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Abstract
The rise of peer-to-peer accommodation has challenged the traditional hotel business model. A lingering question is the
effect of Airbnb supply on hotel performance. By analyzing 466 estimates from 33 different studies, our results reveal that
the negative effect of Airbnb supply on hotel performance is moderate. The meta-regression of effect size recognizes the
significant effects of different factors on the strength of the negative effect. In particular, the negative effect is smaller for highend (vs. low-end) hotels, and its magnitude is shrinking over time. Additionally, the detrimental effect is less pronounced for
European (vs. Asian) hotels. The study also reports that negative effects are more common in research published in academic
journals. The synthesis of the effects across existing studies contributes to a robust and comprehensive understanding of the
impact of Airbnb supply on hotel performance.
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Introduction
Peer-to-peer (P2P) networks have radically transformed the
way people consume goods and services (Bostman and
Rogers 2011; Buhalis et al. 2019; Wang, Asaad, and Filieri
2020). The increasing relevance of P2P exchanges is a topic
of great interest to scholars and industry professionals. This
particular form of exchange is posing threats to traditional
businesses across many industries, such as banking, transportation, and hospitality (Botsman 2014). In the lodging
industry, Airbnb represents the major P2P accommodation
provider, with more than 7 million listings worldwide and a
satisfactory level of resilience despite the Covid-19 pandemic (Airbnb 2020a). Between July 2018 and May 2019,
Airbnb added more than 1 million listings (Airbnb 2020b),
thus raising its share of total accommodation supply (i.e.,
Airbnb units and hotel rooms). With such exponential growth
since its inception in 2008, Airbnb has undoubtedly challenged the traditional hotel industry and set the basis of an
agile business model that is more resilient toward potential
variations in accommodation demand (Dolnicar 2019).
The disruptive nature of the Airbnb phenomenon has led
to a proliferation of studies investigating its effect on hotel
performance. Scholars and industry practitioners agree on
the pervasive impact of this platform on the accommodation
market. Yet extant research remains inconclusive. The majority of studies report a detrimental effect on hotel performance

(e.g., Dogru, Hanks, Mody, et al. 2020; Zervas, Proserpio,
and Byers 2017), indicating Airbnb as a competitor to the
traditional hotel industry. Others, on the contrary, suggest
that the effect is negligible (e.g., Borysiewicz 2017; Yang
and Mao 2020), or even positive (e.g., Coyle and Yeung
2016; Heo, Blal, and Choi 2019; Strømmen-Bakhtiar and
Vinogradov 2019; Aznar et al. 2017). These differential
results, coming from a broad range of research settings, data
sources, and model specifications, prevent a solid understanding of the actual consequences of the growth of Airbnb
and similar P2P platforms on traditional hospitality. To shed
light on this issue, the present work offers a meta-analysis
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2
that has the broad scope of investigating the influence of
both contextual and methodological variables on the impact
of Airbnb supply on the performance of traditional hospitality operators. A meta-analysis is defined as “the statistical
analysis of a large collection of results from individual studies for the purpose of integrating the findings” (Glass 1976,
p. 3). In tourism economics, meta-analyses have been heavily used to synthesize quantitative effects and economic relationships, such as tourism demand elasticities (Peng et al.
2015), effect of world heritage sites on tourism development
(Yang, Xue, and Jones 2019), and the tourism-led growth
hypothesis (Nunkoo et al. 2020).
In our study, a meta-analysis synthesizes the empirical
results from different studies, offering a clear picture of the
impact of Airbnb on hotel performance. First, the findings
reveal that the overall effect size is negative and very modest
(–0.037). However, when taking only the studies that use
occupancy rate as the indicator of hotel performance, this
negative effect size is slightly larger (–0.066), suggesting
that the impact of Airbnb supply on occupancy is more pronounced than the overall effect on hotel performance
(–0.037). Second, we recognize a significant level of publication bias in the reported results, which indicates that certain types of results are more likely to be reported. Third, a
meta-regression shows a wide array of factors influencing
the effect size across estimates, such as research setting,
model estimation and specification, and variable measurement and data structure.
This study offers some clear contributions to the current
literature on tourism and hospitality management. First and
foremost, our study represents a pioneering effort on synthesizing the effect of Airbnb supply on hotel performance based
on diverse empirical studies, providing a more nuanced understanding of the Airbnb–hotel performance relationship.
Second, we explore the factors moderating this relationship.
Most of these factors, such as research context and variable
measurement, are typically difficult to be scrutinized in a single empirical study. In light of this, the study provides methodological insights for researchers interested in investigating the
Airbnb–hotel performance relationship. Finally, we offer
econometric recommendations that could be generalizable to
other applied econometric studies in tourism economics.
The remainder of this article is structured as follows. The
following two sections present the theoretical background
and introduce the key factors shaping the effect of Airbnb
supply on hotel performance. The fourth section explains the
methodology. The results are discussed in the fifth section.
The final section presents the contributions and implications.

Theoretical Background
P2P Accommodation
Traditional market exchanges now coexist with alternative
forms of consumption consisting of access-based goods or
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services offered by peers (Bardhi and Eckhardt 2012). These
forms of consumption are collectively known as “sharing
economy” and have rapidly spread across a number of sectors. Among others, the sharing economy has pervasively
transformed the accommodation sector (Karlsson and
Dolnicar 2016). In this sector, traditional alternatives (i.e.,
hotels) now coexist with a different type of accommodation
often referred as P2P accommodation. A P2P accommodation unit entails the space that a host rents for short-term
stays using a digital platform, thus establishing a room-sharing business in the cyber marketplace (Karlsson et al. 2017).
While various terms have been used to refer to these P2P
exchanges, our conceptualization of P2P accommodation
emphasizes (1) the platform-mediated nature of the transaction, (2) the necessary monetary exchange, and (3) the broad
scope of the accommodation provider that includes both professional and nonprofessional hosts.
Research in tourism and hospitality management has
devoted considerable attention to the P2P accommodation
phenomenon. Various streams of literature have emerged
that focus on different topics, including (1) the understanding of guests’ motivations, attitudes, and behavior (Guttentag
et al. 2018; Shuqair, Pinto, and Mattila 2019; So, Oh, and
Min 2018; Tussyadiah 2016); (2) the determinants of P2P
accommodation demand (Gunter and Önder 2018; Leoni
et al. 2020); (3) hosts’ behavioral patterns and effective marketing strategies (Gibbs et al. 2018; Nieto García et al. 2019;
Wang, Asaad, and Filieri 2020); (4) the impact on international tourism demand (Volgger, Taplin, and Pforr 2019); and
(5) societal and economic impacts (e.g., Zervas, Proserpio,
and Byers 2017; Dogru, Mody, Suess, et al. 2020). The following section elaborates more on the factors that have hastened the spread of these networks.

Competitive Advantages of P2P Accommodation
P2P accommodations boast multiple competitive advantages
over traditional operators (Dolnicar 2019). First, from the
consumer’s viewpoint, economic (i.e., lower cost), sustainability (i.e., social and environmental responsibility), and
community benefits (i.e., social interactions) are the three
main drivers to choose P2P experiences over traditional hotel
stays (Tussyadiah 2016). Recent studies also reveal the critical role of home-related benefits (Pera et al. 2019; So, Oh,
and Min 2018), and other experiential attributes (Mody,
Suess, and Lehto 2019; So, Oh, and Min 2018). Yang, Tan,
and Li (2019) confirm that P2P accommodation users perceive a significantly higher trip value than other tourists. As
a result, a new way of travel has emerged (Lee and Kim
2018), with scholars even referring to “Airbnb tourism”
(Volgger, Taplin, and Pforr 2019).
Second, another competitive advantage relates to the
intrinsic nature of how these networks operate. P2P platform
providers advertise private accommodations that are owned
by hosts. Therefore, the platform provider can increase
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Table 1. The Effect of Airbnb Supply on Hotel Performance Indicators—Main Findings.
Article

Empirical Context

Main Findings

Aznar, Sayeras, Rocafort,
and Galiana (2017)
Benítez-Aurioles (2019)

Barcelona (Spain)

Positive correlation between Airbnb supply and hotel’s return on equity.

Barcelona (Spain)

Choi, Jung, Ryu, Kim,
and Yoon (2015)
Dogru, Hanks, Mody,
et al. (2020)
Dogru, Hanks, Ozdemir,
et al. (2020)

Seoul, Busan, and
Jeju (Korea)
London, Paris,
Sydney, and Tokyo
All cities in the US

Airbnb supply has undermined hotels’ occupancy and performance, regardless the
hotel category.
Airbnb supply does not affect hotels’ revenue in Korea.

Dogru, Mody, Line, et al.
(2020)

All cities in the US

Dogru, Mody, and Suess
(2019)

Ten cities in the US

Heo, Blal, and Choi
(2019)
McGowan and Mahon
(2018)
Strømmen-Bakhtiar and
Vinogradov (2019)
Xie and Kwok (2017)

Paris (France)

Yang and Mao (2020)

Houston, Texas
(US)

Zervas, Proserpio, and
Byers (2017)

All cities in Texas
(US)

New York City (US)
All cities in Norway
Austin, Texas (US)

A 1% increase in Airbnb supply decreases hotel RevPAR by between 0.016% and
0.031%.
Negative impact of Airbnb supply on hotel RevPAR and ADR metrics across
different organizational structures (franchising, managed, and independent hotels).
No significant effect on occupancy.
The effect of hotel supply on hotel RevPAR is much larger than that of Airbnb
supply. Airbnb supply adversely affects room prices. The pervasive effects only
appear in states with high hotel supply.
A 1% increase in Airbnb supply decreases hotel RevPAR by 0.025% and ADR by
0.02%. The impact on hotel RevPAR varies between 0.015% and 0.043% across
hotel class segments.
Different growth and seasonality patterns for Airbnb and hotels. Occupancy has
reached a plateau, ADR is slightly decreasing, and profitability for hosts is dropping.
Significant negative effect of Airbnb’s entry on hotel revenue, occupancy, and
average daily rate. However, the size of these effects is relatively small.
Airbnb presence has a positive effect on hotel occupancy in Norway. Income per
room is independent of Airbnb activity.
Airbnb supply negatively affects nearby hotels’ performance. The relationship is
moderated by price difference (hotel – Airbnb) and price dispersion.
The effect of location advantage on lodging performance is stronger for urban hotels
than Airbnb units. The findings do not suggest a direct competition between urban
hotels and Airbnb units.
The negative impact of Airbnb supply on hotel revenue ranges between 8% and 10%.
Low-price hotels and those that do not cater to business travelers are the most
affected.

short-term rental capacity rapidly at a minimal marginal cost
(Zervas, Proserpio, and Byers 2017). Previous research has
also noted the advantage in terms of leveraging an augmented set of locations—hosts’ properties are more geographically disperse (Gutiérrez et al. 2017). Some types of
Airbnb properties can be found in areas with a limited hotel
supply (Yang and Mao 2019). Lastly, compared with traditional operators, P2P platform providers have access to
accommodations that are unique in their design and features,
making them especially suitable for a tailored offer that satisfies the needs of niche markets (Dolnicar 2018). In light of
these arguments, it becomes evident that this alternative marketplace is often in direct competition with certain types of
hotels.

Effects of P2P Accommodation Supply on Hotel
Performance
Of particular interest to the hotel industry is assessing the
impact of P2P accommodation supply on key hotel performance
indicators (Dogru, Hanks, Mody, et al. 2020; Dogru, Hanks,
Ozdemir, et al. 2020). The P2P accommodation market has

witnessed a rapid expansion, with several platforms operating in this marketplace (i.e., Homeaway, HouseTrip,
HomeToGo). Airbnb, with more than 7 million listings
worldwide (Airbnb 2020), has become the dominant player.
As a result, Airbnb has been used as the empirical context in
many academic studies assessing the impact of P2P accommodation on hotel performance. The majority of studies suggest that the increased Airbnb supply has generated a
detrimental effect on hotel performance (e.g., Byers et al.
2013; Dogru, Mody, and Suess 2019; McGowan and Mahon
2018), with the argument that increased supply has diluted
the demand of traditional hotel accommodation (Zervas,
Proserpio, and Byers 2017). However, the competitive
dynamics seem to differ across destinations. For instance, in
Paris, Heo, Blal, and Choi (2019) find a nonsignificant effect
of P2P accommodation on hotel performance. Table 1 presents a synthesis of the main findings published in peerreviewed journal articles. The summary table suggests that
the academic knowledge on the topic remains very fragmented. This could be explained by the wide variety of
research approaches, research designs (e.g., research period,
research unit, and location), and methodological techniques
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Figure 1. Conceptual framework.

(e.g., model specification, variable operationalization, and
estimation strategies).

Conceptual Framework
Figure 1 presents the conceptual model of the meta-analysis,
showing the factors that shape the effect size of Airbnb supply on hotel performance. The model comprises a list of factors that come from the literature and are grouped into four
categories (i.e., research settings, model specification and
estimation, variable measurement and data structure, and
publication outlet). These categories emerge from common
practice in previous meta-analyses in tourism and marketing
research (e.g., Yang, Xue, and Jones 2019; You, Vadakkepatt,
and Joshi 2015).

Research Settings
Research unit. The research unit plays an important role in
determining substitution patterns between hotels and Airbnb
properties. City-level demand trends affect both Airbnb supply and hotel revenue (Zervas, Proserpio, and Byers 2017).
When using a broader unit of analysis (e.g., regional aggregated data) instead of individual property data, the effect of
Airbnb supply on hotel performance may dilute or exaggerate because of the potential impact of other factors. Following this argument, our study proposes that the effect size will
be different between studies using the property-level data
and those using regional aggregated data.

Research period. Since its entry into the accommodation
market, Airbnb has undergone exponential growth. The platform has become increasingly popular across countries over
the last five years (Airbnb 2020). This increased awareness
may result in a more pronounced detrimental impact on hotel
performance in later periods. On the other hand, the negative
effect could diminish over time as the hotel industry became
more prepared for the sharing economy. Low-end hotels can
compete on prices, whereas high-end ones can invest in service quality (Chang and Sokol 2020). In later periods, the
industry is also witnessing various types of restrictions and
regulations on home-sharing services imposed by the local
governments (Nieuwland and Van Melik 2020; Falk and
Yang 2020). Therefore, we expect that the research period
will influence the effect size of the Airbnb–hotel performance relationship.
Sample country. Market conditions (e.g., regulations) or cultural aspects in an area might affect the impact Airbnb has on
hotel performance. This impact might be weaker in areas
where hotel supply exceeds demand (Dogru, Mody, Line,
et al. 2020). Similarly, the cultural background may affect
the willingness to use P2P stays as a substitute for traditional
hotel experiences. For instance, Chinese notions of hospitality differ culturally from those of Western countries (Cheng
and Zhang 2019). In China, homes are not places to share
with strangers; as a result, Airbnb has not substantially penetrated this market. Instead, alternative P2P networks had
better catered to the needs of Chinese consumers (Xiang and
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Dolnicar 2018). Following these arguments, we expect that
the effect of Airbnb supply on hotel performance will vary
across different geographic regions.
Hotel class. While high-end hotels rely on high-quality service and luxury features, low-end hotels mainly focus on
guests’ functional needs. The importance that consumers
attribute to each hotel feature differs by hotel class (Mattila
2007; Rhee and Yang 2015). Therefore, Airbnb may not be
an ideal substitute for every consumer. It would be more
attractive for consumers with budget restrictions and less
attractive for travelers looking for outstanding service or specialized features (e.g., business travelers). If this is the case,
the negative effect of Airbnb on hotel performance should be
higher for low-end hotels than high-end hotels.

Model Specification and Estimation
Estimation method. The majority of studies investigating
the Airbnb–hotel performance relationship rely on panel
data estimation, looking both at cross-sectional and longitudinal effects. Among the latter ones, some studies adopt
estimation methods based on maximum likelihood techniques, such as autoregressive distributed lag model
(Dogru, Hanks, Ozdemir, et al. 2020) or augmented mean
group (Coyle and Yeung 2016), while others employ modified least-squares techniques, such as the fixed effects
model (Zervas, Proserpio, and Byers 2017) or panel
dynamic ordinary least squares (Coyle and Yeung 2016).
Studies also differ in the estimation method of standard
errors, with some of them using robust standard errors to
obtain unbiased estimates under heteroscedasticity (e.g.,
Kim and Lee 2019). While this approach is appropriate
with large samples, its use may result in inefficient estimates in case of homoscedasticity. We, therefore, propose
that the effect size differs between studies using robust
standard errors and those that do not.
Functional form. The functional form adopted in a study may
also affect the effect size. Previous works have used different types of functional forms. Some of them transform the
values of both dependent and independent variables into
their logarithmic (log) values (log–log; e.g., Choi et al.
2015). Others only transform in log either the values of the
dependent variable (log-level; e.g., Borysiewicz 2017) or
the values of the independent variable (level-log; e.g.,
Dogru, Mody, and Suess 2017). Some studies leave both
variables untransformed (level-level; e.g., Benítez-Aurioles
2019). Therefore, we examine whether the transformation
of the dependent variable, independent variables, or both
affects the effect size.
Model complexity. Our study also tests whether the number of
independent variables included in the model has an impact
on the effect size. Omitting variables from the estimation
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model could potentially lead to biased results (i.e., omitted
variable bias). Thus, we include the number of independent
variables as a measure of model complexity in our metaanalysis. A larger number of theoretically relevant independent variables leads to a more accurate specification of the
model, which may influence the effect size.
Time-specific effects. The effect size may vary across studies depending on whether the models capture time-specific
effects. The time-specific effects account for variation that
comes from events or trends linked to the specific period.
In our work, we investigate whether the inclusion of timespecific effects in the econometric model leads to different
effect sizes. We argue that including time-specific effects
improves the specification of the model by alleviating the
omitted variable issue and therefore affects the effect size.
Variable measurement and data structure
Independent variable lags. The inclusion of lagged independent variables in the estimation model has been a common
strategy to address reverse causality and other endogeneity
issues. Despite the criticism of the use of lagged independent
variables for identification purposes (Bellemare, Masaki, and
Pepinsky 2017), many studies still rely on this strategy. One
fundamental premise is that it may take time for the hotel
market to respond to the supply change of Airbnb units, and
the use of lagged variables (LV) is able to capture this delay
(Xie and Kwok 2017). Therefore, we test whether the use of
independent variable lags affects the resulting estimates.
Dependent variable (DV) measurement. The most common metrics of hotel performance are average daily rate,
occupancy rate, and revenue per available room (RevPAR).
While several studies report a detrimental effect of Airbnb
supply on hotel total revenues and RevPAR (Xie and Kwok
2017; Zervas, Proserpio, and Byers 2017), the impact on
occupancy has offered mixed results (e.g., Benítez-Aurioles
2019; Dogru, Hanks, Ozdemir, et al. 2020). Thus, we analyze
the influence of using different performance measures (i.e.,
average daily rate, occupancy, RevPAR, and others) on the
effect size.
Data frequency. Similar to unit aggregation, the temporal aggregation of data in empirical models may play a role
in diluting variations of hotel performance (You, Vadakkepatt, and Joshi 2015). Lower data frequency might result
in a diluted effect. This meta-analysis tests whether the data
frequency (e.g., monthly, quarterly, yearly) affects the effect
size.

Publication Outlet
The publication outlet has been frequently included as a
key parameter in meta-analyses that explore contrasting
results (e.g., You, Vadakkepatt, and Joshi 2015). A
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significant effect of this parameter reveals the existence of
publication bias, which can be defined as “the selective
publication of studies with a particular outcome, generally,
those which are statistically significant, at the expense of
null studies” (Ferguson and Brannick 2012, p. 120). Some
publication outlets, such as academic journals, require
double-blind reviews. Therefore, the authors may be motivated to present more favorable estimates to reviewers.
Specifically, we expect highly significant effects in academic journal articles while less or nonsignificant effects
in studies from other outlets that do not undergo a very
selective peer-review process (e.g., working papers and
conference papers).

Methodology
Study Collection and Data Coding
Existing studies on the effect of Airbnb on hotel performance were collected through an extensive search on databases, including Google Scholar, EBSCO Hospitality &
Tourism Complete, and ProQuest Dissertations. The search
only included studies written in English. The keywords
used for the search included hotel performance, Airbnb,
Airbnb supply, hotel RevPAR, hotel occupancy, and hotel
rates. Additional articles were gathered after further crossreferencing. The empirical studies should use an applied
econometric method to investigate the impact of Airbnb
supply (as an independent variable) on hotel performance
(as a dependent variable) in a double-log, semi-log, or
level-level functional form. The study collection ran from
October 2019 until January 2021, following the general
guidelines of literature search for meta-analysis (Stanley
and Doucouliagos, 2012). We then screened the studies
according to several criteria:
1.

2.
3.
4.
5.

We excluded the articles with incomplete information, especially those without clear information on
the statistics related to the effect size, such as the
number of observations, standard errors, or t statistics
of regression coefficients (e.g., Dogru, Mody, and
Suess 2017).
We excluded the articles in which the dependent variable and independent variables used different orders
of differencing (e.g., Mohamad 2016).
We removed the studies including both current and
historical Airbnb supply measures in a single model
(e.g., Apergis, Hayat, and Saeed 2020).
We removed studies using Airbnb occupancy rate to
measure the Airbnb supply effect (e.g., Ginindza and
Tichaawa 2019).
We excluded the studies using other types of homesharing services, like Xiaozhu and Tujia, in China
(e.g., Chen, Wei, and Xie 2019). By applying all the
criteria, we ended up with a total of 33 studies.

The final meta-sample of 33 studies includes journal articles
(17), dissertations and theses (6), working papers (6), and conference papers (4). Most of these studies incorporate several
model specifications, and some of them conduct different analyses using different subsamples. Therefore, the researchers
coded the estimates for each model specification and subsample from each study. Two coders undertook the coding process
and discussed any inconsistency until reaching a consensus.
We chose partial correlation r as the effect size reflecting
the impact of Airbnb supply on hotel performance. The partial correlation measures the association between two variables after controlling for other variables, and the coefficient
is unit-free, which allows for interstudy comparison based on
a consistent measure (Djankov and Murrell 2002). The partial correlation has been frequently adopted in meta-analyses
of applied econometrics (Stanley, Doucouliagos, and Steel
2018; Havranek, Irsova, and Zeynalova 2018), and in particular, in tourism research (Yang, Xue, and Jones 2019;
Nunkoo et al. 2020). The partial correlation r is calculated as
r=

t
2

t + df

(1)

,

where t is the reported t statistic of estimated coefficient in
the econometric model and df represents the degree of freedom of the model. The standard error is

(1 − r ) / df . We
2

did not conduct Fisher’s z transformation because of the
slight bias associated with the transformation (Schulze
2004). For studies failing to report relevant information of t
statistics, we used the midpoint of significance range as indicated in the estimation table (Greenberg, Michalopoulos, and
Robins 2003); for example, corresponding t statistic at a
p-value of 0.03 is used for estimates significant at the 0.05
level while t statistic at a p-value of 0.005 is used for estimates significant at the 0.01 level. At the same time, we also
coded other relevant information about the estimate and
research, such as the research setting, sample size, research
period, model specification, variable operationalization, control variables used, estimation methods, and publication outlet. By doing so, we were able to unveil factors contributing
to the heterogeneity across different empirical studies in the
meta-analysis sample. In particular, we coded multiple effect
sizes within a single study to improve the efficiency from the
expanded sample size and extra within-study variation for
meta-regression (Melo, Graham, and Noland 2009). To
reduce the potential coding bias, we did not code estimates
based on the interaction terms with an Airbnb supply measure. A total set of 466 estimates is finally used to perform
the meta-analysis.

Meta-analysis Methods
In the first step of meta-analysis, we synchronize the results
from past studies by combining the effect size. In a meta-analysis, both fixed effects and random effects can be used to
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yield a weighted average of effect size (Ringquist 2013).
Statistics, such as I2 and the Q statistic of the test of homogeneity, are used to gauge which method is more appropriate to
generate the combined effect size (Schmidt and Hunter 2014).
However, some adjustments are necessary for investigating
the presence of publication bias (see Moldes and Ku 2020).
Two sources of publication bias exist. Type I publication bias
occurs when a strong preference exists for certain types of
results. In the context of the Airbnb–hotel performance
relationship, the negative coefficient can be more accepted
with the existing theories, leaving some authors and reviewers treating the positive coefficient suspicious. A funnel plot
can be used to detect the presence of type I bias, and a nonparametric “trim-and-fill” method is used to impute the data
and alleviate this bias (Duval and Tweedie 2000). The
method iteratively estimates missing studies due to publication bias and imputes the effect sizes and standard errors.
After that, the original and imputed effect sizes are pooled to
generate the combined effect size. Type II publication bias
exists when researchers are more (or less) inclined to report
significant results (Stanley 2005), and a Galbraith plot can
detect this bias.
The study relies on a meta-regression to examine factors shaping the effect size. Meta-regression analysis
(MRA) is a multivariate empirical analysis that uses
regression techniques to uncover the causes of variation
among reported regression estimates (Stanley and
Doucouliagos 2012). In the presence of heterogeneity
between studies, an MRA is appropriate to explain the differences between the studies (Van Houwelingen, Arends,
and Stijnen 2002, p. 607). Equation 2 presents the analytical model.
ri = β0 + γSE ( ri ) +

k

∑β Z
j

j =1

j

+ εi

(2)

where r is the partial correlation coefficient, Z represents the
set of k explanatory variables explaining the different partial
correlation coefficients, SE(r) is the standard error of partial
correlation coefficient, and ε is the error term. Interestingly,
when no explanatory variables were included, the coefficient γ can be used to test the presence of publication bias
(Stanley and Doucouliagos 2012). As the ordinary least
squares (OLS) estimation of Equation 2 can lead to the heteroscedasticity issue, a weighted least squares (WLS)
method is used to correct for this issue (Stanley and
Doucouliagos 2016; Stanley, Doucouliagos, and Steel
2018). The WLS method applies the inverse of squared standard error SE(r) as the weight. According to Stanley and
Doucouliagos (2016), WLS estimation outperforms random/mixed effects meta-regression in the presence of publication bias and is superior to fixed effects meta-regression
in most applications.

According to the research framework in Figure 1, we
include a set of explanatory variables to capture the difference
of research settings, model estimation and specification, variable measurement and data structure, and publication outlet
across studies. Table 2 shows the coding scheme and descriptions of the variables in the meta-analysis. Table 3 presents the
descriptive statistics of dependent and independent variables in
the regression. The mean value of r, the effect size, is −0.042.
The average year of data observation is around 2012. In the
sample, 32.6% of effect sizes were collected from property data
(property_data), 55.8% were estimated using a robust standard
error (robust_error), and 62.0% were calibrated with a log–log
functional form (log_log). Moreover, 76.0% of effect sizes
were obtained from studies embracing the time-specific effects
in the panel data econometric model (timedummy), and 3.6%
were collected from models with a lagged Airbnb-supply
variable (indep_lag). Most studies used high-frequency data,
and 82. 2% of effect sizes were monthly/daily-based (high_
frequency). Effect sizes from journal articles account for
54.3% of the sample (journal_article), while others were
collected from thesis/dissertation, conference papers, and
working papers. Regarding geography of the sample, 39.06%
of effect sizes were from studies using a North American
sample, followed by European sample and Asian sample,
which account for 31.97% and 19.74%, respectively. Most
studies did not split the sample by hotel classes, and only
around one-third effect sizes are hotel class–specific. Lastly,
RevPAR was found to be a slightly more popular measure of
performance than the average daily rate (ADR) and occupancy in the sample. We also provide the variance inflation
factor (VIF) of each variable, and all of them are below 5.0,
indicating the absence of multicollinearity issues in our
sample.

Results
Publication Bias and Pooled Effect Size
Figure 2 presents the graphic summary of 466 coded effect
sizes from 33 empirical studies. For each study, the box plot
shows the distribution of effect sizes within the study. The
earliest study in the sample dated back to 2013, with the latest published in 2020. A considerable variation can be
observed across studies. For instance, although most effect
sizes were negative, we can observe some positive effect
sizes. In a more extreme case, some studies have a positive
median effect size based on the box plot.
Figure 3 presents the funnel plot and the Galbraith plot to
identify the possible type I and II publication bias in the sample, respectively. The funnel plot is a scatterplot with effect
size as a horizontal axis against its standard error. In the
absence of publication bias, the plot should be symmetric
with an inverted funnel–shaped (Stanley and Doucouliagos
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Table 2. Description of Independent Variables and Coding Scheme.
Variable
Research settings
Research unit

Label

Coding Scheme

property_data

1 = data obtained from each single hotel property; 0 = aggregated data from
multiple hotel properties
midpoint of research period in the sample (year)
1 = Asia (benchmark), 2 = Europe, 3 = Global, 4 = North America, and 5 = Africa
1 = all, 2 = low-end (benchmark), 3 = midscale, and 4 = high-end

Research period
midyear
Sample country
geography
Hotel class
class_hotel
Model estimation and specification
Model estimation
robust_error
Functional form
log_log
Model complexity
lnindep
Time-specific effects
timedummy
Variable measurement and data structure
IV lags
indep_lag
DV measurement
DV
Data frequency
high_frequency
Publication outlet
Journal article
journal_article

1 = robust standard errors used in the model estimation; 0 = others
1 = log–log functional form in the model; 0 = others
log of the number of independent variables used in the model
1 = year-specific effects included in the econometric model; 0 = others
1 = use of lagged Airbnb supply as the independent variable, 0 = others
1 = ADR (benchmark), 2 = occupancy, 3 = RevPAR, and 4 = others
1 = monthly/daily data; 0 = yearly/biyearly/quarterly data in the model
1 = study published as a journal article; 0 = other publication outlets (e.g., thesis/
dissertation, working paper, conference paper)

Table 3. Descriptive Statistics of Variables in Meta-Regression.
Variable
r
SE(r)
property_data
midyear
robust_error
log_log
lnindep
timedummy
indep_lag
high_frequency
journal_article

Observations
466
466
466
466
466
466
466
466
466
466
466
Frequency

geography = Asia
geography = Europe
geography = Global
geography = North America
geography = Africa
class_hotel = all
class_hotel = low end
class_hotel = mid-scale
class_hotel = high-end
DV = ADR
DV = occupancy
DV = RevPAR
DV = Others

92
149
24
182
19
289
46
44
87
109
114
123
120

Mean
−0.042
0.044
0.326
2012.120
0.558
0.620
1.848
0.760
0.036
0.822
0.543
Percentage
19.74
31.97
5.15
39.06
4.08
62.02
9.87
9.44
18.67
23.39
24.46
26.39
25.75

Standard Deviation

VIF

0.175
0.052
0.469
2.545
0.497
0.486
0.618
0.428
0.188
0.383
0.499

3.47
3.47
2.46
3.41
1.98
2.56
2.14
1.19
1.81
2.94

Cumulative Percentage
19.74
51.72
56.87
95.92
100.00
62.02
71.89
81.33
100.00
23.39
47.85
74.25
100.00

3.03
2.03
3.84
2.98
3.33
1.97
2.54
1.92
1.91
1.92

Note: VIF = variance inflation factor.

2010). As shown in Figure 3, many points fall out of the
inverted funnel (pseudo 95% CI) area of the funnel plot, and
the plot looks asymmetric as indicated by the heavier left

portion. Therefore, the funnel plot indicates the presence of
type I publication bias. We further run a meta-regression to
test the presence of publication bias with SE(r) as the only
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Figure 2. Summary of effect sizes from different studies.
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standard error (precision) as the horizontal axis against the
associated standardized effect size. As shown in Figure 3,
more than 10% of observations fall out of the 95% CI region
parallel to the regression line, suggesting the presence of
type II publication bias.
In the presence of publication bias, we perform a trimand-fill analysis to pool the effect size. By doing that, we
impute the data to make the effect sizes symmetric. I2 is
99.66%, and the Q statistic of the test of homogeneity is
8094.66 (df = 365), indicating the strong heterogeneity
across estimates (Schmidt and Hunter 2014). Therefore, random effects analysis is used to pool the results. Table 5 presents the results of the combined effects. It shows that the
overall effect size is −0.037, and it is statistically significant
at the 0.05 level. As suggested by Doucouliagos (2011), a
combined effect of partial correlations lower than 0.07 indicates a small effect size. Therefore, the result shows that the
effect of Airbnb supply on hotel performance is very moderate and close to zero. Table 5 also presents the results of the
subgroup analysis. Across different geographical regions, the
negative effect is more sizable in North America than in
Asia, Europe, and Africa. The combined effect size is not
statistically significant at the 95% level in the subsamples of
European and African data. Across different hotel classes,
the negative effect size is most substantial for low-end hotels.
For studies using different hotel performance measures, the
negative effect size is larger for the occupancy subgroup than
ADR and RevPAR subgroups. The combined effect size is
statistically insignificant for other performance measures
(DV = Others).
Furthermore, we noticed that the effect size from published journal articles (journal_article = 1) is significantly
different from others (journal_article = 0) as the 95% CI of
the two subgroups does not overlap. Lastly, the combined
negative effect size is slightly more pronounced in the early
research period (midyear ≤ 2013) than the late one. Figure 4
further visualizes these combined effects and the associated
95% CI.

Meta-regression

Figure 3. Funnel plot and Galbraith plot for publication bias
analysis.

independent variable (model 1 in Table 4), and the coefficient of SE(r) is estimated to be negative and significant,
confirming the presence of this bias (Stanley and
Doucouliagos 2012). The Galbraith plot has the inverse of

Table 4 presents the estimation results of the WLS regression. Because the pooled effect size is negative, a negative
coefficient in meta-regression indicates that the negative
effect of Airbnb supply on hotel performance gets stronger
along with the increase in the corresponding independent
variable. Model 1 includes only SE(r), the standard error of
effect size, to test the publication bias. The coefficient of
SE(r) is estimated to be negative and significant, which indicates that a smaller partial correlation coefficient is associated with a higher precision of the estimates. This result
indicates the presence of significant publication bias and
supports the results from the funnel plot. In Model 2, we
include all proposed variables explaining the effect size as
explanatory variables of meta-regression, and the sample
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Table 4. Meta-regression Results Based on WLS Estimation.
Model 1

Model 2

Model 3

Model 4

Model 5

Model 6

All

All

ADR

Occupancy

RevPAR

Others

Variables

WLS

WLS

WLS

WLS

WLS

WLS

SE(r)

−1.667***
(0.557)

−4.125***
(0.956)
−0.037
(0.029)
−0.002
(0.005)
0.122***
(0.037)
0.274***
(0.057)
0.086**
(0.041)

−2.626***
(0.762)
−0.064
(0.047)
0.029***
(0.008)
−0.157
(0.107)
−0.045
(0.041)
−0.071
(0.043)

−1.685
(2.170)
−0.088
(0.098)
0.052
(0.061)
0.101
(0.110)

0.027*
(0.015)
0.005
(0.026)
0.033**
(0.012)
0.002
(0.026)
−0.113*
(0.061)
0.041***
(0.014)
0.007
(0.021)
0.010
(0.017)

0.003
(0.008)
0.024*
(0.013)
0.001
(0.005)
−0.045**
(0.020)
0.205**
(0.089)
−0.019*
(0.010)
−0.053
(0.040)
−0.016
(0.021)

−3.142***
(0.743)
0.076
(0.098)
0.013*
(0.007)
0.134
(0.092)
0.205***
(0.041)
0.123***
(0.033)
0.113
(0.082)
0.015
(0.010)
−0.037
(0.049)
0.016***
(0.005)
−0.045
(0.061)
−0.048
(0.092)
−0.011
(0.008)
−0.013***
(0.004)
−0.070
(0.052)

property_data
midyear
geography = Europe
geography = Global
geography = North
America
geography = Africa
class_hotel = all
class_hotel = midscale
class_hotel = highend
robust_error
log_log
lnindep
timedummy
indep_lag
DV = occupancy
DV = RevPAR
DV = others
high_frequency
journal_article
constant
N
Studies
R-squared
Adjusted R-squared
AIC
BIC

0.004
(0.005)
466
33
0.050
0.048
−1747.543
−1739.254

−3.368***
(0.908)
−0.001
(0.022)
0.008***
(0.003)
0.060**
(0.025)
0.046
(0.051)
0.010
(0.022)
0.071**
(0.029)
0.016
(0.011)
−0.022
(0.036)
0.017***
(0.006)
−0.024
(0.026)
−0.007
(0.011)
0.005
(0.012)
−0.013**
(0.006)
−0.029***
(0.011)
−0.011
(0.011)
0.001
(0.006)
−0.007
(0.007)
−0.038**
(0.018)
0.028
(0.021)
−16.372***
(5.607)
466
33
0.512
0.490
−2022.274
−1939.390

−0.107
(0.064)
−0.006
(0.017)
4.430
(10.488)
109
22
0.834
0.805
−489.114
−446.053

0.165*
(0.090)
−0.012
(0.021)
−58.953***
(17.079)
114
20
0.706
0.657
−542.843
−501.800

−0.035*
(0.018)
−0.054
(0.072)
−25.578*
(13.067)
123
18
0.702
0.654
−568.693
−529.323

Note: AIC = Akaike information criterion; BIC = Bayesian information criterion.
***, **, and * indicate significance at the 0.01, 0.05, and 0.10 levels, respectively. Robust standard errors are presented in parentheses.

−0.026
(0.046)

−0.025
(0.025)
0.011
(0.013)
−0.008
(0.018)
−0.102
(0.066)
0.289
(0.287)
−0.017
(0.013)
0.010
(0.021)
−0.020***
(0.004)

−0.038
(0.060)
0.264
(0.239)
−104.998
(123.067)
120
15
0.492
0.419
−617.961
−578.936
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Table 5. Pooled Effect Size Based on Trim-and-Fill Analysis.
Subgroup

Obs.

Total
geography = Asia
geography = Europe
geography = Global
geography = North America
geography = Africa
class_hotel = all
class_hotel = low-end
class_hotel = mid-scale
class_hotel = high-end
DV = ADR
DV = occupancy
DV = RevPAR
DV = Others
journal_article = 1
journal_article = 0
midyear <= 2013
midyear > 2013

466
92
149
24
182
19
289
46
44
87
109
114
123
120
253
213
264
202

Effect Size (ES)

Lower 95% CI of ES

Upper 95% CI of ES

−0.037
−0.014
−0.012
−0.085
−0.071
0.008
−0.033
−0.050
−0.030
−0.047
−0.036
−0.066
−0.048
0.010
−0.069
−0.010
−0.043
−0.029

−0.048
−0.018
−0.034
−0.117
−0.092
−0.018
−0.049
−0.068
−0.054
−0.073
−0.055
−0.088
−0.066
−0.019
−0.087
−0.019
−0.054
−0.049

−0.027
−0.011
0.010
−0.053
−0.051
0.034
−0.018
−0.031
−0.006
−0.021
−0.016
−0.045
−0.031
0.038
−0.052
0.000
−0.032
−0.009

Figure 4. Combined effect sizes (partial correlation coefficients)
for different subgroups.

Figure 5. Funnel plot for publication bias analysis, journal article
subsample.

covers a total of 466 estimates from 33 empirical studies.
The model has an adjusted R square of 0.49. First, SE(r) is
still estimated to be negative and significant. Second, the
coefficients of geography = Europe and geography = Africa
are estimated to be statistically significant and positive.
Since the average effect size is negative, the results show that
the negative effect of Airbnb supply on hotel performance is
less pronounced in European and African countries.
Regarding the other categorical variable, the coefficient of
class_hotel = high-end is estimated to be positive and significant, suggesting that the strength of the negative effect of
Airbnb is smaller for high-end hotels than low-end ones
(class_hotel = low-end, the reference group). Furthermore,
none of the DV categories is estimated to be significant,

indicating that the effect size does not vary significantly
across different measures of hotel demand/performance after
controlling for other factors. For other variables, timedummy,
indep_lag and high_frequency are estimated to be negative
and significant, showing that adding the time-specific effects,
using the lagged variable of Airbnb supply, and collecting
high-frequency data leads to a more pronounced negative
effect. More specifically, after including the time-specific
effects, the effect size changes from an average of 0.00951
to −0.00337, and after using the lagged variable, this effect
size changes from −0.00174 to −0.0311. The other variable,
midyear, is estimated to be positive and significant. This
result indicates that the negative effect of Airbnb decreases
over time.
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Table 6. Meta-regression Results of Robustness Check.

Variables
SE(r)
property_data
midyear
geography = Europe
geography = Global
geography = North America
geography = Africa
class_hotel = all
class_hotel = mid-scale
class_hotel = high-end
robust_error
log_log
lnindep
timedummy
indep_lag
DV = occupancy
DV = RevPAR
DV = others
high_frequency
journal_article
constant
N
Studies
R-squared
Adjusted R-squared
AIC
BIC

Model 7

Model 8

Model 9

Model 10

All
WLS

All
WLS

All
WLS

All
Logit

−1.785**
(0.821)
0.021
(0.024)
0.009***
(0.003)
0.062**
(0.029)
0.018
(0.049)
0.039
(0.024)
0.053
(0.036)
0.025**
(0.010)
−0.075
(0.057)
0.020***
(0.006)
−0.040
(0.024)
−0.008
(0.011)
0.012
(0.016)
−0.006
(0.012)
−0.050**
(0.018)
−0.017
(0.016)
−0.003
(0.005)
−0.006
(0.008)
−0.036*
(0.021)
0.001
(0.022)
−18.731***
(6.440)
466
33
0.640
0.624
−1920.834
−1842.095

−3.392***
(0.911)
−0.001
(0.022)
0.008***
(0.003)
0.060**
(0.025)
0.047
(0.051)
0.010
(0.022)
0.072**
(0.029)
0.016
(0.011)
−0.022
(0.036)
0.017***
(0.006)
−0.024
(0.026)
−0.007
(0.011)
0.005
(0.011)
−0.013**
(0.006)
−0.029***
(0.011)
−0.011
(0.011)
0.001
(0.006)
−0.007
(0.007)
−0.038**
(0.018)
0.029
(0.021)
−16.344***
(5.592)
465
33
0.513
0.491
−2020.677
−1941.978

−0.235
(0.840)
0.459***
(0.116)
−0.000
(0.003)
−0.057
(0.038)
0.069**
(0.030)
0.042**
(0.018)
−0.015
(0.071)
0.016
(0.018)
0.010
(0.024)
0.011
(0.014)
−0.361**
(0.124)
−0.035
(0.027)
0.022
(0.023)
−0.077***
(0.019)
−0.282***
(0.096)
0.001
(0.003)
0.002
(0.018)
0.001
(0.002)
−0.103
(0.086)

7.299*
(4.130)
−0.762
(0.814)
0.097
(0.091)
−0.301
(0.563)
0.466
(0.835)
−1.150
(0.808)
4.287***
(1.215)
2.121***
(0.797)
2.216**
(0.963)
2.354***
(0.886)
−0.254
(0.568)
0.259
(0.650)
0.471
(0.331)
−1.475**
(0.665)
−0.995***
(0.386)
−0.926
(0.670)
−0.729
(0.681)
−0.203
(0.606)
0.473
(0.565)
−1.749***
(0.627)
−196.962
(181.977)
466
33

0.078
(6.407)
253
17
0.514
0.474
−1306.874
−1253.873

Note: AIC = Akaike information criterion; BIC = Bayesian information criterion.
***, **, and * indicate significance at the 0.01, 0.05, and 0.10 levels, respectively. Robust standard errors are presented in parentheses.

470.051
548.790
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We further run the meta-regression of effect sizes on four
subsamples with different measures of hotel performance.
Specifically, models 3 to 6 present the estimation results
derived from those studies that estimate equations whose
dependent variables are ADR, Occupancy, RevPAR, and
Others, respectively. Note that each performance metric captures different angles of the relationship with the independent variables, so the results of the additional variables do
not necessarily have to be homogeneous across these models. For example, ADR provides insights on the pricing strategy, occupancy shows the lodging demand related to room
nights sold, and RevPAR takes into account both pricing and
room nights sold.
As indicated by the adjusted R square of models 3 to 5,
the overall goodness of fit is satisfactory. Model 3 (ADR)
and model 5 (RevPAR) provide some coincident results in
terms of estimates’ significance and sign. In these two models, geography = Global and geography = North America
are estimated to be positive, suggesting that the negative
effects of Airbnb on hotel ADR and RevPAR are smaller
using the global and North American sample (than the Asian
sample). Likewise, as indicated by the positive and significant coefficient of class_hotel = high-end, high-end hotels
are less impacted by Airbnb supply, and this is particularly
true for ADR. Some discrepancies can be recognized
between the two models. Model 3 shows that the price of
European hotels (geography = Europe) is less impacted
than its Asian counterparts, and the model with more independent variables (lnindep) yields a smaller negative effect
on price. In contrast, the results of model 5 highlight the
importance of research period (midyear), time effect specification (timedummy), and data frequency (high_frequency).
In particular, adding time-specific effects helps estimate a
more pronounced negative effect of Airbnb supply on hotel
RevPAR. In model 4 of hotel occupancy, the significant and
positive coefficient of midyear highlights the decaying negative effect of Airbnb supply on hotel occupancy over time.
The result also highlights the importance of model specification in hotel occupancy models. For example, the negative and significant coefficient of robust_error suggests that
the use of robust standard errors leads to a different estimate
of the Airbnb supply effect. Also, the model functional form
plays a role as indicated by the positive and significant coefficient of log_log. Considering the magnitude of this coefficient, which is 0.205, we find that the effect of functional
form is substantial to dictate the effect size of Airbnb supply
on hotel occupancy. Last, in model 6 for other dependent
variable measures, only indep_lag is estimated to be significant. The negative coefficient indicates that the negative
effect of Airbnb supply is stronger when the lagged effect
was considered.
We further run several robustness checks on our results in
Table 6. First, some studies in our data set include a large
number of effect sizes reported, while others only include a
few. We, therefore, use the frequency weight to make sure
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the total weights of observations from a single study sum up
to one. Model 7 presents the results, and the only change is
that the estimated coefficient of timedummy becomes statistically insignificant compared to model 2. Similar to model 2,
the effect size is attenuated in the case of European hotels as
well as when the sample consists of hotels in the high-end
category. The results also confirm that the negative effect of
Airbnb decreases over time (i.e., midyear coefficient is positive and significant). The results from model 7, therefore,
indicate that findings are robust. Second, we excluded the
outliers if the absolute value of the DFBETA statistic is larger
than one (Bollen and Jackman 1985). Only one observation
of effect size was excluded, and the updated model 8 presents findings very similar to those of model 2. Third, we estimate the model using the sample of journal articles only,
and model 9 presents this result. While timedummy and
indep_lag are still significant, the coefficient of midyear
becomes insignificant. These results suggest that adding
time-specific effects and including the lagged effect of the
independent variable show a more pronounced effect of the
Airbnb supply on hotel performance. However, in this subsample, the effect seems not to vary across research periods. The coefficient of property_data is statistically
significant and positive. The magnitude of this coefficient
underscores the importance of collecting property-level
data. Moreover, SE(r) was estimated to be insignificant. In
Figure 5, a funnel plot of journal article subsample includes
many points out of the inverted-funnel (pseudo 95% CI)
area, and the left-skewed asymmetric pattern indicates the
presence of type I publication bias. Lastly, we run a logit
regression by coding r into a binary variable: positive (y =
1) versus negative (y = 0). The results indicate that it is
more likely to observe a positive effect size in studies using
a sample of midscale and high-end hotels, specifying a nonlagged independent variable of Airbnb supply (indep_lag
= 0), without time-specific effects (timedummy = 0), and
not published in refereed journals (journal_article = 0).

Conclusion
Discussion
P2P accommodation platforms like Airbnb constitute a viable alternative to traditional hotel booking for many consumers. The substitution patterns between the two business
models have been widely investigated in academia. Extant
studies provide mixed results, with the majority of works
reporting a negative effect of Airbnb supply on hotel performance (e.g., Chang and Sokol 2020; Dogru, Hanks, Mody,
et al. 2020; Dogru, Hanks, Ozdemir, et al. 2020; Xie and
Kwok 2017). Stemming from this, the present study investigates the possible presence of publication bias (Stanley and
Doucouliagos 2012) and reveals a preference for publishing
studies that report a negative impact. The smaller combined
effect size in nonjournal articles suggests that positive and

14
nonsignificant effects are more likely to be found in research
published in other outlets, such as conference papers and
working papers, which receive less scrutiny from editors and
reviewers.
To determine the actual effect size, the study relies on 466
estimates from 33 published and unpublished studies. A metaanalysis finds evidence that the overall effect size is negative
but marginal, ranging between −0.036 and −0.066 (impact on
ADR and occupancy, respectively). The effect size is stronger
(−0.066) when using occupancy as the indicator of hotel performance. This result reflects that the detrimental effect of an
increase of Airbnb supply is more noticeable when studies
use occupancy measures compared to integrated measures of
performance that consider both occupancy and ADR. We
conclude that despite hotel occupancy being harmed by the
increase of Airbnb units, hotel revenues are affected to a
lesser extent. A possible explanation might be that the substitution effect is more likely to occur with low-rate hotel rooms.
This finding is in line with the stronger negative effect of
Airbnb on low-end hotels’ performance. Our analysis also
reveals that the combined negative effect size is slightly
stronger in studies that focus on an early research period
(midyear ≤ 2013) compared to those that consider a later one.
This result suggests that hotels are becoming more resilient to
the increase in rentals supply over time.
In Tables 4 and 6, we presented the specific boundary
conditions for the effects. Model 2, which includes all the
dependent variables from the 33 studies in the sample,
reveals interesting findings. The effect size varies across
continents. When looking at different geographical areas, the
results suggest that the overall effect is less pronounced in
Europe compared to Asia. European countries own a large
number of independent hotels that are not affiliated with any
chains, and these hotels can better customize their service to
better serve the local customers and provide more authentical
experiences. Therefore, Airbnb became less substitutable to
hotels’ products, leaving a diminished negative effect of
Airbnb supply on hotel performance there. The findings also
reveal that the negative effect is less salient for high-end
hotels (vs. low-end). This finding is in line with the results
from previous studies (Zervas, Proserpio, and Byers 2017;
Chang and Sokol 2020) and suggests that low-end hotels are
more vulnerable to the rise of Airbnb. This result also
emerges from model 5, which includes studies considering
RevPAR as the indicator of performance. These findings
might imply that low-end hotels should strengthen their differentiation from accommodation rentals to become resilient
to the competition of Airbnb.
Additionally, the study finds that some model specification factors affect the effect size. The negative effect is more
salient as the model includes the time-specific effect. When
the analysis uses robust standard errors for model estimation,
the negative effect on hotel occupancy is more pronounced.
Finally, when the models use the lagged variable of Airbnb
supply, the effect is also larger. This result may suggest the
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presence of intertemporal effects of Airbnb supply; that is,
hotel performance in the current period is also a function of
Airbnb supply in previous periods.

Theoretical and Practical Implications
The study has two clear theoretical implications. First, it
unveils the actual aggregate impact of Airbnb supply on
hotel performance. To date, most of the studies in the field
have used location-specific data. Our work instead provides
a more comprehensive picture for the effect. Specifically, the
meta-analysis quantifies a marginal and negative effect that
contradicts a number of previous empirical studies that are
restricted to a specific country or set of countries (e.g.,
Dogru, Hanks, Mody, et al. 2020; Dogru, Hanks, Ozdemir,
et al. 2020; Zervas, Proserpio, and Byers 2017; Xie and
Kwok 2017). While Airbnb listings in cities like New York
seem to be substitutes for traditional hotel accommodation
(Gunter, Önder, and Zekan 2020), our findings provide evidence that this substitution pattern does not translate into a
notable decrease in hotel performance. Indeed, our estimates
suggest that the overall effect of Airbnb supply on hotel performance is negative but very small. As such, the study
advances our understanding of the interplay between Airbnb
supply and hotel performance. Second, the study reveals that
model specification settings (e.g., the use of robust standard
errors or not) play a critical role in determining the effect
size. Building on this evidence, we recommend the specification of time-specific effects to the panel data model, the
use of robust standard errors, and the inclusion of more area/
location-specific independent variables into the empirical
model. These recommendations could be generalizable to
other econometric endeavors in tourism.
Additionally, our findings have clear implications for
practitioners and policymakers. Our study unveils a marginal
substitution of hotel demand by the growth of accommodation rentals in the case of low-end hotels. This substitution
trend might increase over time unless low-end hotels’ managers find effective ways to enhance their competitiveness in
the market. In fact, Airbnb—compared with the traditional
hospitality—benefits from a positive reviewing bias (Osman
et al. 2019), an enhanced human connection with hosts (Ert
and Fleischer 2020), and opportunities for cocreation of
experiences (Buhalis, Andreu, and Gnoth 2020). To face
these threats, the traditional hospitality could consider strategic actions such as the provision of extended services (e.g.,
offering personalized experiences through partnerships with
local independent businesses) or investment in marketing
capabilities (Revilla-Camacho et al. 2020) and product
development (e.g., extending the range of facilities to accommodate emerging guests’ needs).
The study provides actionable policy suggestions. While
Airbnb supply increases employment and generates income
and taxes at the destination (Dogru, Mody, Line, et al. 2020),
its growth often leads to instability in the short-term rental
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market. This is the first study that synthesizes the literature
on the effects of Airbnb supply on hotel performance and
presents the overall effect by geographic area. Local authorities in geographic areas with high penetration of P2P accommodation rentals (e.g., North America) might be able to
exploit this source of income more effectively by regulating
this market (Nieuwland and Van Melik 2020). For instance,
Vinogradov, Leick, and Kivedal (2020) suggest that no regulation of P2P rentals will lead to an uneven growth pattern
and highlight the benefits of moderate taxation.

Limitations and Future Research Agenda
Our study is not without limitations. First, the findings emerge
from a set of works that only consider one P2P accommodation platform (i.e., Airbnb). While properties listed on Airbnb
represent the main source of P2P accommodation supply,
additional holiday rental platforms like Homeaway also operate in this marketplace. Second, because of the limited sample
size for meta-analysis, we are unable to scrutinize some additional factors in the meta-regression, such as the specific type
of control variables in the model and chain hotel affiliation.
Importantly, independent hotels can use revenue management
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tools (Abrate, Nicolau, and Viglia 2019; Abrate and Viglia
2016) to react to these different sources of competition and
boost their revenues. Third, we recognize the heterogeneous
nature of the data and, even though we have tried to address
this issue to the fullest extent by accounting for a comprehensive set of factors in the analysis, the variability of the P2P
phenomenon is a limitation because total control is not attainable. Fourth, owing to the limited sample size of publications
from well-reputed journals, we were unable to limit our metaanalysis to this specific subsample. Last, the accommodation
sector is witnessing a great dynamism, with new P2P catering to the increasing demand for unique accommodation
(Wang, Asaad, and Filieri 2020) and different tourism flows
(Ribaudo and Figini 2017). It is worth noting that the whole
sector may also face a temporary swift decrease in demand
instigated by the global pandemic (COVID-19). Together
with the professionalization of the sector, these trends will
shape the future interplay of P2P and traditional accommodation (Dolnicar and Zare 2020), with full flat options preferred to shared flats (Bresciani et al. 2021). Acknowledging
this, our study paves the way for innovative multilevel metaanalytic approaches (Maseeh et al. 2021) on the impact of
Airbnb on hotel performance.
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