but most importantly you do not want to die there

because you get the long spawns.

Interviewer: Yep, the- so was- was what you were doing, did this remind you sort of um- of another match

or of- yeah so was the strategy you were adopting was this something that you had employed

in a previous match or was this sort of quite on the fly?

D13622: Uh I think it was very on the fly I think we have had similar ideas in the past but to be

perfectly honest we weren’t scrimming a whole lot because of the issues I described with our

pocket scout leaving the team, y’know we weren’t playing a whole lot of product and usually

we were playing some of the better teams like [Other Team] and stuff like that and we were

getting thrashed- we couldn’t do anything so it was something very on the fly.

Interviewer: So um the sort of strategy that your team came up with and sort of your specific goals and

roles as it were, um looking back sort of- what other co- what other course of actions, if any,

did you sort of consider or were available to you?

D13622: In that moment where we were just snu- stopping them from baiting the point uh I’m not

sure there is anything we could have really done differently because, I mean, their- its up to

them to do something in that scenario that isn’t bait the point- like if they just bait the point

and we’re countering them, they lose. It was- it was up to them to do something like trade

ubers or send someone behind or something like that that would kind of change the

outcome, yeah we were just kind of just reacting to what they did.

Interviewer: Yeah, um so what were the likely mistakes that could be made at- sort of doing this counter

play what- what could go wrong in order for you to sort of not be able to successfully pull off

the c- the bait as it were- or counter play rather?



D13622: Um, if- if our roamer in concrete dies or I die it means they probably be able to send people

behind and just start distracting really big hard from like- they could send a soldier to like

china or something and y’know that soldier wouldn't have to do anything, just distract the

spam classes and draw eyes and then they could bait point well, but they weren’t able to

break past uh connector very often cause [Friendly Roaming Soldier] was holding that very

well.

Interviewer: So what I’m gonna do now is sort of um present some hypotheticals um, in the event that a

novice or so- someone in a lower division was in that situation where this team was

constantly baiting the point and they just sort of- y’know causing a bit of chaos would you

expect them to make the same decision as your team did or wo- would you expect them to

try something different?

D13622: (.) Hmm (.) I expect- I’m not sure, I think- I think there would be people in a lower division

team that could see- that would be able to see that spamming that corner is good but I’m not

sure- you would need someone whos good at calling and someone whos very confident I

would say to just guide people in that direction, um beyond that in a lower division people

just might fight because y’know its Product- ‘DM heavy map, let's fight’ not taking into

account there's longer spawns and that- um trading is very bad if you are on defence.

Interviewer: Yep, so was- just so I can present- so I can present another hypothetical um did the oppon-

opponent team respond well to the counter play or did they not really have an answer to it?

D13622: They really did not have an answer to it at all.

Interviewer: Right so the alternative hypothetical now is in the event that they actually did have a

response to it um (.) would you have still sort of continued the same strategy or would you’ve

made an alternative decision?

D13622: We would have had to change things up basically um if they stop baiting point and lets say

they trade ubers which is probably the best thing you could do in that scenario and maybe

they try to send soldiers behind in the midst of the uber trade chaos or something, or they try

and bomb and force our med early so they get a better trade y’know we would have to

change or adapt y’know. So if they trying to force our med maybe I stick high ground by china

or cliff and- but then y’know [Friendly Roaming Soldier] is left relatively on his lonesome to

defend the flank so its rough for[them]but [Friendly Roaming Soldier] was holding the flank

really well that game so we really didn’t have much issue with people going behind so I could

probably take that risk.

Interviewer: Right uh I think that was sufficient enough for that decision um, let's talk a bit more about the

forward holds um because you mentioned it a little earlier on when you sort of talking about

the summary um that it was sort of something you hadn’t- they were doing something you

hadn’t anticipated, um so what is the standard call um and what would you be normally

expecting with the forward hold?

D13622: Oh when people are breaking out of the forward hold they almost always just run pyro uh

through uh- they run pyro into grass and they try and reflect rockets and bust in, either that

or they use which you generally don’t want to do- you use in grass and then sometimes you

can walk through main but that's not as popular- but almost always its pyro or y’know they

use through grass.

Interviewer: Ok so in- in a normal forward hold what is the single most important information that you

would need to sort of make the decision to either sort of keep up that forward hold, to back



out- sort of what is- what are the biggest cues that you need to look for in order to sort of uh

make a decision about a forward hold?

D13622: So the biggest decisions on when to start a forward hold?

Interviewer: Uh yeah, start and then we can talk a bit about maintaining it as well.

D13622: So if you want to start a forward hold you need all your spam classes alive, you could maybe

wing it without a soldier but you’re just adding a lot of unnecessary risk I’d say, that's

probably a team thing- but I would recommend you need all your spam classes and you only

really wanna forward hold if you’ve pretty much wiped them um or you’ve pushed them back

into spawn and only really forward hold if you’re like one scout down in like perfectly optimal

situations.

Interviewer: So what was unique about um sort of how your opponents played it? Why was sort of the cliff

thing something you hadn’t anticipated?

D13622: Um because it just seems kind of crazy, whenever you walk through cliffside you just get

auto-det and die to stickies and you- you’re down one already immediately.

Interviewer: Okay, so you were following- or were you following- like in the event with these first forward

holds that went really bad were you following a specific strategy.

D13622: Yeah I was doing what we normally do on regular forward holds, I was- I wait- I play with my

demoman until [they] sets up his traps and then I usually hover around- you know you have

china and then you have house you have that little balcony between china and house I sit on

there and I watch main and right side because they normally either walk through main or

right side. Occasionally I jiggle peek main so I can say ‘oh they’re coming main’ so my soldiers

can rotate the spam main and just spam them out but in that game I was- um I was playing

the high ground, just kind of waiting for them to bust through.

Interviewer: So in sort of later attempts at the forward hold when you sort of notice that they were doing

this sort of cliff push um sort of- was this sort of play sort of quite a novel one um, or was this

sort of something that you did have some sort of plan for?

D13622: What, the play of them busting through cliff? Did we have a plan ((unintelligible)) to deal with

it?

Interviewer: ((Overlapping)) Yeah sort of your- uh so after- after the first couple of um sort of failed

forward holds you- you notice that ‘hey, these guys are pushing cliff’. Y’know the first times it

wasn’t anticipated, um you mention when- in the summary that you sort of responded to it

um in- is the way you responded to it, was that sort of quite a novel response cause it seems

from what you’ve been saying that what they were doing was quite novel, did that require

sort of a novel response?

D13622: Um not really, all I really did was that I just rotated to be with my demoman more so if they

rushed one through y’know the two of us would- it would be enough- it would be enough

firepower so that they are not able to just focus fire us down if that makes sense, cause our

goal in that forward hold- yeah its to get kills but if our demo dies that's awful um and if I die

it's pretty bad as well so we just wanna make sure that we can deal some damage and then

get out and reset around the point-ish.

Interviewer: Ok so as a player uh that sort of played at quite a high level what- has your experience helped

you in responding to this- this sort of new unique play um does that make you more sort of

responsive to that sort of thing or can you think of strategies on the fly sort of- was your

experience in this case helpful in making the decision that you needed to make?



D13622: Not really, it's just like a- kind of a rational decision to make like ‘oh your demoman is getting

rushed by lots of people’ so that's- I’m not doing- I’m not doing a hell of a lot sitting on this

high ground just kind of chilling so I can just sit by my demo and accomplish like a big goal of

‘my demoman is dying less and is able to get out’.

Interviewer: Okay, so if they were- if they were constantly sort of breaking your early forward holds uh

what other courses of action were available to you to sort of respond to that rather than this

sort of uh- just sort of stabilising a bit more cause from what it sounds like you- you

attempted future forward holds, were there other situations or other strategies that you

could have employed?

D13622: (.) Yeah its just the fact that we were really um- me and [Friendly Demoman] were really

unprepared in dealing with a cliff push we had never dealt with that, we weren’t scrimming

the map a lot, we just really- just really didn’t know what to do there so we were just trying to

do the best we could in the forward hold and get out alive.

Interviewer: So were there other strategies that your team could have employed outside of just doing the

forward hold and sort of adapting to what they were doing in the forward hold?

D13622: So what we could- um I dunno.

Interviewer: ((Overlapping)) So what- yeah- what could have been done instead of a forward hold?

D13622: Um, I guess you could’ve just played- I mean there's not a lot of reasons to not forward hold,

you could just play passive and stand on mid but you’d probably get an extra couple of

seconds doing a forward hold. If you’re getting destroyed by a forward hold then you- if

you’re forward holding and getting rolled you probably should just play passive, play on the

point-ish and just take standard positioning.

Interviewer: So again we’re going to present similar hypotheticals to last time, um in the situation where

these novices are playing this sort of general strategy for forward hold, y’know you have

these rules of ‘this is how you generally stand- forward hold’ and then they play against a

team that just rushes cliffside, would you expect them to sort of make the decisions as you

did or would you expect them to sort of play differently?

D13622: Hmm ((Pause)) I’m not really sure, hmm what would I do when I was in low. Um (.) I dunno

we’d probably either continued to get rolled by the forward hold as we wouldn’t really- I

dunno we’d wouldn’t really know what to do or there might not be that thought about ‘I’m

sitting here not doing a lot and my demo needs help’. If there's no comm to go do that- like if

you don’t have the initiative to go and do that or you don’t have the main caller to tell you to

go do that y’know you’re just- your demoman is going to go get rolled. So it either get rolled

by the forward hold or what would probably be more likely is that we just stop forward

holding and we just play around point because ‘our forward holds aren’t working and we’re

not gonna do that anymore’, y’know.

Interviewer: Yep. Now, this may seem like uh- a bit of an obvious question but if they were attempting this

cliffside push and instead of that working quite often it only worked like once would you still

make the same decision to be more responsive and be playing with your demo closer?

D13622: Um if it had only worked once, so lets say that they go in one time, it works. Uh yeah for- for

their first few attempts pushing out I would play closer to my demo because if it works once

they would probably try it until it doesn't work or at least give it another go cause they know

it's something that has had success, right? But if they continue to push uh through main or

uh- or through the little choke in grass, if they continue to do that and they just give up on



trying to push cliffside and push my demo out uh then yeah I’d play either jiggle peeking main

or on high ground waiting to shoot things that come through.

Interviewer: Cool, um earlier you said one of the earlier sort of actions you could take if your sort of

forward holds were being broken by this sort of cliffside push um is to play more passive. If

your team had made that call, um what would have been the sort of general outcome- what

is the rationale behind that passive play?

D13622: Um, the rationale? I guess it would be to keep control of the point because- well instead of

demo forward holding and all that and trapping the door [they] probably just go a bit forward

maybe set up some forward stickies y’know and you just wanna take strong positioning with

your other players, you put your scouts on high ground and just uh react to whatever they’re

going to do and just play it um- I dunno just play it like normal I guess.

Interviewer: Yep, so sort of when you mean ‘playing normal’ um what does that sort of mean- I know that

might be a bit of a hard question to answer but when you’re sort of saying y’know that

forward hold is sort of not the normal hold in that case-

D13622: ((Overlapping)) Well, I- I guess normal isn’t the correct word it's kind of doing the like- doing

the default thing to do on the map ((Unintelligible))

Interviewer: So- so what does the sort of what is the goals of a default hold instead of this forward hold?

D13622: Well the goal of the default hold on mid is basically to burn- it depends on the ubers and all

that but basically lets just say even ubers, its to burn as much time as you can if you’re the

defender and if you're attacking then you’re going to want to uh basically burn through not as

quickly- you don't have to rush it but you want to be able to burn through in decent time um

(.)

Interviewer: Cool, um and then we’ll go back to the- sort of the- talk about the pyro play. Um, so this was

in the sort of second round uh you sort of did quite well with the reflects, got a couple of kills

and it was a big sort of momentum shift um again so some of the questions may seem

obvious but do sort of try to answer them honestly (.)

D13622: ((Overlapping)) Fire away, y’know ((Laughing))

Interviewer: In that situation, what are you seeing or hearing that's making you decide ‘I need to switch to

pyro’ in this situation?

D13622: Basically because its the- its the standard thing we’ve practiced time and time again, its the

standard thing that pretty much the majority of top teams do y’know. It's the tried and true

method basically.

Interviewer: So the situation you’ve been put in for- to warrant running a pyro, what does that look like?

D13622: Uh, what do you mean, I guess?

Interviewer: So you don’t normally run pyro on a default hold- or default like

D13622: ((Overlapping)) Yeah, yeah if they are not forward holding you don't run pyro.

Interviewer: Yeah, so in the situation where they are forward holding what is the- what is your specific

goal as a pyro to do?

D13622: Um its to kind of to ref- its to reflect spam and allow your team to get in- I- ideally you want

your team to get in without using uh but if you can get your soldiers in and they can bomb the

medic or just be annoying and get them to use or just get them to back off and if you lose a

few players its not a huge deal cause you’re um- you’ll be attacking, you’ll have the fast



bombs so if you- if a couple of players die its not a huge deal but you wanna get them out of

the forward hold position and you want to force them back to the point.

Interviewer: Cool, um what was the sort of time pressure on you to sort of make the call to go onto pyro

cause um you’re playing King of the Hill and King of the Hill is quite a time oriented map, so

what sort of pressure on you is there to sort of do something as pyro or sort of make that call

to switch to pyro um sort of what's the general timeframe that you’d be looking for?

D13622: What, the time on the clock sort of?

Interviewer: Not necessarily time on the clock, so let's say you have uh equal ubers um, y’know you’re

playing a lot slower um do you make that call to switch to pyro, but- or alternatively if they’re

trying a forward hold but they are a couple- like one person down and you have uber

advantage do you still go for that?

D13622: ((Overlapping)) Oh you would never run pyro, like you have uber advantage, they’re one

down you’re not gonna run pyro. They probably shouldn’t attempt a forward hold, you could

just use into them and kill them instantly basically.

Interviewer: So you- you say that pyro is sort of the tried and tested um method to breaking a forward

hold. Are there other actions you could have taken outside of playing pyro that could return a

similar result?

D13622: Um, that I could have personally taken?

Interviewer: Yeah, in the situation when you went pyro where there other strategies or actions that you

could have taken? Or that were available to you?

D13622: There's not a whole lot you can do as scout when you are getting forward holded on cause

you kind of just get spammed out, I guess that- what you can do is pressure from main or you

can try and run through main. The best thing you can do probably on scout would be to run

through main I guess or as the [Opposing Team] were doing you can try pushing cliff side, you

can try baiting the demo’s stickies if you are smooth and maybe [they] dets early and you can

rush[them]with- I dunno you could rush[them]with help of a soldier or something or your

whole team could rush there, y’know?

Interviewer: ((Overlapping)) Were there other classes that were also uh viable here?

D13622: Ahh, there is but my team won’t let me run spy.

Interviewer: ((Laughing)) So what- yeah what's the rationale for spy and why do you think your team

wasn’t for it?

D13622: They’re- they’re not believers. But um the rationale behind spy is, is that you are able to go in

through spots, you can go through whatever door- you don’t want to go through um grass

side because you’d get spam but you go through main, you go through cliff and the medic is

usually holding on like concrete somewhere and then you can have your soldiers bomb in or

your soldiers pressure from like main or you know maybe you can get them through uh the

choke in grass and they can bomb in through there and now everyone is going to be looking

at that soldier, the spy decloaks and goes for the medic basically. (.) I’m also a proponent of

going spy on sac waves but no one won’t let me do that even.

Interviewer: Um, so going back to sort of playing pyro um (.) if there were sort of alternative strategies

that you could employ or y’know lets- you- you did get two kills um when you did it, but what

where the sort of likely mistakes you could have made or did you consider at any time that

the decision you were making would be incorrect?



D13622: (.) Hmm, could you say it again?

Interviewer: Yeah, I'll sort of- sort of rephrase that so you’re sort of- you make the decision to play pyro,

um what would be the likely mistakes that you would make to sort of fail at your goal?

D13622: So what would be the pitfalls of trying to push out of a forward hold with pyro?

Interviewer: ((Overlapping)) Yeah.

D13622: Um ((Pause)) just getting baited at, having their soldiers like bait their rockets really well so

it's really difficult to reflect anything or if you are just bad at pyro and you’re not very good at

reflecting um that would make it really rough to push out with pyro.

Interviewer: So this is quite a mechanical uh situation, where y’know there's not much strategy, it's just

about y’know all that timing, right?

D13622: Yeah it's just- it's kind of just- it's weird, you’re playing pyro it's just like if the stars align and

they shoot a rocket point blank and you reflect it at their face, they take 160 damage and they

can’t do anything. Its- its just kind of a pyro as a kind of a cheese class.

Interviewer: Yeah um, and again we’ll sort of talk about the hypotheticals starting with the experience, so

the novice situation. Um, this seems to be, as you sort of say, sort of very routine sort of

strategy um so would you expect sort of lower division players to be adopting the same or

similar approach?

D13622: Um, (when) I was playing in lower divisions I don’t think we ever run pyro to break forward

holds I think we just kind of tried to bust through main and stuff like that, um so I think that

forward holds are worse in lower divisions to the point where you don't need a pyro to get

out of them if that makes sense.

Interviewer: So you sort of talked about- just mentioned the fact that y’know you don’t see pyro all too

often and that forward holds tend to be easier to break, um…

D13622: Well they’re not always easier to break it depends on just y’know, are you reflecting things

well, is their demoman like really really good so it's really hard to pressure [them], is their

spam really good? Cause sometimes you play against a team and it feels impossible to break

through their forward hold and you are just sitting there for like a minute or two minutes and

other teams it's like ten seconds but (.) I dunno.

Interviewer: No, no, that's fine. It's like, so becau- so in the situation like- you would-. So my

understanding, feel free to correct me, um is at lower divs you may see pyro but sort of in

higher divisions where these teams are a bit more disciplined sort of pyro becomes a

necessity.

D13622: Yeah, I would say if you- if you play product and there's a forward hold I would say in pretty

much every prem game or high level game you would see a pyro trying to break the forward

hold.

Interviewer: And then in lower divisions because there's a bit more, uh less discipline as it were…

D13622: ((Overlapping)) There's just less coordination, and people are- they’re not- they don’t

understand like what their role- they might not understand what their role in the forward

hold is well, right? They might not have that talk with their team like “oh, soldiers play here,

scout I want you there, demo I want you trapping this door” but as you play more and more

or you kind of re- you kind of get that default strategy in your head like “this is what people

do, this is what I generally need to do in this situation”.



Interviewer: Right, um so in the situation where you um, you sort of did successfully- no, in your situation

where you successfully reflected the rockets, got the two kills if you only sort of did a bit of

damage or um even sort of failed to do any sort of damage to them at all or even took

damage yourself um and that was happening like often, would you still make the same

decision to continue playing pyro?

D13622: Um, as a te- it depends- it depends on the soldier follow up, if the soldier follow up was good

we would probably keep doing the same thing but if the soldier follow up was bad then we’d

probably um do something else. I guess it's kinda dependent on the outcome of the pyro play.

If I’m doing okay and my soldiers can get out and do something where we can break the

forward hold then we’ll probably keep doing it, right?

Interviewer: Yeah um, earlier you mentioned that uh you could potentially run something like spy or even

something like scout and just trying to potentially bait the stickies or y’know try to sneak in

um, sort of what would you expect to be sort of the likely outcomes of those two strategies if

sort of if you chose- if in that situation that you were in where you had played pyro, if you had

tried the other sort of strategies what would have been the outcome you would expect?

D13622: Um, if instead of going pyro I tried to bait the demo’s stickies or I tried to run spy, um its very-

in those scenarios it's kind of high risk, high reward so either the demo fails- the demo fails

his det and Im able to rush the demo with maybe some help, I could solo rush the demo but I

would probably need some help to make it consistent but it's again- and running the spy play,

if I get found out or if I fail or they catch me off guard, they’re like “ah I see what you’re doing

there, you lose”. If they catch on then it's far worse but I would say that the pyro is a way

safer play then the other plays that you described.

Interviewer: Okay, fair enough. Um so we've just gone through all the three decisions you sort of identified

um sort of probed into them a little more uh did you want to sort of go back to the any of the

three of them, or have any additional comments that you want to make?

D13622: Um ((Pause)) I think I’d kind of like to talk about us going into the match if possible.

Interviewer: Yeah, sure.

D13622: Um cause going into the match uh we have unfavourable circumstances y’know we were

undoubtedly the underdogs even with our full main roster we were still massive underdogs

cause we were originally a [Lower Division] team and we got moved up to playing [Division]

so we weren’t favourites to win many games if any, y’know? So I think we got um- when we

were getting [Friendly Pocket Scout] to merc and [they're] a very good player, a very good

merc, the [Opponents] basically said in DMs that they feared nobody which is a very

admirable attitude from them um but because they kind of underestimated us there uh we

were basically um able to conduct getting a win on them.

Interviewer: Yeah. So-

D13622: ((Overlapping)) And there was no pressure of us to win and until those final few rounds of

Product we never really thought that we were going to be winning anything, we thought “ah

y’know at best we’re tying” or something like that y’know?

Interviewer: So, you sort of went into the match with this sort of mentality of y’know- there's very little

pressure on you as you go into the match because it's like “oh we’re gonna lose anyway”.

D13622: Absolutely, our Pocket Soldier [Friendly Pocket Soldier] fully went into those maps expecting

to lose, I think most of our players were going into that map expecting to lose because we

hadn’t scrimmed, we hadn't scrimmed for like weeks, we played two officials back to back

because we wanted to just get them done with because our team was dying ((Laughing)).



Interviewer: And then sort of when you actually did start getting these rounds and started to actually

really give them a hard time you sort of mentioned it earlier on in the summary sort of when

you constructed the timeline of what happened, you sort of ran into some more personal

pressure. You- you sort of specifically mentioned the running at the medic like “I have to get

this” kind of thing. Did that alter how you played?

D13622: It- hmm, it altered how I played a little bit. I think after that medic pick, I went huge and killed

the medic and was like “oh my god” and after that I kind of just fed a little bit so that was

really bad by me but I managed to regain it a little bit and played decent enough at the end

that my team could win and that we could win.

Interviewer: Cool, in that case um did you have anything else you wanted to add whether that's about the

three decisions or anything else?

D13622: No, I think that's it.

Interviewer: Alright, cool.

[END OF RECORDING]



[START OF RECORDING]

Interviewer: Um, so that recording is going to be underway and uh given that you sort of have a match in

mind I’m gonna sort of start with the question uh can you give me a short summary of the

match where you had- whether your skills were particularly tested or that your experience

had a difference in how you managed the situation?

IMP4307: Yeah, just kinda of the- in my opinion like the best match that I’ve ever played umm

personally and like as a team um was a best of three playoff round where we were um (.) kind

of bo- towards the bottom seed of Intermediate which at that time I think playoffs were

sixteen teams so we were towards the bottom somewhere in the uh mid teens and the team

we were facing was up in the single digits and so we were- we- we looked at it and we as a

team decided like ‘we’re gonna try hard and like psychopath play this game’ um and we did

and we won and it was like super super rewarding um specifically um the (.) uh Metalworks

map of that best of three um we did a lot of things that we knew would work um that we

hadn’t done in scrims or anything else based on what we saw in their scrim demos that were

available publicly um so it was kinda like a culmination of ‘I just had an on night’ as did our

scouts which was really the deciding thing um I- I was on pocket and we were all just- we had

all played together for like two seasons at that point um non-stop so we were- we were super

in-sync and it felt real good to play that and specifically that Metalworks match which we

were doing a really good job of rolling advantages forward and making sure we kept

advantages as opposed to just y’know getting a point and sitting there which was kind of the

expectation in ESEA ((Laughing)) in that point in time so um yeah I like that match.

Interviewer: Um, excellent. Um so (.) I’m gonna sort of- I think Metalworks is probably- if that we focus on

Metalworks specifically because it seems to be one of the main stake matches. Um what I’m

going to ask you to do is try and- try your hardest to sort of recall the match in as much detail

as you can from the beginning to the end um, this can be a round-by-round basis, half-by-half

basis, whatever works for you. Um, please try to point out times in which certain events or

key decisions took place, it- you don’t need the fixed time but y’know you could say

something like um ‘after the fourth round we did x, y, and z’ uh so this can be in reference to

a round timer or a specific round. I’m not going to try and interrupt uh- all too much um

unless I need to clarify something um but yeah so whenever you are ready just uh try to recall

the match in as much detail as you can.

IMP4307: (.) Um, let me- let me try and get the situation sorted in my brain ((Pause)) I couldn’t tell you

the exact round-by-round, um I can tell you that it was a back-and-forth and it was not

determined by uh winlimit um it was uh the full- and for ESEA ((Laughing))- the full hour long

uh matc- map not match cause ((Laughing)) it was like a four hour match um so that- that

kinda ((unintelligible)) cause I- (.) I know one of the maps in that thing and I think it was

Snakewater was a back- like a literal back-and-forth until we got to five, um I’m fairly certain

that the- the end round score for Metalworks was something like 4-3 um which is gruelling

((Laughing)) um after an hour of playing um but it was- (.) the thing I specifically remember

about that map is how effective we were at holding last and pushing to second and how

effective we were at not giving up their second um so there were a couple of rounds that we

lost in like a minute and a half, like those were the rounds that we lost where, y’know we

messed up at mid and ((Laughing)) then uh lost the round right after uh with a desperation

last hold. Um, if that didn’t happen we pretty much won those rounds because we had um

such an effective last hold on Metalworks um- I don’t know if you know [Friendly Engineer]

um so yeah was like an insane engie on that last and then uh the- the thing that I vividly

remember was holding their second uh every round that we got there unless we had won a

mid which I think happened once um so I think it was three rounds that we (.) like didn’t have



a huge advantage to push into right away um and we sent in a scout- this was before it was a

common thing to do this we’d would send in a scout um and uh bring up a heavy um to Metal

second um and do double sac cycles and even a triple sac cycle um and so those were- those

were like the two huge things I remember, I also remember that we were not good at mid

((Laughing)) um so it was good that we were good at the two other things um (.) I’m tryna

think cause man this was like 2019 um no not even- this was like 2017 um I’m trying to think

of the actual back-and-forth and I- I dunno, I don’t want say something and then it’d be wrong

so um is that something that I need? Cause I can-

Interviewer: Um, so one stage that we can do is that if you do have the logs available obviously I know

since it's a little while ago it might not have the logs on hand but we can use that for what's

called timeline verification so as you’ve been talking I’ve sort of constructed a general

timeline, or at least key decisions that you’ve sort of pointed out that I think we can talk

about um but if you want to sort of find the logs then- to help sort of stimulate that I’m happy

to do that.

((Pause))

IMP4307: ((Unintelligible)) ((Laughing)) If you wanna pause we can do that and I can look for these

otherwise (.) the ESEA website is botched because they only do CS:GO now, um give me one

sec.

Interviewer: ((Overlapping)) Yeah. That's no worry, take as much time as you need.

((Pause))

[PAUSE IN RECORDING]

[RECORDING RESUMES]

Interviewer: Just going to resume recording now.

IMP4307: Okay. Cool so it was actually 1-5, it was a way closer game than 1-5 but it ended up being 1-5

um let me see if I can find- (.) from this cause it's not like actual logs cause its ESEA

((Laughing)) I assume no one else has these issues when- ((Laughing)) have these issues with

you. Um, but first half was like a gruelling 1-3 in our favour and then second half, I remember

this, they were mad and we won quickly cause this- this was game three after two other close

maps ((Laughing)) um so that is- that's what happened and I- uh yeah the time was 11:30 pm

central so this was after midnight for ((Laughing)) most people playing, we started at 09:30

so.

Interviewer: Cool.

IMP4307: Just ESEA things. Okay so I have the data now which is nice um let me see if-

Interviewer: So yeah, with that do you think there’s any sort of decisions that you were making during the

match that you could identify from the data?

IMP4307: Yeah, specifically what we did um in transitions um and moving into each last push cause

that's genuinely like the memorable thing about this um I don’t think I can download a demo

from here. ((Pause)) No I don’t think so.

Interviewer: I think- I think from now if we just sort of get those questions um- keep- keep what's fresh in

your mind um so just for uh reference on the record I think um I’m- I’m seeing three decisions

or at least strategies um that I think we can talk about is uh sort of the holding last/pushing

second transition umm sort of struggling at mid at times um and the sending in a scout and

bringing up a heavy to second. So what we’ll do for each of these we’ll sort of talk about



some uh questions sort of prompt some thinking so I think if we start with the uh sending a

scout cause I think that’ll be easiest to start with um (.) what was the rationale for uh making

the decision to send in a scout for a sac and bring up a heavy to second on Metalworks?

IMP4307: Yeah so the rationale um was largely- I- I can’t remember if it was um [Friendly Pocket Scout]

or uh [Friendly Engineer] that initially came up with it but it was essentially its brutal to- in a

playoffs situation it is already brutal to push out of Metalworks last um it is almost impossible

to do it unless somebody really just botches a last push and because it was ESEA um we have

an hour to work with so as long as we’re not down multiple rounds we knew for a fact we

were- if we had even advantage situations for players, uber, whatever unless it was really easy

to just bulldoze into last and win with y’know eighty percent success rate kind of in our brains

we just weren’t going to do it um which is why they got mad cause ((Laughing)) we took the

second half pretty quickly and you know it wasnt the most fun TF2 I’ve ever played but it is

the best TF2 I’ve ever played um so- so that was the situation its just y’know us recognising

that um its gonna be really easy to just sit here and do nothing cause this was like before

double sacs on Metalworks were a thing this was like July of 2015 was the actual match date.

Um, so this wasn’t a thing people were regularly doing you- you don’t expect that you just

expect the single sac or just like the hope to push and so we- we knew that was going to be

really effective strategy both in-game cause high success rate cause realistically its gonna take

some time but it has a high success rate and then just like mental game like thats- its not fun

and you’re playing a game at midnight, you’re mad ((Laughing)) we’re- we’re gonna win. So

those were kind of the thoughts uh that went into that um it was half serious and half like

‘this is really gonna mess with them’ which was also serious but like in a fun way ((Laughing)).

Interviewer: So was this a- this sort of decision, was this one that you had employed before, was this

something you were familiar with or-

IMP4307: ((Overlapping)) Never in a match, I think we had scrimmed it once or twice um but we didn’t

want it to be- we didn’t want to be known for that obviously ((Laughing)) so we made sure-

and y’know nobody’s ever gonna scrim you again if you do that in a scrim um but we did it

once with- with uh scrim partners that we were close with um and we were like ‘we’re gonna

try this for one round and we’re sorry, don’t tell anybody, you’re welcome to use it if you

want’ and um we did and they were just- they were so mad and it worked so well- they were

mad cause it worked um and its just boring but again in ESEA y’know you have so much time

um that it doesn’t matter ((Laughing)) if it takes forever. So I think that we had done it like in a

scrim once but we- we knew from that that like they’re not- what are they gonna do, there's

nothing to do against that except for run spy like which just makes it easy to push last-

Interviewer: ((Overlapping)) So it was- it was- it was quite a novel um- it was quite a novel decision that

had to be made.

IMP4307: It was our own little uh dropdown strat, is how we kind of thought about it, we were like ‘this

is gonna be a goofy thing’ uh we did not expect it to work like over and over again we were

like ‘we’re just gonna do it until it doesn’t work’ and we’re like ‘they’re gonna figure

something out’ and it just- they didn’t.

Interviewer: So with this- with this strategy (.) what were the likely mistakes, what- so what could go

wrong with making that call?

IMP4307: Um, in-game the biggest issue to us was like they could do something wacky to us to counter

it and because we have a heavy and because we have- we’re sending two sacs in um if they

do just decide ‘hey this is like, this is boring we’re just gonna push when they send this double

sac in and take our chances with the uh the heavy and the soldier and demo and medic like



we’re gonna take our chances and see what happens’ um it- that was our biggest concern um

I wanna say that they did it once or twice um and we- we won both of them um because the

big concern there is like if you lost that you’re at least going back to your second or maybe

even your last because of how that's gonna snowball so that- that was the big concern but it

did not end up- that didn’t end up happening.

Interviewer: Yep, um so was your experience like just as a player was that helpful in making the decision,

cause it seems it was someone else's idea but sort of pulling that off would probably-

IMP4307: ((Overlapping)) Yeah that was- that was that team though we- we as individuals with the

exception of [[Friendly Unknown Role]] who was on that team um we were all good players

but none of us were like rockstar-type players a- like in my opinion though they might all be

upset about that but- it's not like, whatever. Um, together we were very very good and

efficient eh both in scrims and in matches as well as like post-scrim discussions at like talking

through things and really just being open to uh ideas um and so like I- I really wish I knew who

thought of it, it was either [Friendly Engineer] or [[Friendly Unknown Role]] and it was like-

when they said it was like clicked in all of our brains like ‘oh yeah thats gonna work, that's

gonna work too well and people are gonna get mad and they’re gonna hate us’ which at least

those players did and still do um so that's uh- not still but as long as we were all playing um

they- they were- there was- but we we’re like ‘we don’t care, its first round playoffs, we-

we’re multiple seeds below them we’re gonna do what we need to win’ um and we did so (.)

so that- that was- y’know it was just (.)

Interviewer: Yeah.

IMP4307: We- we trusted each other and- and we’re on the same page with once we’d been playing

together for a while.

Interviewer: Cool, um I’m gonna sort of present a couple of hypotheticals now um because obviously it-

you sort of describe that this strategy ended up working um so in the event that the uh- you

send a double sac and they did just decide to push out, go aggressive um (.) and the- in the

event that was successful would you still have made the same decision to sort of going like-

pi- repeat it? Let me rephrase that question. Um you- you decide to use this strategy multiple

times, the first time you try it it works, the second time you try it it doesn’t, would you make

that decision a third time?

IMP4307: I think we would’ve sacced in a scout again and brought up a heavy or engineer or something

just tank class um and we would have used that same strategy to hold second but would have

been more conservative in our sacs so either we would just use the old [Noteworthy Roamer]

sac and just wait um that- just at that point by 2015 it just didn’t work anymore um or we

would have sent in a spy or a sniper to do the god shot or whatever um we wouldn’t have

sent in two sacs again I don’t think again- I- if I was maincalling I wouldn’t have called it again I

would’ve called ‘send in a sac bring up an offclass if you wanna play heavy you can’ and then

trust that [Friendly Engineer] or [[Friendly Unknown Role]] would make that decision for

themselves based on how they were feeling and then from there figure out who we need to

send in to sac or to go offclass as a solo instead of doing both cause that was the biggest risk

with that strategy so we would just take away that risk. It would just take longer but again its

ESEA ((Laughing)).

Interviewer: Now, placing yourself in that situation where you make this call to play a defensive character

on an offensive point, in the event that a novice was in the same situation you were in would

they make that same decision or would you expect something different?



IMP4307: No they’d go spy or something stupid ((Laughing)). Um, I think that like y’know you are about

to push last, you want to be mobile, you want all of your damage output to be where you

need it to be so that you can capitalise on your sac- I- its just- I don’t think that people would

do it and I think if they did do it they would not be as intentional as we were at that time with

our positioning um because we- we genuinely thought of every combination of paths and

exits they could take out of that last and intentionally had multiple plays set up to where we

could counter those things and uh there's no way anybody who wasn't, like mega dork as we

were ((Laughing)) would have done those things.

Interviewer: So sort of- capi- sort of following on that point um sort of ask the question but in a slightly

different way, why would their decision be different from yours, so sort of why specifically do

you think they wouldn’t make that call?

IMP4307: That's a good question. ((Pause)) My mentality with (.) TF2 is that it's a really simple game of

advantage and disadvantage and i- it- y’know theres- theres a ton of nuances that you learn

over time but if you- (.) you have like four basic advantages that really determine stuff and

then a few more auxiliary ones that are important in more nuanced situations and like if you

don’t really understand like the kind of mental math that is not actually like in numbers but

just kind of in vague percentages- cause if you don’t really understand those like nuances for

those advantages or disadvantages then you could fall into the rut of ‘well we have uber

advantage and lets do this’ like- like thinking of the game as situation/response as opposed to

like ‘here’s all of our numbers, how do we make it so our numbers are better than their

numbers?’ um in uber and everything else so when we’re thinking that way and we realise

like how- how its moderately difficult to push last on Metalworks but its like really really hard

to get out of last um in a playoff situation it's like where we just make to where we don’t have

to worry about the numbers, we just get rid of that um so its- its just not wanting to play

chances, and if you don't understand those chances then you are not gonna- not want to play

them um (.) I think that makes sense ((Laughing)).

Interviewer: Yeah, no no tha- thats- thats fantastic um so we’re gonna sort of ans- do that sort of process

again but talk about a sort of different bit of the sort of game um and I think we’ll sort of go

with the holding last/pushing second, uh you earlier mentioned that um y’know- you- you’re

two sort of key winning strategies as it were was not giving up their second um and holding

last and being able to push out to second um in the situation where you are holding last umm

what does- what information are you looking for to decide what's the next best action?

IMP4307: Yeah, um (.) that was less of a set play and more of just trusting in our overall like philosophy

of last which worked just very well on Metalworks which was (.) [Friendly Engineer] is like

engineering superman, like I genuinely like- I wish that I could understand it the way [they]

does um but its like I know all of [their] spots but [they] has the like mindgame behind it

down to a science like- like how some people are just like good at like Rock, Paper, Scissors

which doesn’t make any sense but they just are um [they] had that game down um and I

don’t think that [they] like watched demos or anything of other teams like- thats- like I just

always would watch how other pockets would play leading up to big matches but I just- [they]

just like knew how to get into peoples heads as engineer um and then on top of that we just

had our demoman who was just fantastic um so all I had to do and all my roamer had to do

was just keep like three hundred and jump around and stuff corners and like spycheck

constantly um and I just- I don’t like- uh winning last was not a thing that I did that was all a

thing that [Friendly Engineer] did on engineer um and uh [[Friendly Medic]] on medic- cause-

cause [they] was just- [they] were like very good at counting rockets and strafing and doing all

those things that, again, I just can’t ((Laughing)). Um, so I don’t, like, take many credit for

those last holds um because I was just playing pocket and you just click corners ((Laughing))



Interviewer: ((Overlapping)) So yo- so what's interesting though is you were still following a specific

strategy so whilst perhaps you may- the sort of- the impact isn’t there but you were following

this specific strategy.

IMP4307: Yeah, no that- that definitely- yes saying it out loud there was definitely a game plan um if we

had time [Friendly Engineer] went engineer and did whatever [they] does in [their] brain to

figure out what [they] needs to do and it just worked, like just messed around um if we didn’t

have time um either of the scouts or the roamer would come up heavy generally it was kind

of our game plan- our go to um and then obviously if- if that's not working in a match

situation and then we adjust but that- those- those were our defaults like that's what we

expected to do but I think thats whats everybody expects to do um and it's just something

about how [Friendly Engineer] did that- that made it even more effective than everybody's

standard Metalworks last hold which is an effective hold generally.

Interviewer: Mm, at any point did your role- or the task you were expected to do on pocket, at any point

did you go just beyond following the plan? We- were you- did you have any opportunities or

did you choose any opportunities to be creative in your decisions?

IMP4307: Yeah we- again I just- I just say it with like- and it sounds pretentious like in 2015 like the

pocket was the pocket um and we didn't really play it like that we had scouts that were good

enough at that time that we played like scout and pocket combos do now where like if I see- if

I see somebody that I can like do my little pocket pencil jump towards um I was- I was like

gonna do it and I knew like between [[Friendly Medic]]’s strafing and- and uh [Friendly Pocket

Scout]’s like aim like it was gonna be fine um so that- in that way yes but also that- at that

point in the season that was my role like we- we knew that- that what I was gonna do um

because we had all talked about how we think about advantages and disadvantages and all

had gotten on the same page about that um that- that we understood like y’know the chance

of us adding to an advantage by me jumping and doing- doing some rocket stuff ((Laughing))

I- you can tell how- how seriously I think the role of pocket uh plays into- into the game um-

there a reason I always play pocket um like if I can go do that and I can expand that advantage

and roll another point then thats worth y’know the risk- the temporary risk to the medic or

the risk to me dying which usually I wouldnt be so aggressive, I would die um but if I could go

and take more ground um that was not like the standard role at that time- it was becoming

that around the 2015-ish time um but it was not set in stone there were like still people

playing um, if not shotgun pocket like they were a shotgun pocket still um so in that way I

deviated but that was just my role on that team because we knew our scouts were so good,

thats why we were good um and so I was gonna make sure to capitalise on their skills there

and- (.)

Interviewer: ((Overlapping)) Yep (.) the um uh- I just wanna sort of go back a little bit to um something you

mentioned about sort of time pressure um particularly around the decision to go engineer or

something else um sort of- how much time pressure was on you or as a team to make to

make the decision- to make the call to do a specific strategy on last?

IMP4307: Yeah basically if we didn’t get rolled at mid we were going engineer on last um because (.) like

teams are not quick to push Metalworks last um most people want to be situated and ready

y’know they’re not gonna do something stupid um so its like we- (.) we knew that unless-

unless mid was a wipe and we were- and- and their medic lived um if those two variables um

were met and we would go en- we would go heavy otherwise y’know if we lose mid but we’re

ki- like its gonna be a trickle to last we’re going engie, if we lose second in a decent fight we’re

gonna have time to go engie like if we had forty seconds we were going engie so we- we



would settle for a level two and then know that its impossible to push into that and we would

have time to upgrade it after that initial attempt if- if they did that.

Interviewer: Great, um wh- we’ll- uh present a couple of hypotheticals again for this decision um and we’ll

start with the sort of the experience umm with uh the alternative for novices um last holds

um- would you expect them to follow a similar template to what you were doing um would

they make the same or similar decisions or would you expect something different?

IMP4307: Probably? I would- I would expect them to try and go engineer um I wouldn’t expect them as

much to (.) be as like intentional as [Friendly Engineer] was cause like when [they] was playing

engineer [they] was like playing a (racing?) game like [they] was taking corners [they] was-

[they] was like down to the like as much time as [they] could shave off to get it- to get [their]

gun where [they] wanted it with what [they] could get it like [they] was doing that. So I dont

think it would have been as intentional but like the strategy of like ‘well we’re kind of screwed

at last here like we need to get engie’ like that- that is like the most open strategy that like

exists um so I think like a lower level team would probably use that strategy but worse

((Laughing)) they would- they would try to do it but i- it- it would just, y’know, it- it is a matter

of if you've played engineer on Metalworks five hundred times like you’re gonna be- you’re

gonna know if you have time or not just (.) you’ve like- by pressing tab for a quarter of a

second like you’re gonna know if you can go engie or not whereas with a new team it's like

‘well this is the only thing i know how to do is to go engineer or maybe heavy but I don’t

know what those circumstances are’ or at least not deep enough to have- have a high success

rate like [Friendly Engineer] did.

Interviewer: Yeah, um in the event that your team did wipe and their medic stayed alive on mid um what

would be the sort of general strategy both as a team and for you- your role specifically?

IMP4307: Yeah, default strategy as a team is (.) to just make sure that we’re all on the same page like

‘we’re going heavy for a desperation last hold’ which we all know when we say desperation

last hold like we’re not gonna hold it, we’re just hoping that the other team messes up which

at this point i- their not gonna mess up like, cause they’re good- they’re all good ((Laughing))

um so that desperation last hold, we don’t care, we’re talking about the next mid like theres

no- to raise that like five percent chance of holding last which is just generous- to raise that

three percent chance of holding last to a four percent chance of holding last, that like in our

brains wasn’t as important as like ‘what the fuck did we just do on that last mid to-’

((Laughing)) sorry can I swear? Like ‘what did we just do on that mid to like to- to mess up so

badly that we find ourselves in this situation and what will we do next round to fix it?’ not so

much like ‘we can do it team, we can hold this last’ like no you can’t. You can’t. If the team

that you are playing is good, you can’t. So um you- you can hope that they have their

once-in-a-season whoops-a-doozie but like they’re not going to, not in the playoffs so- so- so

the mentality is ‘what do we do, like what do we do next?’ and that was- that was like the

general thing um that we just talked about earlier in the season about like ‘what are we

gonna do to intentionally not, like, tilt’ because we were very much like a fun team that

turned good ((Laughing)) um so it was just like ‘what do we, what do we do, what do we do

next’ and- and its gen- generally like our demo’s saying [they] needs support better and then

us saying what we can do to fix that cause like- especially on Metalworks but also on like

every mid, thats just how it works but like on Metalworks its super easy to get bombed if

somebodys like a few units too far away um so and then thats just- it worked usually um

which is why we did it so- never caring about what was happening ((Laughing)) we’re just

calling damage numbers and stuff but like it was much more like using that thirty seconds of

them all running to us to figure our what we’re doing next.



Interviewer: Right, um and then we’ll sort of do uh- talk about transitions a bit, again following the same

process um just for my clarification uh transitions- when we’re referring to the concepts of

transitions that is being able to move from one point to another, whether that's pushing or

holding. It's being able to make the decision to move your team from one point to another,

correct?

IMP4307: (.) Yeah, I (.) Yes. um. (.) In- in the way that I think about the game is just a tiny bit more broad

but I can go by your definition, that's fine.

Interviewer: I would- I would be happy to go with your definition.

IMP4307: Cause I just- I just think of control points as just like one more tier of advantage, right like

cause you get your spawn advantage, you get your positioning advantage, you get your

overall round odds of winning are higher the further along you are, um so like if I’m- (.) a

transition is- is not just like taking a point, a transition is like taking a point and also

conceptualising what we just lost in exchange for that point and like m- moving forward and

doing our best to roll those advantages forward um like, that whole like leapfrog mentality of

transition fights, uh like I do it if I need to when I’m maincalling but I’m never trying to get one

point, like that- it- when I’m maincalling i- it's never my goal to get one more point and then

like lose uber advantage and then lose that point again um so i- it- like your- your definition,

yes, is- is what a transition fight is but like more specifically in my brain transition is just like

one more advantage/disadvantage like I don’t think of it as like an event its just- its on the

same playing field as every other advantage um and you can utilise that momentum in that

transition as an advantage. I dunno if that makes any sense.

Interviewer: Yeah, no that- that makes complete sense, so what was it about this match particularly that

made the concept of transition stand out to you?

IMP4307: (.) We were just like locked in, um for having for four hours exceptionally locked in um like we

got better as the night progressed and I feel like the other team um- they won game two but

it was Granary and we all hate Granary ((Laughing)) we just hated Granary. Um, so we- like

that was their pick um and Metal was obviously our third pick because we- we knew it was

gonna work um but it's just like we were getting better and better and- and having fun so

that's what that team did like we just had fun whereas the other team y’know four and a half

hours in ((Laughing)) it's not fun um and so those transition fights when you’re having fun,

when your team is locked in and you’re playing the same way you’ve played for a year

together um those transitions are just going to go better then a team that's all mad at- at

each other and not thinking ahead but thinking back um- yeah we think back but like not

rage-thinking back, what-can-we-improve-thinking back um (.) and that's just like our

transition fights it was like by that point in the season like I’m- I maincalled- I didn’t have to

maincall anything like its just when- when you’re that locked in with the team, like your just

locked in um so I don’t- (.) like transition wise we just played really cleanly um and and slowly

y’know, progressed forward and then once we had progressed forward enough we knew that

we were gonna win the round. So it was not like- it wasn't stressful, it wasn't- we didn't have

anything like planned out other than stuff we know just works in scrims like certain push

directions, things like that um we’re just playing clean classic tech game um I don’t- I can’t

recall a specific transition out of that game, I just like- all I remember is that it was clean and it

was good and we played really well um and then we got to where we knew we were going to

be successful which was easier cause we knew we were gonna be successful at point four, not

point five so it was like- it was like playing the game on easy mode.

Interviewer: The um what-



IMP4307: ((Overlapping)) Oh and the last thing is that during those transitions we knew that we could

fall back to last if we needed to and we would be fine um so its like- that also just adds

another layer of security like, if theres a high- like a decent probability of second going really

bad and we were just like ‘well lets do our best but if like we need to leave or die fast enough

to get a respawn wave like we’re just gonna do that’ um so its like easy padding on both ends

cause Metalworks has- I- in my opinion like has more areas that you have to grab before last

so it kind of condense the map down to a normal 5CP cause I always think of house as a

separate thing you have to take that isnt gonna change spawn or anything but like position

wise thats a whole other area just like a control point is on those maps so(.)

Interviewer: So with a- with a transition fight uh the sort of the call to y’know, take a fight ont- sor- onto

the next point and things like that um-

IMP4307: While you ask this, I’m just gonna adjust my desk down cause I’ve been standing all day.

Interviewer: Nice, um how long does it actually sort of take for you to make that call, so what- what is the

sort of timeframe between you making th- like recognising the circumstances that warrant a

push to you actually saying ‘lets do this push’?

IMP4307: We were a very fast team, so we would- generally me- I would make a call as just a broad

thing, it would look- it wouldn’t be instructions- I know some people like to give instructions

((Laughing)) maincalling uh, mine was just ‘lets go’ so everybody is on the same page like uh

‘we’re doing it’ like we can all press tab we all know the information we don’t need to talk

about what we’re gonna do so I would say ‘let's go’ so everybody would press W or go ahead

and start jumping um and then while after that ‘let's go’ instruction um or call, unless it was

immediately countered which we trusted each other to only counter if like theres some

fundamental piece of knowledge that I just don’t have so i- its a rare countercall would

happen but generally its just (.) ‘lets go’ and then I would say which direction me and the

medic were going and people would just press tab, look around, know what needs to happen

um and get going so- so calls for pushes for us were like- like uh less than a second decision

um because we all trusted each other that like if we need to cancel, we need to cancel, that's

fine um but generally if you are moving fast especially and- and like I’ve been saying it a

bunch but like ESEA TF2 was so slow in 2015, if you all are moving with a purpose it doesn't

matter what that purpose is, you’re gonna win that fight ((Laughing)) um especially if you

have two scouts that can aim which again in 2015 was not as much a thing um so it's just like

(.) calls to go, like calls to push into an area that was within a second and then within a couple

of seconds my team knew where I was going and then generally if the demo was going a

different route from us [they] would announce um but uh other than that like people just

filled gaps and- and knew what each other were going to do and what worked well.

Interviewer: Cool, um what would you be hearing or seeing that would help you make that call, to say ‘let-

lets go’? Sort of what were you taking in, what sort- sorts of bits of information that's going

like ‘big flag all- all clear lets go’?

IMP4307: Its all the numbers, and I- I wish I had a better- I guess that is a good answer so I’m gonna give

it um its- its all those advantages and once, y’know, if you’ve been playing for six months then

you don’t know what a slight uber disadvantage but these specific players being dead and this

specific ad- like position and spawns and y’know clip and like tiny little- but like if you’ve just

been playing for years and especially if you have been on a team with a group for a year um

its just like theres- theres just a breaking point where your numbers are good enough versus

their numbers to where if- if our likelihood of winning a fight is like higher than like two-thirds

we’re always going to take that fight, if its higher than one-half we’re almost always going to

take that fight and just be a little more like conservative and back off um and so it was our



goal to always really really push the envelope to like- take those fifty percent chance fights-

this is- this is my maincalling brain now like this is not what- maybe not what everybody was

thinking but I hope kind of everybody was on the same page and I guess they were because

they did it really well. Um but like taking those fifty-percent winrates and doing them and

being aggressive and on the same page and hitting shots in a way that like we can turn those

fifty percent advantage fights really quickly in like the first five seconds of the fight into

seventy percent advantage fights and like if we have a seventy percent win rate, what can we

do to like immediately like stop thinking about this point cause like we got seventy percent

chance of getting this point like we’re fine, um like math wise as long as we don’t give them

seventy percent advantage points like this is fine what can we do to trade that extra twenty

percent now to get the next point um cause thats- thats really when those transition fights

like just starts rolling in your favour and you can just push forward really aggressively um,

especially on um Metalworks and Granary are the two maps that I think about this way thats

just like- theres so many like intermediate areas that you need to take, like its not like Process

where theres really like two and a half spots on your way to mid, theres like multiple areas

that you have to slowly take and make sure that you have before you can move to the next

one, um so its just like- when the map is that long you have more wiggle room to work with

so we take those fifty percent chance fights, once we know that we’re going to be fine at last

we can take those fifty percent chance fights and w- we- we just know we need to get almost

to their last and we’re fine. Um so that's like my maincall brain thinking about transitions, that

is not how I teach a newbie mix ((Laughing)) but uh thats- thats how I always- not always-

after about late 2014s I started to think about the game, I was like (.) two years in and I was

really bad throughout 2014 and then I got on this team and really kind of honed that and

figured out those numbers and then I quit so I didn’t fail college ((Laughing)) so who knows

what would’ve happened, but thats-.

Interviewer: ((Overlapping)) The (.) yeah, the um what's- what would be interesting i- again sort of if we

think about a hypothetical um novice is (.) in- in- in terms uh (.) many players that I would

imagine, feel free to correct me, would be able to react to a blatant advantage, something like

uh player advantage, uber advantage. With novices do you think there is- or would they make

similar decisions to how you would be playing transitions or, more accurately, what would be

the difference between their call to transition and yours?

IMP4307: Yeah, I think novices, and this comes from like coaching like hundreds of newbie mixes

((Laughing)) in my developmental years, its just like they take those eighty percent winrates

and do their very best to bring that percentage down as much as they can ((Laughing)) um its

just like y’know if- if they lose a player and so a situation on Metalworks like if they lose a- if

we have mid and they lose a player like in my brain we’re winning that round like uh

((Laughing)) I don’t- I don’t- at that point the- the percentage chance of us winning that round

is- is pretty high in my brain uh (.) for them its like ‘what can we do to like push into house’

((Laughing)) and then y’know they- they have a discussion with their team and then they lose

a player that was on the flank like an idiot and then like suddenly they can’t do anything with

it um whereas for like- for like us its like ‘oh they just lost like a scout lets like kill the other

flank player and then like push and win second which means we win this round’ like based on

what we’ve talked about um its just a matter of like urgency and its not that they aren’t

urgent with it, its just that they dont know how to be cause if- if- I’ve seen that situation a

hundred times at their level and then a hundred times after having gone through that

experience and little faster and then another hundred times like- like faster and better

opponents its just like the way that you think about it, just out of necessity cause you lose if

you keep playing like that ((Laughing)) at higher levels um you just- you have to think about it



as just like ‘okay they’re down one, what do we do to uh snowball this to get this next area,

but also whilst we’re getting this next area make sure that they are still down one from

another player so that they stay down one, like what can we keep doing to roll this advantage

forward’ um and obviously it doesnt always work out that way, but to me we can take risks as

long as like they aren’t stupid risks, like I never take less than fifty percent chance fight unless

we’re like down rounds um but its like we can take risks as long as we like end up back at the

mid point and like can kill one of their players to go back to that same situation like I’m fine

um whereas I think that (.) lower level players are like ‘what can we do to really slowly push

and make sure we all stay alive and we all have our buff- oh there are six players alive again’

y’know that's just like kinda it's not that they don’t want to do it, it's just that it takes us less

than a second to decide to go forward whereas in a lower level team theres- theres a

discussion ((Laughing)) and there's a maincaller that says ‘lets- let's go’ but there's a medic

like ‘no we’re still- we’re still seventy percent uber so we can push yet’ like its just y’know. It's

just a different, it's a different level of urgency that comes out of both experience and

necessity because if you don't play that way at a higher level you just- you lose.

Interviewer: Cool, um I think that gives us-

IMP4307: ((Overlapping)) Maybe y’know people don't actively think about it that way always, like a lot

of maincallers do but like a lot of players are just like- that's just how your brain gets wired at

that point, its not- (.) when I’m playing the game I’m not thinking about that I just know what

I need to do to keep that probability up and keep pushing forward I don’t- I’m not y’know-

there's not a schematic in my brain going- I just say ‘lets go forward, I’m going to take alley’

y’know I don't- ((Laughing)) its so- it's just y’know that’s- thats whats going on in my brain in

demo reviews so that I can make sure that whatever I did, whatever like weird pathway my

brain took just on what feels like instinct mak- like just checking that and making sure that it's

good. It's like everything I’m saying is just like stuff that just happens as a team unit, it's not

something that I’m actively thinking during the game cause that would be weird, I would not

hit any rockets ((Laughing)) if I had to think about all that.

Interviewer: Right um we’ll sort of wrap up the sort of interview um section um, what I would like to do

though before we end is to just ask for any sort of additional comments that you think you

want to sort of bring up as a result of what you’ve just discussed?

IMP4307: Mm-hmm (.) let me think. ((Pause)) Yeah I- I think that the other like- as far as other things

that I always like to mention when I’m telling people about how I think about the game um

but didn’t get an opportunity to here um, the dorkiest one is the advantage that I like to nerd

out about um which is like an angular advantage as a soldier um if I can shoot a rocket on the

diagonal of the map in Hammer as opposed to straight on then the hit- the collision hitbox is

bigger so like normal players don't think about that but like higher level players either think

about that or just like know that if I’m standing here and somebody else is standing here I

have a better chance of hitting them um the (.) the team thing, I didn’t mention our roamer

cause [they] just played [their] role so well that I never even like thought about [them]

((Laughing)) I would like go back and watch that demo and be like ‘that was a great idea, that

was awesome what you did there’ um [they] was so good and y’know played roamer really

well at a time where most roamers didn’t know what they were doing um and then yeah as

far as like theory stuff I’ve pretty much covered it um I’m trying to think of anything we did

compared to the novices but I think we did a pretty good job with that um caus- cause I

always try to- cause I always ran those north american newbie mixes for so long I always try to

get in the brain of the little baby players um which sometimes was not a fun experience for

my brain but um yeah I that we we- we covered pretty much everything that I would want to

cover.



Interviewer: Alright, cool in that case I’ll quickly end the recording now.

[END OF RECORDING]



[START OF RECORDING]

Interviewer: Now. Um again, this is all going to be like only for my own benefit, so we can go from here. So,

uh can you think of a match within the last 12 months or recently that was particularly

challenging? So this is a match where your skills were tested or was particularly memorable.

P4553: Yes. Should I describe, like when the match happened and what was the scenario?

Interviewer: Yeah, so just a short summary of the match, just context and maybe a little bit of what

happened.

P4553: It was the grand finals of the [Division] in the season [number].

Interviewer: Okay, so what was the general outcomes of that match? What happened? Why was it

particularly memorable to you?

P4553: We were not the favourites to win the match. We were the underdogs and the people didn't

expect us to win, but we managed to win in two maps like it didn't go to a best of three. And I

remember that like in terms of decision making, I did have mistakes but nothing too crucial to

like cost the match or anything of that sort. But I did have a few moments where I think

changed the outcome of the game.

Interviewer: OK, so is there a particular map in that series that stands out to you?

P4553: Yes, it was the second map, Snakewater

Interviewer: OK, so I think if we pick Snakewater, if that's the one that particularly is memorable to you;

what I'm going to ask you to do now is in as much detail as you can remember- don't worry if

you can't remember everything or you can't remember too much, just in as much detail as

you can remember, try to recall the match from the beginning to the end. Um and during

that, if there's any sort of key moments that you think stand out, try to point them out. And

I'm not going to try and interrupt at any time unless I sort of need to clarify something. But

yeah, if you can sort of recall that in as much detail as you can sort of let you start.

P4553: OK. So for what I remember from the match, I'll talk in general. I don't remember too many

specifics, but it was a very slow match, where both teams try to make as little mistakes as

possible. And it took a very long time for any team to have a good attempt at capping last.

Like teams generally didn't have the ability to have an ad for a last push so- and even when

they did, like the other team was well prepared for it and still didn't manage to cap. There

were two moments in that game that I remember really well. Well, three if you count kind of

a mistake that they did that almost cost us. Well, it did cost us not being able to capture the

last point. And that moment was when we pushed last with an uber ad, I remember my

demo. [they] focused the enemy demo and [they] popped [them] in the air. And I ignored it.

We pushed from the right side of the last and they popped [them] in the air and I thought

that [they] will kill [them] because he's trapped in the right side. So I went left with the medic

and I tried to focus the left side and we weren't fast enough to kill players. I don't think we

managed to kill the demo because we didn't kill the demo. We didn't have time on the cap

because we didn't have time with the cap. They managed- they managed to regroup and win

the fight. So that's one moment I remember, I think what led to that push was them having an

uber ad when they were pushing from second to mid. And the Uber ad wasn't very big and

me and my medic were holding a pretty decent position like we were ready to fall out- out of

the Uber. And we because we almost had Uber and because the game was still zero- 0-0, we

wanted to get an advantage and we pushed in with the Uber. So it was basically only me, my

demo and my medic against six players. And we managed to kill everyone- like wipe. So that

was on mid so we capped second for free, and we had the uber ad and then basically what



happened was what I described it in the first scenario where we didn't manage to cap the

point. Another moment that I remember is them having a good uber on mid. It was an

exchange like uber trade and my medic died during the uber trade and I managed to kind of

salvage the situation. I think I killed the demo, both scouts and then the demo respawn with

the medic, and [they] tried to block the midpoint like [they] jumped on the midpoint. And I

noticed that there was a crossbow shot from choke towards the demo, and the demo left the

medic. So I kind of left the point to go for the medic and I killed [them], which led to another

uber ad push. I don't remember if we capped afterwards, but during the match we did

manage to cap once like we, we got one- one round on the board. And at the end, like

towards the end of the match, I remember that they had an uber ad push towards the last. I

think it was uber ad, maybe it was equal ubers or we were very- no we were very close to an

uber but they had a slight ad. And they pushed towards last and like towards the last seconds

of the game, we managed to kill them so they didn't get a round on the board and the game

ended uh one zero.

Interviewer: Right. And you it sort of held that last second. Cool. So what I was doing whilst you were sort

of recalling that is- I'm just making quick notes on sort of a general timeline. I'm sort of going

to run through that at a sort of broad level to make sure I've touched all the points that you

want me to mention. So this was sort of a slow match where both teams wanted to make as

little mistakes as possible. And that was sort of you sort of point out, I think, four moments

that were quite interesting. So there was the enemy's pushing last with uber ad. Or, you- or

you pushed last with uber ad and your demo was popped up into the air. On the right hand

side,

P4553: The enemy demo.

Interviewer: The enemy demo was popped into the air on the right hand side. You just sort of ignored

[them] to sort of play left side. As a team, you said, wasn't fast enough to kill the players and

that allowed them to sort of like, sort of play like essentially kite you and then sort of play

together and sort of beat that exchange. Um then just before that, which prompted you to

push last with uber ad, uh the enemy tried to push second to mid with uber ad. You initially

played passive and then you sort of won a 3v6, it sounded like.

P4553: Yeah.

Interviewer: Then sort of later on there was or at least another point was the enemy had a good Uber

exchange. You salvaged it by sort of killing the demo and two scouts. The demo tried to block

the point again. You noticed a crossbow shot and then use the opportunity to actually push

the medic while the demo is trying to block point. Was that right?

P4553: Yes.

Interviewer: And then the last thing was the hold on the last second Uber push. They had like slight Ad and

they tried to push it into that at the last minute. And you sort of held that point, meaning the

match ended one zero. Was there anything else that sort of immediately comes to mind from

that?

P4553: I don't think so.

Interviewer: So would you like to sort of look back at the logs of this if that's something you could find?

And if you wanted to do that, you can sort of find it and then sort of look at the round by

round thing on that, see if that jogs- jogs your memory at all. But I think we've got enough

here that we can sort of talk about. Um that's up to you.



P4553: Yeah, I'm looking at the log now. It doesn't really bring much to mind. I guess there was

another moment where I played sniper and I slowly got like three picks, but we had a poor

uber exchange. It was when we pushed our last and we struggled like both teams struggled to

push last, us especially. We had a lot of opportunities like not good opportunities, but we

were holding their second and we needed to push into last. So eventually I went sniper. I

think I got like three picks in one of the times, which I remember. Yeah, um, I think I got a

sniper, a demo and then a soldier. But during that, we had an uber exchange in lobby and it

was very unfavourable for us. And we basically, I think, lost everyone during that.

Interviewer: Right. OK, so what I'll run through is sort of talk about the main sort of points you talked

about and then sort of pick two to three of them. So we have we have the enemy winning the

3v6 teamfight. The sort of the pushing last ignoring demo sort of losing the fight. You have

the- the demo trying to block point, you sort of noticing the crossbow shot and pushing the

medic, you have the last- sort of last second uber push from the enemy that you sort of held

off and the picks on sniper, which ones do you think you could- not necessarily recall, but

think there's- that you could discuss or think- or you personally believe would be interesting

to talk about.

P4553: I think the both of the moments on mid. One where we uber 3v6 and the other one where I

go for the medic. Yep.

Interviewer: So those two definitely. Were any of the other ones something you think could be quite

useful? Or did you just want to stick with those two?

P4553: I prefer to stick to those two. I just kind of recall those when I look back at it, but they weren't

memorable in the match itself.

Interviewer: OK, so we'll go with those two then. But we'll sort of go through them in a little more detail.

Um so what I'm going to do now is I'm gonna go through each of the decisions and ask you a

set of questions about that and then just sort of, you know, give me your honest thoughts and

we'll sort of go from there. So we'll start with the 3v6 teamfight. You sort of mentioned

earlier on that they were pushing with Uber ad and you sort of made the decision to play

passively initially. What were you seeing or hearing as a player, either from your teammates

or from what you see in the game that helped you decide to play passively?

P4553: So I can kind of explain my thought process. In the beginning of the season me and my medic

were often caught off guard by uber advantages, we were not holding positions. We didn't

play for a long time and the meta kind of changed were in every uber situation, uh teams

push with the demo. And the demo can cover a lot of distance really fast. So if you don't hold

far away enough in uber ad situations, you will- in uber disad situations, you will lose your

medic, which is one of the key targets. So counting the Ubers and knowing how much they

have and knowing how much we have. But while we were holding mid, I told my medic to

hold inside of saw and I was holding outside of saw, like kind of building uber while they were

coming in and the calls were basically to just kind of try to spam them to make sure they use.

And in the process, we lost three players. So afterwards, I was kind of hesitant to push back

because I knew it would be hard, but I think my medic called to go for it because we have to.

And luckily, they were really caught off guard with it. Their positioning was really poor and

they were unprepared for it. So they died one by one.

Interviewer: So as a player sort of in this sort of strategy that you sort of decide to do this idea of playing

passively and then sort of catching them off guard with their positioning. What were your

specific goals? I know that sounds like an obvious question. But, um what were your specific

goals in that moment?



P4553: Well, understanding that the key factor to us winning is making sure our medic stays alive, so

the initial positioning, like the passive positioning, is just to ensure that our medic doesn't die

to an uber, because that would- if [they] died in that situation, we will probably lose the

round. So that's why we held there. And the other one where we started pushing afterwards

was basically me trusting the medic like [they] called it, even if he's not the main caller in the

team. [they] called it, and I trusted the decision and we went for it.

Interviewer: So was this- was this moment, this scenario that you were encountering- was this something

that was familiar to you? Was this something you had an existing plan for or was this quite a

on the fly, creative decision?

P4553: The passive holding is something that we kind of started doing very often in scrims as because

of what we encountered and the experiences we had. But pushing back was something that

we basically never really done in that way. It was kind of in the moment where we felt like we

can probably do it.

Interviewer: Right, and your experience as a sort of a player in your role at that level, do you think that

was helpful in you, not just following you- following your medic's call, but also sort of how

you played that team fight? Do you think that your experience was helpful there?

P4553: Well, I can- I don't know if it counts, but I kind of hit my shots. Like, where it counted. Like it

was, if I wouldn't hit most of my shots, we would probably not win that fight.

Interviewer: So in that scenario, you sort of you had a general strategy that you were following, then your

med made the call to sort of push in and sort of you know, this idea of catching them off

guard. And then at that- at that point it was about your mechanical ability, right?

P4553: Yes.

Speaker: Okay. What would be the likely mistake? Aside from you missing your shot, what would be a

likely mistake that you as a team could make by sort of taking that fight. Because from the

sounds of it, taking a 3v6 isn't usually recommended. So what would be the sort of worst case

scenario, kind of- of that fight, you know, you make this decision to push this 3v6. What's the

worst possible outcome?

P4553: The worst possible outcome was them being prepared for the push like being super careful

and thinking "Oh, they have the huge ad, even though there are three players they might

push in. We need to bait them or try to kite the Uber". And if they would do that, like the best

case scenario would be us being able to run away with our Uber to last and then the medic

survives and it's kind of equal ubers. And the worst case scenario is us being on the point and

then being sandwiched like from all sides and we have nowhere to go.

Interviewer: I see, so what I'm going to do now, I'm going to sort of present a couple of hypotheticals, so

I'm going to ask you to sort of think about that scenario from slightly different perspectives.

Um in the event- because you play it sort of the level you do, in the event that someone in a

lower division or even like a novice, someone coming into the game competitively or, you

know, has one or two seasons behind them. If they were in the situation that you were

experiencing, would they make the same decision as you or would you expect them to make a

different decision?

P4553: I would probably expect them to make a different decision, like it was quite an unsafe

decision to make at that moment.

Interviewer: So, why- why specifically, do you think their decision would be different because of- because

it seems like it's because it's quite a unique incident. So why- why would their decision be

different from yours.



P4553: In scrims you never really go for that's like you try to play safe, you try to play in the way that

you would want to play in officials. But in an actual official, when you were being pushed to

the corner and you understand you need to pull something off and like do something special,

then you'll have to go for it. People with less experience might be more afraid of going for

that kind of play because it means "Oh, I messed up and we died and I lose the round because

of it. I don't want to be the reason why my team loses the round like because of my decision".

So they might be afraid because of that.

Interviewer: Right, okay. So when would you start expecting sort of players to demonstrate some of that-

this more creative kind of thinking? Um because if we're talking about like novice novices and

then sort of towards prem, where would you expect that sort of- that confidence to take that

sort of fight would occur? And sort of why?

P4553: I think it depends less on the division and more on how long the player has been leading a

team. Like when you are leading a team, at the beginning you're playing as safe as possible,

but slowly you will start to understand what can work potentially, because you try and

experiment and through experimentation, you understand what is possible. So in some uber

ad situations, you might be able to do that, but not this. And so it really depends on the

experience of the shot caller or main caller or like the person that is leading the team. So it- I

think it can be in most divisions, but probably starting from mid.

Interviewer: So sort of a good level of experience, sort of awareness of their own playstyle and their team,

then they can start to experiment more creative thinking. Okay. So let's present another sort

of hypothetical. Taking that moment where you have this 3v6 scenario. If instead of having

your medic alive, you had potentially more players, but no medic. So you take a 4v6, but your

medic and a soldier dies, would you still make the same decision to- or would you expect to

make the same decision to sort of push in and sort of catch them off guard?

P4553: Probably more likely.

Interviewer: Okay, so you would actually sort of still push- do that just without the medic?

P4553: Yeah, like doing it with the medic is a huge risk. But when your medic dies and the enemy

medic has an Uber ad, it's something that they can use to snowball and uh push to last point.

So it would be very crucial to get the medic in that situation, so they won't have an ad. So it

would probably be more likely to push 4v6, but without a medic.

Interviewer: So the actual the decision you made as a team to push with the medic in this 3v6 scenario, it

was actually quite- very, very against what is expected because, you know, in this alternative

scenario, we actually have more players alive but no medic, its actually a better idea to do

that then sort of what you initially had?

P4553: Yeah, for the most part, I try to play really safe. So in my opinion, like it's something that

looking back, I would probably not make in any scrim like I would definitely not make that

decision. But like in that situation, it was kind of forced and also my medic called it and a lot

of times like I can counter call and say "No, we shouldn't do it, it's probably not safe". But in

that moment, I trusted the call. I felt it was necessary.

Interviewer: Because they sort of- this play that was made was sort of a bit odd, I know we sort of talked

about a little bit. But what was sort of- what would be the alternative strategy- what would be

the strategy normally you would expect in that scenario,

P4553: Keep my med alive and make sure that no one can force [them]. So basically fall back to

second into a safe position like maybe balcony or inside of lobby and then push out to mid

when all of players respawn because we have a big ad.



Interviewer: Yeah. And the sort of the goal for that, you know, if you're playing more passively, you sort of

just back out sort of what is the- the goal as a team in making that decision as opposed to

what you ended up doing?

P4553: Well, the game revolves around having a uber advantage. So if we manage to keep our medic

alive, they'll have to respect it. So when all of our players respawn, we should be able to

either push mid for free without them being able to force us or if they are holding close

enough or like risky enough, we can use into them and try to get- like do the same thing they

did to us, basically, but try to also get the medic so we can snowball.

Interviewer: All right. Let's move on to the other- other sort of decision, and that was where the enemy

had a decent uber exchange on point. You sort of salvaged it by killing the demo and two

scouts, the demo comes back and tries to block point, you see a crossbow shot and you

decide to push the medic. So I'll start off with the question sort of what were you seeing or

hearing in this scenario? Or what information were you taking in that made you to make the

decisions that you did, whether that's starting with the uber exchange or for the more

specifically, this crossbow shot?

P4553: I'm hoping that I recall this correctly, but what happened was we had an uber trade and my

medic died immediately after the Uber trade. The demo was kind of out of position, and no

one was really shooting me, so I went for the demo and killed [them]. Afterwards, we had a

few players on the point as well, and so I cleaned up another scout and then I remember their

pocket soldier. [they] was trying to back cap our second point. While I was capping mid. So

basically, I think either one of my players died or two of them were like, went back. So I was

basically alone on the point. I 1v1'd another scout and then the demo respawned. So basically

now the situation is I think the medic survived the exchange, so they- either [they] survived or

respawned with the demo, I don't quite remember. So it's either equal ubers so even if we

cap mid, we can't really do anything on second or they have an uber ad, so they will be able

to push our second. So now I know that the demo has heals and- but I hear [them] jumping

forward and I also see a crossbow shot at the point. Like, I know the demo wants to block the

middle point because it gives them advantage in terms of spawns, like if they have the

midpoint, they spawn closer, so the fight is more favourable to them if we fight on mid. So I

knew [they] would go for the point and because the medic wasn't close enough to [them]

because the demo jumped away. I knew I can go for the medic and like, isolate [them] and

basically kill [them], right? And if I killed the medic in the situation, that's my sort of line of

thinking, if I killed the medic in that situation, my medic also respawns and we will have an ad

that ad will be very crucial to pushing uh second and snowballing to last.

Interviewer: Right, so was this a specific strategy or was this sort of a creative sort of- creative idea?

P4553: I think it's similar to the last time, like it's a risk that I took like I should have probably went

back to help my team maybe block second or meet up with my medic because I'm playing the

pocket scout role. But I knew that like- in order to win and to maximise our chances of

winning, I need to create some sort of advantage for my team. And I felt like I was doing well

mechanically. That game like well enough that I can go for something more risky to create an

advantage for my team.

Interviewer: So you sort of mentioned it a little bit um with going back to play with medic or going back to

fight second. What other- even if it's just those ones again, what other courses of actions

could you- or were available to you or you considered when you were sort of playing point

and hearing you know, you're seeing this demo start coming towards point, you're seeing this

crossbow shot. Um what sort of other courses of action could you take?



P4553: The first thought that popped into my head was like fighting the demo head on but I decided

against it. I think, like if I did it, it was a huge risk because the medic would join [them]. And if

I wouldn't kill [them] fast enough, like [they] would be healed up and I would probably die.

Like, there would be no situation where I'd get out of this. So that's the first thought that I

had, but then I quickly, like, decided against it.

Interviewer: So if you were in this scenario sort of again, it's a little bit of a hypothetical, but if you're in the

scenario again, would you believe that would be the incorrect decision to make? But- the

decision that you ended up making.

P4553: That's- that's a really good question. I'd say it's a 50/50 because it's a risky play. Like, if I die, it

might- well, it wouldn't be a crucial death because I'm not a medic but like it can give them

some sort of like advantage, Player Advantage. But at that point in time, in those stakes, I

think it was the right call.

Interviewer: Okay. So when you're seeing this crossbow shot specifically for my reference, you're on

snakewater mid and where's the crossbow fi- being fired from?

P4553: From the choke.

Interviewer: From the choke. Okay, so when you see this crossbow arrow, what is- what's- what- what's

going on in your mind to sort of figure out "oh okay, I can go for the med here". Sort of- why

does- why does seeing a crossbow in- in that specific trajectory allow you to make that

decision?

P4553: Well, a medic will usually not shoot a crossbow like randomly unless [they] has- unless [they]

doesn't have people to heal. So in that situation, like the demo is healed up, [they] jumped in.

I don't think there were any other players except for the demo in that situation. So [they]

doesn't need the crossbow. So if [they] pulls out the crossbow it means [they] doesn't have

anyone to heal and people are not close enough to protect [them].

Interviewer: Right. So because- because he's firing an arrow from that position to the demo. You know

[they] hasn't got anyone around [them], which means if you can just get past the demo, the

medics sort of on his own, right?

Speaker: Yes.

Interviewer: Okay. What was the sort of the time frame you had to make that decision? Because seeing a

crossbow bolt and a demo walking into you, that sounds like quite a tight time frame. So sort

of how quickly did you have to react and do that action?

P4553: Like between half a second and the second I think.

Interviewer: Right, and do you think your experience allowed you to make that decision quicker?

P4553: Yes, definitely.

Interviewer: Okay. Was- was this sort of a scenario you've encountered before or was this sort of "hey, this

is a new scenario, let's try a new strat"?

P4553: Well, this kind of scenario is something that I do go for in scrims, like when my medic dies, I

feel a bit more free to go for risky plays if I think they will pay off. So in that sort of situation, it

didn't feel like something new, I just had to quickly understand what was the situation like "oh

okay, the medic doesn't have anyone to heal I have to go for it like immediately".

Interviewer: So was this something- you sort of mentioned that you played it- do it occasionally in scrims?

Was there any specific moment or a match that you were like um- sort of like "Oh, this is like



that one match", you know? Or was it just very much a- you see this, you sort of draw that

conclusion, you just made that action?

P4553: Yeah. It's not something that happens exactly the same way in any other scrim. But the

situation itself, when you think about it is similar enough, like when your medic dies so you-

the thing is, it might not be as much of an instinct as like I put it out to be because in that

moment my brain goes "okay, my medic is dead I'm free to go for risks". So if I- so I'm

prepared for this kind of stuff to happen, like I mentally preparing myself- when I see it like I

don't really think about it too long, I immediately go for the risky play.

Interviewer: Okay, so it's not necessarily that you're it's- you're seeing this act- you've seen like a sequence

of events that's happening and going "Oh, it's just like that one time". It's more you're already

in a position- you're already in a mindset where you- you have to play a little more risky or

you want to play a little more risky, you see something that is familiar, not necessarily the

same, but familiar. You're like "oh okay, demos coming to contest point, I'm seeing an arrow

therefore the medics in this position". It's a familiar scenario that you can sort of predict what

you- like, what's going to happen in the next few seconds. And from that, you can start to

decide your actions. Is that sort of what you think was going on?

P4553: Yes, it's mainly was a mindset, in my opinion. Like, I would definitely not go for that- so- like

kind of play if my medic was alive.

Interviewer: Obviously, the concept to sort of- essentially walking past a player, another player, to go and

shoot the medic seems like a bit of a risky one, as you pointed out. Um aside from just

missing your shots um what do you think were other likely mistakes that you could make at

that moment?

P4553: (.) Well, a lot of times- I don't know if it's a mistake, but the enemy players can play better.

You know what I mean? Like if the demo was kind of thinking to [them]self "okay, I have heals

and that scout doesn't have hills", [they] would've probably either fall back or do something

really stupid in that moment. So if [they] was kind of prepared or stickied off like the side of

the point- when I was capping, I was kind of holding the back right side of the point, if you

know what I mean. So when- so when [they] pushed like, I kind of almost hugged kitchen and

then went immediately to the right side to the choke. So if the demo was kind of thinking

about that, [they] could have countered me. I think he- the medic also had a scout and a

soldier spawning a little bit after [them]. So if they would have gotten the better or like if I

miscalculated or something, I could have died to them.

Interviewer: Right. So it's not necessarily that you would make mistakes apart from missing your shots. It's

more that the players- the enemy players would be anticipating that potentially you might be

doing this and sort of prepare themselves. So for example, if the demos playing a bit slower,

playing with his heals or playing in a position that covers the med a bit more, then maybe you

couldn't go for that. Or, you know,

P4553: ((Overlapping)) I would probably die.

Interviewer: Yeah. Right. Okay.

P4553: A lot of times, like it's not about the mistakes that you could potentially be making, but what

happens like- because you're not playing against A.I. or like against bots or something, you're

playing against other people. So the outcome of the decisions you make really depends on

the people you play against.

Interviewer: Right, okay. So again, we'll sort of talk about the hypotheticals for this decision. Um and we'll

start with the novice, the sort of- in the scenario where you are a novice scout, you don't



have the experience you have now, you're- you're sort of a fresh face in the- in the

competitive scene. You're in this scenario where your meds died very early in an uber. Um

you know- you- you've- you've salvaged it and you're in this position, you're sitting in the

position you are, demos coming to block point and you see the crossbow shot. Or let's just,

you know, maybe you see the crossbow shot and the demo blocking point. Do you think that

a player- a novice would be making that decision to sort of push the medic?

P4553: (.) Hard to tell, but it really depends on playstyle of the player, like if he's more aggressive and

[they] would realise that [they] can go for the medic there than I think yes, if not I think [they]

would just leave.

Interviewer: Do you think that the- that the novice would actually recognise that the medics in that sort of

position? If he- if- if he's seeing an arrow, do you think he's making the same conclusions as

you?

P4553: It's hard, it's hard to say.

Interviewer: Okay. Um, so if we take that moment and sort of take it from a different angle, um you-

instead of a demo that dies and is coming up. It's a class that can actually deal in- deal with a

1v1 scenario a little easier, something like a soldier or something like a scout. Do you still

think you'd make that decision again?

P4553: Probably not.

Interviewer: So why would you not make the same decision?

P4553: The risk is higher, the reward stays the same, but the risk is higher.

Interviewer: So because this class can face a 1v1 scenario a little better. It's because it's more of a risk, it's

not worth that sort of- essentially what I'm sort of seeing is with especially with these riskier

plays, it's sort of you're weighing up the two outcomes. You know, you've got this big reward,

but what's the chance that it goes wrong. And if it, for instance, it tips in your favour, you go

for it. If it tips against you, you don't.

P4553: Yes.

Interviewer: Okay, so earlier you mentioned that one of the other actions you could do is go back and fight

second or fight the demo. So we'll start with going back to fight second. What would have

been the outcome, or the likely outcome, if you decide to go back and fight second and let

the demo medic just cap mid?

P4553: Well, they had mid and I was capping mid. What would probably happen? The soldier that

was back capping, like, I think [they] was being dealt with, so [they] would definitely die. I

would stay alive and the situation would kind of reset, I think, because they have the better

spawns we wouldn't be able to push mid easily. And because I think the uber situation were

the same, they couldn't really push being one down, like a soldier down. So the situation

would reset in their favour, having mid.

Interviewer: Okay, and we'll sort of present the other option you had, which was instead of fighting the

medic, fighting the demo. You sort of talked about it a little bit about sort of what could have

happened, but we'll sort of allow you to sort- talk about it in a bit more detail. What would

have been the likely outcome- or both the likely outcome and your goal in fighting the demo

one mid rather than the medic.

P4553: Well, the likely outcome would be me probably dying to the demo, like I have a hard time

imagining a situation, but I would be getting easily close enough to the demo to do significant



damage while the medic comes to his aid and helping and healing [them]. What was the

other question?

Interviewer: Sort of what would be your goal? So, you know, if you make the decision to go fight the demo,

what- what is- what is the goal there apart from just killing [them]?

P4553: Well, if I managed to kill the demo, like it's a pretty significant pick, and it would probably

help us fight uh mid when my team comes back. But yeah, it still goes kind of 50/50 like we

can contest the mid, but the fight goes 50/50 because the spawns are still for the advantage

and the demo can spawn mid-fight.

Interviewer: Right, okay. And I think that's covered most of the hypotheticals. What I'll give you an

opportunity to do now is to sort of make any last minute sort of comments on any of the-

either of the two decisions or just the match in general that you think would be worth talking

about in sort of a- just sort of any last minute comments.

P4553: I think like the most important things in those situations which help me is like confidence.

When I play without confidence, I miss more, I overanalyse and overthink stuff so I don't play

on the right pace. Like, if I play more by instinct than by how I feel and I make better decisions

because I'm more concentrated than the gameplay itself. But if I like doubt myself, I start

missing more and I can't go for these kind of plays. So if you're warmed up, if you know how

you're playing, you should be confident in making those kind of plays if they are needed. Like

weighing the cons and the pros and going for it.

Interviewer: Excellent. And I think that's it unless you've got anything else you wanted to add.

P4553: No.

Interviewer: OK, I'm going to-

[END OF RECORDING]



[START OF RECORDING]

Interviewer: Now, so that should be going ahead, and we'll sort of get started. So, can you think of a match

within the last 12 months, whether recently or sort of earlier on, um that was particularly

challenging or memorable to you? So this could be a match where your skills were tested or

that your experience as a player might have had a difference in how you played something or

just one that sticks in the mind.

P6690: Yeah so it was probably February this year. I was in a relatively new [Division] team, we were

pretty much put down to finish near the bottom of the table. And we were up against the

[Division] winners from the previous season just in the main season area, so two matches

round robin- um system. And um a long story short, is we managed to win the first map of-

out of the two, which was an enormous upset, all things considered and also a really big

achievement for us, considering it was my first season in [Division], as well as having a bit of a

sort of last minute team put together playing a slightly unorthodox game style compared to

other teams ((Laughing)). But, you know, it worked out for us so that- that's the match I've got

in mind.

Interviewer: Okay. So yeah, you've sort of given the short summary there and is that the match you sort of

want to go for?

P6690: Yeah, that's- that's what I'd like to talk about, yeah.

Interviewer: Okay. Excellent. So what I'm going to ask you to do now is recall the match in as much detail

as you can from beginning to end. So, you know, sort of that can be in chronological order or

in whatever order helps you remember it. Um what I ask is that you try and point out times in

which certain events or key decisions took place. So for instance, if you lost a couple of

rounds and then decided to "oh, let's change our strategy", you know, that's going to be sort

of quite interesting stuff, otherwise um I won't try to interrupt unless I need to clarify

something. Um but yeah, sort of whenever you're ready.

P6690: OK. So our game plan going into it was pretty much to just try and catch them out early with a

hyper aggressive mid plan and going from there. We wanted to take an ad all the way into last

and then try and slow down the game as much as possible. And pretty much keep the score

low, but with us in control. So we got to the first mid and you know, we- we went for the

game plan. I was playing medic, so my role in this was pretty much to try and just not die

((Laughing)). So, you know, successful in not dying, the team- we did win the midfight, but we

didn't kill the other team's medic. They just left so it became the first stalemate of the game.

Stalemates obviously being quite important because they're a turning point in the match, you

know how you break these, whether you can take an ubercharge on to the next point. So we

pretty much thought we'll put all the stoppers out straight away. [Friendly Pocket Soldier] just

goes straight on to spy, and this is slightly unorthodox how we kind of use this. But it was

rather than like in-game decision making with, you know, mechanically, we were playing like

mental games with the other team. So we immediately revealed to them that we had a spy.

Of course, you know, it's quite believable as well. And we go from that point and then I say in

chat, I type, I think about two and a half minutes later of us doing absolutely nothing. I type,

"I can't believe you actually did that". About five seconds later, maybe 10 seconds. I think

[Friendly Pocket Soldier] then drops [Opponent Medic], the other team's medic ((Laughing)).

Y'know, cause everyones getting quite agitated with just this two and a half minutes of us

being the one supposed to be making a play and absolutely nothing happening. No risks

taken, just sitting there typing at them. You know, it sounds so silly, but it's, you know,

sometimes to break this when teams are very organised, you have to play that kind of mental

side of it. So as soon as we got that drop, we- we went for, I think, a very aggressive push



through choke, actually, you know, as soon as we got it I think. The other team, knowing that

they were- they play a lot more by the book we expected them to go immediately quite

passive playing. So we were able to bust through that choke. I'm sort of shouting at people

specifically to slow down in certain areas because I don't want to have to lose players waste

this advantage that we've now created. So we take this point for free. The second last point.

Then we pretty much go straight through, I think. I think we left someone to finish the cap on

that and we just wanted to roll straight through into last. We pretty much just popped in

through- through one of the doors, I can remember exactly which. And it was just a textbook

last push and straight away we just had that one round up, which was our goal. And we're all,

you know- massive confidence boost, the [Division] winners, one round up within about four

or five minutes. That was quite- quite big for us. So we came to the next midfight.

Immediately on mid, we thought, you know, "it works well last time we won mid, worst case

is you know, we leave" because I was playing quite safely still throughout the previous mid.

You know, best case, we probably replicate it and just have another stalemate, which is fine

for us. But our soldiers just pulled something out of the bag and pretty much wiped them on

mid. And so we could then- we took our confidence and we just snowballed straight from mid

all the way to their last and took another round straight off the bat. So that was, you know, all

of us, the confidence just absolutely going, you know, it was- it was amazing. And I think it

was the next round where it's sort of- the confidence was getting so much the better of us

that again, we got to mid, we uh- I think it was this one that we did win mid, but their medic

lived, so we kind of pushed through onto last. And then I think we ended up taking a trade in

and out of last there. Just get the ubers out of the way because we just have this confidence

going. And you know, I would not normally go for aggressive trades on a last, but because of

this kind of situation going on, you know, I just agreed to it. I was prepared to just take this

trade, use the ubers, and make it happen. And then I think we were trading out a lot of

players at the time and so this was, I think, the most confident I've ever been in my life. We

had me still alive, we had a sniper and a demo and then the other team, they had a scout, a

soldier and a medic alive. But all of them were really weak and I knew this for a fact. I've

been- I used the ubersaw and not the head. So this is just based on my kind of tracking of

everything. And so I shout that I am running for the point because in that situation, I back

myself to either kill one of them because I was confident they're weak or if I don't kill them,

the rest of my team will because everyone on their team is just going to stare at this one

player running across last, trying to cap the last point. They have to give up their nice position

because it's a really tight enclosed area on Gullywash last. And so the rest of my team can just

kill them and win the game, and I will stand by to this day that I think that was the perfect

decision to make there. The rest of my team immediately shouted at me I was trolling and

throwing the game as they all sort of backed out. But, you know, looking in hindsight as well

at the health situations and stuff, I think that that could have been, you know, the opportunity

that you make that three nil right there and that would have, you know, curtains at that point

for the other team. I don't think there's any way like their- their confidence would just have

been broken completely at three nil. So ultimately, I did die and my team didn't come in, and

that was a turning point for us because their med lived, I died. So that then gives them the

opportunity to start, you know, pushing back out of last. I think that on that one, we pretty

much got snowballed back to mid. I got caught out on another play because, you know, that

was suddenly the moment that the confidence that we had, you know, it was sort of

dwindling a little bit as soon as it didn't work out. So we were sort of in the positions we

would be for these confidence plays, you know, I was a lot further in when we were at a

disadvantage. Normally I'd like to be kind of straight out of the fight as soon as it starts, but I

was staying in a bit longer, staying in with my team because they wanted to make things



happen. But the other team was starting to settle so then I get caught in the next play as well,

going from that one. And then I think after that, I have to check the logs here quickly just to

remind myself for that one, that we did get a med drop. I think [Friendly Scout] sniped out the

med when they were coming into- well, they were trying to push our last. They were on

second. I think they'd- so it was off our last I think [they] got the snipe. I might've

misremembered that, but that's what one I'm going with. Anyway, we got a med drop,

[Friendly Scout] got a med drop. So that immediately then sets up, you know, we held our last

with- with the two down, and it gives us the opportunity to start pushing back out on an uber

ad. So generally, it's quite a consistent way to push off last when they don't have a medic,

they don't have uber. And again, you know, I know how this team is going to play because

they're the [Division] winners, so they play in a very structured way. They don't do a lot of

what I'd call them funny plays, you know, Spice plays. They play a lot by the book, what's safe,

you know, how to always make an advantage or disadvantage. Pretty much extend the

advantage as long as they can without taking risks or reduce the disadvantage. So it takes a

really long time for us to push off. We might not use the uber pushing off, but we'll only take

one point of it or something. You know, that's always their game plan. So, you know, we're

trying- we're- we're able to then move off of last a lot more consistently and just take points

off something like a drop relatively quickly and relatively consistently because we just have

the confidence, I suppose, or rather the lack of fear of it going wrong a lot of the time.

Ultimately, I think the game does start to slow down from that point. I think that's sort of- it's

quite rare that we- we actually do contest their last. I don't think we back to their last at all,

that round. And I think we have some ubers always at different times. So we'll get forced

going in, then we'll leave, they'll get forced coming in. We kind of trade back and forwards a

little bit over a few points until they have an uber ad coming into our last and then ultimately

just win the round and then(.) Being a last of course, you know, as a medic in particular,

there's so little I can do in those situations to actually change the game. A lot of the time, you

know, it's just trying to track exactly where all of my spawners are any one time to maximise

the crit heals. That's all I can do. It's very rare that I can do anything else. So, you know, we do

lose that one and then it's two one. So the next midfight, I think we went in, we leave the

middle because it's not going well and then they- they managed to catch me with an uber

because I was not building well, I think 'cause the mid was going so badly. I spent a lot of it

just bowing players, so I wasn't building well. I think I got disconnected briefly as well and

that's all you really need to actually, you know, win a fight like that because I think [Opponent

Medic] uses the head as well. So [they] would have been able to just spot even if [they]

wasn't tracking that I was bowing a lot of people. [they] probably was- got a sightline and

spotted that I wasn't building uber well, which is, you know, one of the big advantages. Its

sort of a little bit of medic spice that people have ((Laughing)). So, you know, I like to be

confident that I'll just make bigger plays with the ubersaw, and I'll just trust that I have a

rough idea. Well, quite- quite a very good idea of ubers and health and stuff. But, you know,

not perfect because I can't actually see it like [they] could there. So even though I end up

dying when those ubers get traded out, I think they get a little bit overzealous with the

aftermath of their uber because I go down, they have an uber and they go too deep with it.

So we actually- well, the rest of my team in this case at least manages to crush them. You

know, that wins us an extra couple of points. I then have a slight ad because I died first. So we

want to keep that going. I think I missed- I did actually mistrack that one and it ended up as a

trade when we were going for something, but we won out the trade. This was- this was from

middle into their second. So we won out the trade in the end, caught their medic at the end

of it and then that created, well, an uber advantage so we could then take the ad into last.

And it was quite a kind of textbook last push again. You know, when you're taking an ad into



last, that's not a huge amount I can do other than making sure I use early. So I don't drop and

that's the big thing, even though this team is probably one that I would be- on Gullywash at

least more likely to just walk in through a door and not use because I kind of don't expect

them to have traps or sniper watching these doors. Generally, when playing with [Friendly

Demoman], you don't quite know what's going to happen sometimes so just, you know, use

the uber and that got us a third round. I can't remember a lot about the next round, except

we lost it ((Laughing)). So it came down to, I think, how long was this round- two and a half

minutes at the end, yep. This was a really, really intense one for us because we were two and

a half minutes left in the map, 3-2 up against the [Division] winners. So this is when the

confidence was gone, we were just sweating. It was, you know, "how do we not lose this?".

Because- perhaps that's what people always do. And there's a famous call that everyone says,

when you're in this position, "don't go to mid, don't go to mid". Everybody knows it and

obviously we said that I was actually half committing to that. You know, I did not really want

to go into mid fully because the biggest risk there is- if you lose your medic on mid and they

don't lose theirs, then you end up on uber disad last. And that is the worst thing you want in

the game when it's coming down to this kind of crunch point, you just want to slow down the

clock as much as possible. So we did lose the mid. we lost a lot of players there, I think, and

then the second off that as well, so we ended up on last. They went for an early trade

because there's so little time on the clock. You know, we're expecting this kind of trade. So I'm

not going to milk the uber in this situation because I don't want to risk losing health on my

players. I don't want to risk dropping players. I don't want to risk anything like that or even my

team just overextending post uber and getting caught when they're trying to catch people

outside the doors. I just want to trade that straight away because that's the best way to just

slow it down. In the post- fight that transpires out of that, I remember that they had a lot of

point pressure, so I jumped off top left, I jump to the point, I got I think an ubersaw off

[Enemy Soldier] and then I killed someone else as well with the crossbow. So I got two kills on

the point and it gave me an uber advantage. And then we were able to reset because they

lost a lot of players, but we still just sat there. There's about a minute left at this point, or

slightly less than a minute. I think it would have been 40 seconds because they had about

enough time to build an uber out with 10 seconds of the match to go. So that- that tiny bit at

the end there, I knew that I had ad. Funnily enough, looking back at their comms afterwards,

nobody called the fact that I had got ad out of that. So that was even huger for us, but it

meant that all we had to do was get that uber in about 25 seconds for us because I got the

saws and then just sit there and wait because we knew they were going to come in. And if

they came in early, we just use the uber and kill two or three of them and we win the game. If

they come in late obviously, that they have 10 seconds to then trade the ubers and then try

and get cap time on the point. So all we have to do is try and keep enough players alive when

this uber comes out that we can then throw the rest of my team at the point, you know, and

they don't cap and we win the game. That's it, because it's a hard 10 seconds when the games

over- the games over. It doesn't matter if they've got any cap time. So ultimately, they came in

early, they came in without uber. I use the uber, I think we got a pick- at least one pick. I can't

remember if they actually got uber out or not. I don't think they did get their uber out at all. I

think their med died just before they did. So, you know, I think that was a mistake from them,

but ultimately didn't matter because I got the saws. So we- we ended up winning the game,

they didn't take our point.

Interviewer: That was good. I liked that there was a lot of detail to that. Um so whilst you were doing that,

I was sort of writing just a couple of notes on my end, just ensure- it was a couple of stuff

there to sort of keep track of. I'll just sort of briefly sort of recap that. So this map in question

was particularly noteworthy because it was a big upset. You were sort of this bottom



[Division] team coming into- facing the previous [Division] champions and the fact you beat

them was sort of a particularly memorable moment. Early game, you sort of had this very

aggressive plan to win a couple rounds off the bat and then to sort of play a lot slower. You-

your first mid ends, you know, you win mid, but it ends up stalemating. You do this very

unorthodox sort of mental game with the spy, which ultimately sort of drops the med, you

recognised them as a team sort of tends to play by the book. Following the drop on the

medic, this becomes sort of a textbook last push, push with ad. You sort of- because mid was-

went well, you sort of decide to try and replicate it, but it actually turned out better than

expected because your soldiers were able to get a lot of picks and you're able to take that into

another quick round. You won the following mid and you- you decide with your confidence to

sort of take an aggressive uber trade onto last. And you believed based on sort of health and

sort of general sort of awareness like that the- the after uber fight was in your favour? So you

decide to sort of play the point with- which you believe was the right decision at the time, but

you essentially your team counter called it and didn't come with and following that because

you sort of had this confidence, you decide as a team you're sort of playing a bit more- I

wouldn't call it reckless, but a bit more aggressive than perhaps you(.)

P6690: ((Overlapping)) Reckless is probably the right word. Yeah ((Laughing)).

Interviewer: And that causes you to sort of lose a bit of ground. The sniper ends up dropping the med and

you're sort of again able to sort of gain ground off of that. Um, but the game starts to slow

down and it results in them getting them- um let- you sort of trade ubers back and forth and

sort of position points. And that eventually leads into just losing a round just on uber disad

loss on your own point. The following mid after that you sort of have this bad mid, you sort of

end up arrowing a lot, which they recognized as having more- they had uber ad essentially

because you have to arrow a lot, but they were- they themselves were a bit too reckless. They

got too aggressive and your team ended up winning the after fight even though you died

quite early on. Um, and that you sort of kept using those uber ads to sort of get another

round. Following that, you had this very quick round loss which led it to sort of 3-2 with a

couple of minutes left. So as a general strategy, you tried to play- um you wanted to sort of do

this play second instead of mid. Um, just not going to mid at all, but sounds like it's a bit of

disconnect there.

P6690: We sort of- we intended to go to mid, but we were ready to leave very quickly as soon as it

started going wrong.

Interviewer: Yeah. They decide to sort of take an early trade into last with the little time that they had, you

after the point- after the fight, the enemy had quite a lot of point pressure. So you decide to

fight point, you get a couple of saws and a kill. I think it was two kills?

P6690: I think I got two kills, yeah.

Interviewer: That gives you the uber advantage and then your strategy and just those dying seconds is just

play the uber ad. Either they have to come in early and you just use or they have to wait until

they get their uber, in which case there's barely any time to get the cap at all. Does that sort

of sound-

P6690: Yeah, that's that's a good-(.)

Interviewer: Excellent. So there's a lot there I think we can discuss. I think now is what we'll do is sort of

try and find uh two to three key moments that I think you could talk about or that stand out

to you. So I sort of let you- sort of think



P6690: I mean, the two key ones- major key ones would obviously be the confident play two nil up.

When I go to play the point, I suppose. I'd liken it to a Queen's Gambit, almost. And the other

one would be the ubersaw plays on last year, right, at the death of the game. Two wildly

contrasting situations, I suppose, one is sort of giving it everything to you know just hold off,

and the other just over- overflowing confidence. Let's, you know, "this is easy, let's just do it".

Interviewer: I- yeah, I think that their definitely to the one side- I think there's a lot more to it than just the

play that you did. So definitely those two, uh any of the others or do you just want to go with

those two?

P6690: I've got a couple of sort of thoughts about others, but I mean, if we go into detail with those

first, I suppose it's probably-

Interviewer: ((Overlapping)) So what we'll do now is we go through those ones in detail. And then

afterwards, I'll give you an opportunity to sort of very briefly talk about some of the others.

So we're going to- I'll start with the- the trying to play on last, sort of this aggressive uber

trade, after uber fight is in favour for your team and you decide to try and play point, but your

team sort of essentially counter calls it.

P6690: Yeah.

Interviewer: Interestingly enough, you sort of said it was what it was the perfect decision to make at the

time, but just team didn't come through there. So I think the first question I'll ask about that

is you sort of mentioned it a little bit about this idea that the after uber fight was in the

favour of your team. But what were you seeing or hearing that helped you decide that "we

should be playing point here"?

P6690: So the main things that can stop you playing point is the spam classes, demos the key one.

Soldiers are, you know, lesser so and then occasionally last- on a last, you'll have heavy

classes. Well, like a heavy, for example, or a sentry gun that, you know, they're the kind of

limitations. And one thing that your team can do to stop them from stopping you playing the

point is if you have classes like a demo up as well, who can sticky it off or- mostly the key

factor of the demo is if you're forcing the other team to go to a specific area, then your demo

is incredibly powerful because [they] has this really consistent high damage output. So what I

could see happening right there was I just seen [Enemy Scout] the scout- I should stop naming

these people to make your job easier.

Interviewer: ((Laughing)) No worries.

P6690: Scout was on the other side of the pillar right in front of the point, and I know he'd just taken

about 120 damage. [they] was really weak and the medic wasn't able to heal him. I think

because the soldier was in secret and I think the medic was above secret on top. So the

soldier was off beam, off health, and the medic was trying to then rotate to heal the scout.

Just get any sort of healing on him. And I knew at that instant if we hit any damage on that

scout whatsoever then [they] dies and then the soldier cannot block this point because of

[their] position, and the medic can't block the point because he's a medic. So, you know, we

have a sniper up in main and we have a demo there as well. I think the demo, [they] wouldn't

have had much loaded, if [they] had anything it was one or two, maybe like one sticky or

something. But in that situation, you know, the scout dies to one sticky. So my entire thought

process there with just looking at this scouts health, he's the key threat. If [they] gets healthy,

we cannot win this fight. So I just go to pull [them] out of that position where he's covered

from our demo. You know, my entire thought process is I will die here, but we are going to kill

that scout and then we're going to win the game. And if we kill a scout fast enough, I might

not die to him. Instead, I might die to the soldier, which is even better, because then you



know, you're pulling [them] out of [their] safe space to shoot something that's not really that

important, and he's just going to die to the rest of our teams down to- there. So it was those

key players positions that my team were in a position to shoot anything on last and they

were- they- they had to cover the objective so that- that reduces their positions. They had low

health, again that forces them to play in certain areas and that is what makes it so consistent

to be in there, you know, pulling just using your demo's power. And the sniper there is, I

suppose, just a kind of bonus. At the time, I think- I think [they] might have been on the

backpack rather than the SMG, but I don't think I really cared about that with my decision

making because I thought, you know, [they] just hits- hits a 50 damage shot. That's all you

need. Maybe if [they] had the SMG out, again it would have been slightly more consistent

damage so [they] could have kind of walked in and just helped out with it. You know, again,

just being something else to shoot, something else to pull this team out of their positions and

use our health advantage and positioning advantage. I think my team just weren't ready for

that at all though, they weren't tracking health, position, and were really just thinking at that

point "Oh, we failed to push. It's time to leave". And so even when I'm calling to go back in,

you know, it's trying to switch that entire brain pattern from "we've completely lost, we need

to leave" to "we need to be in right now, we need to just, you know, W key" ((Laughing)). As

well as, you know, trying to articulate exactly what my thought process is at the time. You

know, there was no chance in hell I was getting everything out there and so I probably used

the wrong kind of comms. I think I just said something along the lines of "I'm going to point,

get in". What I should have said was "shoot the scout", you know, "just- get in, shoot scout".

And that's it and that's all I needed to say, because when it- that guy goes down, they can

make their own decisions. But it was just trying to get that really clearly immediately through

to them, which I think is also slightly indicative of that season. I wasn't main calling because in

previous seasons I played soldier and I always main call for teams and this season I was

playing medic, playing a different style of the game to I'd normally call and be used to. And

weirdly enough, this play was very much in that sort of style than my usual style and my

team's position there was more in my usual style, not the team's style. So there's- so yeah,

there's a lot of kind of weird twists in that moment of what was going on. But yeah, definitely

if I'd like articulated the play a little bit better, I might have convinced them to be in and

actually contribute, and we'd have won the round, um instead of it then turning into a

massive throw of that round because I could have lived and we could have played, you know,

an equal uber situation on second, which is what most teams would do there, 'cause that's

the safest option. It's all about preserving your advantages as long as you can, reducing your-

their- your disadvantages to as little time as possible. So, you know, it was a high risk, high

reward play, which is quite rare.

Interviewer: OK. So what other sort of courses of action were available to you as a player rather than what

you ended up doing? You sort of alluded to a little bit about what your team ended up doing.

But if you were sort of mirroring your- what your team was sort of ended up doing, what

were you- what would be your next actions?

P6690: Well, what I'd have done, I'd have just left straight out main out off the floor and I'd have

gone to big door and I'd have met my spawners when they were just coming up, giving them

a crit buff. And then we would either contested second from big door if the other team had

come forwards. Or, you know, we'd have just had second for free and then reset- just reset

the play. You know, I'd have done uh very little actual thinking there if I just, you know, leave.

It's just almost like a flowchart: leave, get to this location, bring your spawners into the fight

and then, you know, we'll see what happens next. It would have just been another stalemate,



I think. I doubt the other team would have actually gone for anything off that, they would

have just been a total reset and all they have had to do is press the S key.

Interviewer: Um, the play that you ended up doing sort of was- seems quite novel, sort of a bit of a spur of

the moment, creative one was this- was this based on sort of any previous experiences or was

this just very much a on the fly, you recognize something new, and tried to do something

new?

P6690: I would say that as a medic player, some people call me a troll. I say I am very creative and

that comes with knowing what game play and game style the other team wants to do all the

time and knowing how they play. And by doing that, you can do things that any other time of

the game would be considered trolling. But in the moment, because you know that somebody

has low health, you can, you know, go for a- a silly bow on them or something. Or, you know,

you can run into a certain position because you know that players are going to come to you

and it makes space for the rest of your team. And these are very high risk plays. You know,

you could just play by the book completely and be really, really good at that. You know, most

of the best medics around do just play by the book, and they play by the book really well that

they will never make a mistake. So, you know, there's two sides to it. It's the fact that I will

make more mistakes as a result of this. But I'm also always looking for an opportunity where I

can actually change the flow of the game as a medic, you know, trying to always think about

what people's position is and how to pull them out and I think that stems more so from the

fact that I've been a pocket main for pretty much the entire time before playing medic right at

the top there, because that role is all about creativity and spotting opportunities and being

able to pull people around out of position, create space for the rest of your team. And so

taking that attitude onto medic, it's really weird but, you know, it also gives you quite a good

baseline kind of understanding of how other teams play, what their health is a lot of times as

well, because as a main calling pocket, I always had to know that information and then taking

onto medic, I can then use that in a way that not a lot of medics do because they don't have,

you know, the background of coming from pocket soldier as a main caller, they have the

background of always being a medic. And so it's that weird kind of crossed discipline getting

those influences in there that, you know, a complete spice play- spur of the moment. You

know, I'm just like, "I'm doing this". And I suppose the most similar plays I can think of is like

um when I know the point is free and I would want someone else to cap it but I've ubered in

on last or something, so I might just pull out a melee on point, and I did that all the time. You

know, you can half cap the point, maybe full cap the point, because I know that no one's

going to jump the point because there's ubered players on it, but no one can cap the point

because we have ubered players on it, except me, because I can un-uber myself instantly. So it

kind of stemmed out of that idea that I- you know, I have this idea of medics can play the

point. And that was- yeah, it was just a kind of instant moment "This can happen, this is on,

we need to do this now". It's not something I'd ever done before, no. ((Laughing))

Interviewer: Okay. So you sort of talked a little bit about your soldier experience but I- sort of if we move

that towards your experience just in general, sort of playing competitive, do you think your

experience as a player, sort of especially a player playing at the high level, do you think your

experience was helpful in you making that decision?

P6690: Absolutely. Yeah, 100 percent. I don't know, do you want me to elaborate on that?

Interviewer: You can elaborate. I think what I'm looking for there, when I sort of ask that question is sort of

we'll talk a little bit about- later on about presenting some hypotheticals. But the main thing

is sort of when you're seeing this sort of- when you're seeing an incident occurring in front of

you, you see certain cues. It's sort of this idea of "OK, what is your experience telling you?"



Why- why do you get this gut instinct of "this is the right play"? And I think a lot of that comes

with experience.

P6690: That's yeah, 100 percent. You know, it's just players positioning on last being able to track

players health and listen to all the information that people are saying, you know, I could not

do that even a year ago. I was so much worse at that, you know, every- every season of

playing and also just changing the game style and playing with other people as well. It's

constantly learning and just being able to understand even individuals as well, that's one of

the biggest things is learning to play against certain individuals because you learn what they

do and how they do it. And so it means you can tell what they're going to do next, where

they're going to move, those kind of things. So, yeah, the experience and- and most

importantly, just playing against people, I think is the biggest influencer in actually getting

better.

Interviewer: All right. Yeah, thats good. So what I'll do now is I'm going to present a couple of

hypotheticals to sort of help you sort of think about this same event, but in different

circumstances. So in the event that it's not you playing and it's instead a lower division player,

so this can be someone you know, that's in open, maybe low area or maybe just sort of

getting into competitive generally. If they were in that same situation- So- so we just recalled

just- just before you make the action, you sort of in that situation, do you think or would they

make the same decision as you or would you expect them to make a different decision?

P6690: I think very, very few people would make the decision I did. I think w- I'm going to name

someone, I think [Medic Player] would have done the same thing I do. Whether that's a good

thing or not, isn't the question. ((Laughing)) But no, I think that the vast majority of medics

when they learn the game that it's taught to be a lot more black and white and playing safer,

always being able to reset and live and take your team to the next fight. You know, I think I

actually have never known a medic to tell me or teach anyone that I know that you should go

for aggressive plays like that. So. I think- yeah, I think it's very unlikely that a lower player

would make a conscious decision to do that with the specific intent- like intent that I had

during that. They might have done something similar, they might have gone in to try and fight

people or something, you know, if they just have confidence. But I don't think they'd have

done it with the intention of moving people to certain areas, you know, to make them easier

kills, essentially for the rest of the team.

Interviewer: OK, so let's go back to sort of that moment. You- you recognize this sort of scout is weak, that

the soldier is sort of out position. If one of those factors either the scout being weak or the

sau- soldier- the soldier being out of position, if one of those had changed, so for instance,

the scout was a bit healthier or the soldier was a bit more in position. Would you have made

the same decision?

P6690: Absolutely not. Right. The only reason that I could make that decision was because that scout

would die to one shot.

Interviewer: Right.

P6690: And because the soldier was not in a position to like, you know, to to kill the rest of my team

while that scout was dying. Those were the two absolutely key factors to it.

Interviewer: Right. So in that sort of scenario, you sort of take you would probably do more in line with

what we mentioned earlier on about this other outcome or other option that you

P6690: ((Overlapping)) Yep, yeah 100 percent. Yeah.



Interviewer: Yeah. So in that scenario or in a scenario like that or in the scenario where you actually do

decide to come back with your team, you sort of mentioned a little bit about what would

likely happen, what sort of the intended outcome of, you know, just coming out and sort of

playing the heals- sort of getting the crit heals and sort of setting up the next play, what sort

of the intended outcome?

P6690: The intended outcome there is- it's a complete- I always use the word reset because I mean,

in the game, of course, stalemates, they are turning points, but they're also very common.

You know, a lot of the time teams will accept that this is just the point they're at. And so they

will just completely reset and accept that there is going to be a stalemate in 30 seconds and

both teams are just going to set up on each side. You know, the last side will have their

defensive set up, the aggressive side will be preparing to do some kind of, you know, force

play or sac play or, you know, there's a multitude of things they can do. But you know, it

would have just been, I think, 100 percent I'd have left and we'd have just done a reset. That's

it. The defending team just defend and we just prepare the next play. And that's it. There

would have been nothing else going on.

Interviewer: OK, so to sort of summarise it was- it's this idea of this- this is novel. It was a novel sort of

unique scenario that prompted a unique response and is sort of very- in sort of varying

conditions. It would have very been- it'll been likely for you to sort of take a more standard

approach.

P6690: Yeah, I think it was a very, very rare situation to- to happen.

Interviewer: Fair enough. OK, so we'll move on to the other one. We'll be doing that same process again

just with this other event. So this is the one very little time left, the opponent tries to take an

early trade, it sort of doesn't pay off. But the after fight, you notice that the enemy team has

some point pressure. You make this option to sort of- you decide to fight point, um you get an

uber ad from that and then you sort of just play the ad. And so again, this may seem quite

obvious, but what are you seeing or hearing- when we talk about this- the concept of point

pressure, what are you seeing or hearing that helps you decide "I need to play point and I

need to fight point here"?.

P6690: I mean. The main thing that the other team want to do there because of that time pressure is

they just want a capped point. And I don't think that's necessarily the best way to do that in

that situation, you know, they still had over a minute left but it's that desperation of the time

pressure that the one objective that wins them the game is the point. So I know that that is

going to be in the forefront of most of their players minds, not all of their players. You know, a

lot of them, you know, as well, they're very smart players they're very experienced. They have

the scope to think of a lot of things going on at once. But it is going to slip on some of them

and they are just going to focus the one win condition. So it's because of that- I know that my

team as well should be set up to deal with that, but they won't always be as well and so it

comes to that. And so I can see the front side of the point. I can't see the back side of the

point because of how the map is structured. You know, teams can play it from underneath

and then they get behind the point through water or they can play from in front of the point,

which is the kind of open last area where everyone else sees and. My perspective there is

pretty much always going to be on top, normally on top to the left side because that's like the

most stable position. You have the most vision, your furthest away from any of the doors the

other can come in from. And so this point pressure is starting to go on post-uber. You know,

the uber trade, it wasn't anything huge, you know, that was a damage traded. You know, that

sort of thing, position gets traded. But I think their scout and a soldier both go to play the

point on the floor and I think that's the first big mistake is their soldier goes to the floor



because if he's on top of the point on the rim, there's a little rim on top that they can sit and

they can shoot down, and that will just kill any of the blockers. And the more blockers we

throw on the point, the more damage he's going to do and the less people that can shoot

him. So by [them] dropping on the floor, I'm then able to just drop down. I get free saw in

[their] back. You know, it's- it's free damage as well. That's also important there. I think- I

think I got two saws and a bow as well on [them] and then the bow on the Scout. I think

because the order might have been the other way round. But either way, you know, it's- it's

quite a mess. It was just, you know, adrenaline at the time that I see like, you know, the threat

on top of the point is not there. So I'm relatively safe actually doing this because their focus is

all on these blockers who are all kind of on the point already or towards the back of the point.

That's where all of the action is happening. So I'm able to just drop down and help save the

game because there is nothing else important to me. If everyone's focusing the point, then

you know, I need to do something about that as well. And sometimes, yes, people will be

looking for a player to heal. If my team was positioned differently, if there was a soldier sat on

the rim and you know, [they] needed heals from me or something because [they] was being

shot by two players, I might have prioritised doing that, but predominantly it was just that I

knew I could help with this. And no one was paying any attention to me, I'm the least

important player on the team in that situation. So. You know, it was- it was only because of

that nature, with all of the focus being there that I was able to do that if I did that and they

had even one less player, I think focused on the point then I think it- I don't know why, maybe.

That's a tough one, thought- thought candy, but you know, it's- it's yeah, it's just a totally

different situation, if that's the case. So, yeah.

Interviewer: OK, so. The decision to sort of fight the point because there's a lot of eyes on the point and

not necessarily you. If you rewind yourself, put yourself in that situation again. What are the

likely mistakes you or te- you as a player and then you as a team could have made at that

moment?

P6690: I think at that moment it's all about people being caught out as individuals. That's the biggest

way you fail that kind of push because you have to- obviously you have to cover the point, but

you don't want everyone covering the point as well like that- it's like the two extremes. If you

have every single thing on the point, then if their demo or soldiers are positioned well, then

your entire team dies. But then if you have, you know, very little on the point then maybe

that guy can be isolated or you have, you know, the point is covered, but then you have

someone trying to do another play around the edge of last or something trying to fight

someone who is not actually important there. Then maybe they get picked off, you know, and

you just dribble players like around the edge. So it's kind of trying to find the perfect balance

of having enough people committed to block the point, enough people ready to shoot the

people on the point, around the point, on top of the point, but not having anyone isolated at

any one time, either, because that's then, you know, it's the isolation. In that sense, people

can take 2v1s or they just lose the 1v1 or the ultimate stack on the point when a soldier

shoots one rocket and [they] does 400 damage it's- that's not good for anyone. So those are

the major things I think that can go wrong. It's just not having the right balance there.

Interviewer: Yeah. So this- this concept of you fighting the point is that you sort of mentioned you as a

player generally quite creative. Is this an example of being creative or is this generally sort of a

strategy that's seen elsewhere?

P6690: I think that that would have been a more common play. I think there's quite a lot of medics

that would have gone for that, sort of. I suppose the sassier ones is the best way to describe

it. You know, there are quite a few of those around at the top as well. You know, I suppose

there's two main schools of thought, the ultra safe medics and the ones with sass. So- you



know, I think- I think that quite a few would have done something similar there. You know, it

might not have been executed in the same way. But I think the intent would have been there

for quite a few of that sort of more- Yeah, I don't really know how to describe it, but you

know, that style of play, I think, would have been more common there from some.

Interviewer: OK, let's sort of move the clock a little more forward towards once you had this uber ad now.

This concept of playing for ad, what's your specific goal? You mentioned a little earlier when

you were describing it, but what is your specific goal in this concept of playing for ad?

P6690: I mean, it's still in this specific situation?

Interviewer: Yes, same situation. But this idea of you now have ad. Why do you make the plays that you

did, what's your specific goal there?

P6690: Yeah. Well, I mean, uber is the most powerful ability in the game. Because your players can't

take damage. Well, they're ubered, obviously. So by having a uber when the other team

doesn't, you're just opening that opportunity that you don't take damage. So you can, you

know, you'd expect a team at the top to play relatively flawlessly. Obviously, they don't, but

you'd expect them to have a good grip on what to do, where to go. So mistakes should be

minimised. And when they're ubered, it gives them the scope that even if there are mistakes,

it's not so bad. You know, they can make a lot of mistakes during an uber and still win out the

fight. So, you know, in that situation, I'm just shouting at my team "get the uber, get the uber

build"- I was calling names for people to come and make sure that we're building because as

long as people are ready to just set up and take this uber fight, then I- it's very difficult to lose

because you have to make just so many mistakes in one go. You know, you have to have

people who aren't involved with the uber dying isolated around the sides, and you wouldn't

expect that to happen for a lot of people. You have to have people in the uber, miss all their

shots or just use it to take a bad position or that kind of thing, you know? And one of the

biggest things the- there, at least, is the way we would use the uber is all about slowing the

game down, essentially and so that's not over chasing with ubers because that's another big

mistake that can happen with ubers, especially after something like an uber trade is when

people over chase around the edge of it and then they get caught out at the end of the uber,

even though yours was better, longer, something like that. People get caught out and so it's

trying to just instil the understanding that this uber- all we need to do is get this before the

other team, which we will if we play properly and then it's just a buffer. You know, it's an extra

few seconds on the clock. You know, it saves our players. It just gives us such an enormous

advantage that this is the most important thing right now is that we just have this.

Interviewer: Because this was sort of in the dying seconds of the games sort of the dying minutes, as it

were. I think in general, TF2 decisions are sort of made- or decisions in TF2 about, you know,

the concept of pushing, holding, taking the sac and all that is tend to be quite a tight

timeframe. But in concept- in- in the concept of time, how much pressure was on you to sort

of make that call as it were?

P6690: I would say the at least the way I describe decision making in TF2 is macro and micro

decisions. Where the macro ones will be you have time to call a full play before, and so you

know, it might only take you five seconds. It can be as simple as, you know, "scout solly push

river, demo hold lobby", something like that. You know, it's- it's quite succinct, but that will be

a kind of macro call, understanding what the players are doing there and a micro call would

have been say, you know, do- when you're bombing and there's a demo and [their] med next

to each other, do you shoot the demo, do you shoot the medic, that kind of thing. You know,

it's much more instant split-second. This is the kind of micro. And this is definitely macro here.

You know, we had time we would have had 50 seconds from the moment the fight ended



until the expected time that they push it. They might have done something faster. They might

have done something slower. Ultimately, they went a little bit early, so about 40 seconds or

so. But you know, that was definitely a macro decision when I had to make my team know

fast, but we still had time to just sit and chill for a moment. And, you know, just reset, have a

cup of tea or something. That was, yeah,

Interviewer: OK. It's just an interesting idea. I like the concept of the macro and the micro. So let's again

sort of talk about hypotheticals around that whole scenario. Both the point pressure moment

and the playing for ad you sort of mentioned earlier that your decision to sort of fight point

would be one typically, you would see more commonly than sort this first incident. So

thinking from an experience standpoint, do you think novices would also be doing that? Or do

you think they would be more passive? More passive medic.

P6690: ((Overlapping)) I think novices would be more likely to do that, but not for the not for the

same reasons. I think it's much more, you know, in that perspective, it's kind of "I want to be

involved. I want to do something. Yeah, I'll just go and help fight the point or something. You

know, I'll just do- these guys. Yeah, they're sort of there". And as opposed to trying to track

specifically, you know, get the saws, you know, pressure certain players, specific one who's

not looking, you know, because he's the one who splashes the point or something rather

than, you know. Yes, so I think that's the kind of the flip up there is, I think that if anything,

novices are much more likely to do that then some high tier medics who, you know, would

play always about the safety of themselves and their team. As I said, not for the same reasons

that the sort of the, I suppose, the more wild top-level medics would have done it for and not

have the same focus on specific players. Maybe they would have again, similar intent, maybe

not similar reasons. But yeah, I think you'd see it. You would see it.

Interviewer: And for playing for ad, so they now have this 50 ad they've got a couple of saws. Would you

expect them to sort of also sort of just play for uber in those last moments?

P6690: ((Overlapping)) I think that every team from the bottom who has had any kind of mentorship

should understand the concept of ads. And I think at that point, if I was ever watching even an

open team, if I'd mentored them before and they didn't sit there and play for ad, I would tell

them that is the biggest mistake that they've probably made in the entire game. I think that is

the only decision that is good to make there any way you lose that, you know, you don't just

sit there and use it to slow the game down is wrong.

Interviewer: Yeah, OK. So going back to again, back to the the point pressure itself and you sort of making

the decision you- you go in and you take this fight and you um- you get like, you're going for

the saws. If you only get like one saw, for example, so you don't have as much of an ad as you

would have initially liked. Does your strategy change in those- because, you know, what the

situation is?

P6690: I think that I would have been more concerned for an immediate dry push from the other

team as soon as their spawners were there. So I would have been at maybe 70, 80 percent

when they could potentially come in. And so around that I would have had specifically, I

would have told my soldier, "you have to be the one to build here" because I want every

single other person in my team set up defensively in case they dry push to hold doors and my

soldier there with the pickaxe because [they] can conserve [their] crit heals while he's

building with this utility. So if they come in early, [they] can press one button. He's off it, and

he's at 300 health fully buffed and good to go. So I think I would have been a lot more vocal

about setting up defensively around that and having a specific player build rather than just

calling at whoever is convenient "You are building with me right now", which is sort of what

did the first time, you know, it was- that was so much safer to just, you know, call things in



that way. Whereas the second I'd have been so- yeah, I think I would have been a lot more

just "You must do this right now" because of that threat.

Interviewer: OK, so. You sort of talked a little bit about the other options you could have done for fighting

point. But for instance, if the fight went like more your way or I guess less your way, so, you

know. You don't get the saws, you don't sort of get the kills, but they still somehow lose, let's

say, you know, your scouts pop off or something like that so you don't get the uber at all. Um,

does- again, is it just a matter of just trying to build as much as possible or the fact that you

don't have any uber at all does that again change your scenario?

P6690: I think there I would have been very concerned that the other team was building better

because if I'm going for that play as well, then I've probably missed out on a few seconds of

healing and building that uber. So I think that we would have set up disad last there, I would

have called my team to set up disad last, which is pretty much even though we were only on

like 10 percent disad and probably have my soldiers set up more to delay doors than be

prepared to delay point or defend my demo, I think because the idea there is if we're playing

on a really small disad again, I just want to slow down the other teams entry just enough that

I always get that uber because again, you know, if they get over 10 seconds to go, it's fine. But

it would have been a really, really fast transition into that for the first 30 seconds of the hold

where I'd have wanted people aggressively holding to prevent a dry push of any sort. So when

I get to about 70, that would have been the transition point. I want to immediately go disad

and then the rest of my team follows and goes disad to delay their uber while I'm still building

to make sure we always get that because., you know, in my opinion, there is the uber, you

know, the uber wins you the game. But the other team might choose not to play around it. So

that's, you know, the threat and there's that little sweet spot in the middle for the other

team, which- which is their golden opportunity just before I have. So that's what- yeah, that's

like the hardest thing to play around and it's also ultimately comes down to a guess, how will

the other team going to play it? And I don't know by that point either, because I said earlier,

they play very structured by the book this team. You know, we just saw by the play they did

40 seconds earlier. They're desperate. They are going to do something unorthodox and

ultimately, what they did was unexpected, and in this situation as well, I don't know what

they'd have done, whether I expect- considering their other play, they probably would have

dry pushed, but I don't know that and so this is just what I would. This is the way I'd have set

up against what they could potentially do.

Interviewer: All right. OK, so that's both of the moments, both of the decisions that we sort of chose done

in sufficient detail. And what I'll do now is sort of give you an opportunity sort of just make

any other comments about the match as a whole. Or maybe there was something else that

happened that you think was worth mentioning.

P6690: I just think that honestly, the mental aspect of the entire game from start to finish is really

underrated regarding what you can achieve when you have confidence and you really want to

prove a point and you're all just on the same page with that because, you know, even before

the game, one of the players on the other team had made [their] tier list of players and

shockingly, we were all down the bottom of it. So, you know, we had that going into it. It was

this whole kind of, you know, "let's just do this. Let's- let's show that we're the better team".

That's really, you know, everyone had us down to lose. You know, everyone had to stand to

lose about five nil. You know, we just went in like, wouldn't this just be incredible? Biggest

upset. Just that kind of positivity going into it and I think that's why we got those fast rounds

early on because it plays the other way as well that their team, there's all the pressure is on

them, you know, all of it. No one expects them to lose. They're simply the better team.

They're the best team. They can't lose. So, you know, dropping to a spy within four minutes,



the confidence, you know, it just completely changes the course of the game. Just based off of

this, yeah, the mental side of things. And you know what we might say to them. You know,

pre post game, that sort of thing, during. And you know, the- yeah, everything related to that,

I think is incredibly underrated in- in a game like this, yeah,

Interviewer: Okay, fascinating. What I'll do, I'll sort of end recording there.

[END OF RECORDING]
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