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Abstract
Accounting for about 290,000 to 650,000 deaths across the globe, seasonal influenza is estimated
by the World Health Organization to be a major cause of mortality. Hence, there is a need for a
reliable and robust epidemiological surveillance decision-making system to understand and combat
this epidemic disease. In a previous study, the authors proposed a decision support system to fight
against seasonal influenza. This system is composed of three subsystems: (i) modelling and
simulation, (ii) data warehousing, and (iii) analysis. The analysis subsystem relies on Spatial On
Line Analytical Processing (S-OLAP) technology. Although the S-OLAP technology is useful in
analysing multidimensional spatial datasets, it cannot take into account the inherent multicriteria
nature of seasonal influenza risk assessment by itself. Therefore, the objective of this paper is to
extend the existing decision support system by adding advanced multicriteria analysis capabilities
for enhanced seasonal influenza risk assessment and monitoring. Bearing in mind the
characteristics of the decision problem considered in this paper, a well-known multicriteria
classification method, the Dominance-based Rough Set Approach (DRSA), was selected to boost
the existing decision support system. Combining the S-OLAP technology and the multicriteria
classification method DRSA in the same decision support system will largely improve and extend
the scope of the analysis capabilities. The extended decision support system has been validated by
its application to assess seasonal influenza risk in the northwest region of Algeria.
Keywords: Seasonal influenza, Risk assessment, Dominance-based Rough Set Approach,
Multicriteria classification
1. INTRODUCTION
1.1. Seasonal Influenza Risk Assessment
Seasonal influenza is a highly transmissible virus causing significant morbidity and mortality
during yearly seasonal winter epidemics, particularly in the elderly and those with underlying
medical conditions (Santos et al., 2013). This epidemic is categorized as a contagious disease
accounting for the largest number of deaths by way of infection. According to the World Health
Organization (WHO), the death toll from seasonal influenza is estimated at 290,000 to 650,000
1
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while between 3 and 5 million severe cases die per year worldwide.1 Fighting against seasonal
influenza and monitoring its spread is, therefore, the concern of several scientific research teams
and different governmental control programs around the world (Arita et al., 2008; Mayer, 2008;
Muscatello et al., 2017).
In this context, the local authorities in Oran’s province in the northwest region of Algeria have
initiated a pilot research project devoted to designing and developing a reliable and robust
epidemiological surveillance decision support system to understand and combat seasonal influenza
in Oran’s region. The study was then extended to include six other provinces in the northwest
region of Algeria. Being the main city in the region, Oran is densely populated with a major trade
port and several industrial zones. Oran (and its suburbs) is equally home to a significant university
centre with more than 75,000 students in 2019 and is known for its intensive sportive and cultural
activities. In addition to Oran, the study area contains other large but less densely populated cities
(namely Ain Temochent, Mascara, Mostaganem, Rélizane, Saïda and Sidi Belabess) with important
economic, industrial, and cultural activities.
Seasonal influenza is characterized by complex transmission and spread mechanisms involving
different criteria that are linked to (i) the medical characteristics of seasonal influenza, (ii) the
spatial dynamics of the disease (e.g., transmission mode, infection duration), and (iii) the social
structure of individuals (such as the concentration of population in urban areas and social
relationships and connections). Seasonal influenza risk assessment has an inherent multicriteria
nature because (i) it requires the consideration of various conflicting criteria related to the socioeconomic (e.g., poverty, presence of industrial zones) and environmental (e.g., climate, pollution,
humidity) aspects that characterize and control seasonal influenza disease spread, (ii) these criteria
are incommensurable because they are defined on different measurement scales, and (iii) it
involves different experts and policymakers with conflicting preferences and objectives.
1.2. Previous Research
During the first phase of the pilot research project, a decision support system (called SYDSEP)
was designed and implemented by the authors (see Younsi et al., 2015a; 2015b; 2017). This system
is composed of three main subsystems: (i) modelling and simulation, (ii) data warehousing, and
(iii) analysis. The first subsystem is dedicated to understanding the mechanism of seasonal
influenza spread. It relies on the combination of a well-known compartmental model called
Susceptible-Exposed-Infected-Removed (SEIR) and the Small World (SW) social network. This
innovative solution permits modelling the spread of seasonal influenza more efficiently. The SEIR
(Prakash et al., 2017; Ozalp and Demirci, 2011; Robertson, 2019; Thompson, 2016), issued from
mathematical epidemiology, uses nonlinear ordinary differential equations, while the transmission
of the influenza virus occurs through person-to-person contact. The contact between susceptible
and/or infected individuals takes the form of a network. The SW social network (Newman, 2010;
Watts and Strogatz, 1998) allows for capturing the complex dynamics responsible for the spread of
seasonal influenza diseases over a large area and enhances the simulation system. Thus, using the
compartmental model SEIR and the social network SW in the same decision support system will
permit the handling of their respective shortcomings because (i) the SEIR will enable the modelling
of the medical aspects and the spatial dynamics of seasonal influenza, and (ii) the SW social
1
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network will make it possible to represent correctly the transmission of the influenza virus in the
population.
The implementation of compartmental models and social networks necessitates the specification
of several parameters including the size of susceptible and infected populations, the distribution
and probability of rewiring, transmission rate, incubation period, and recovery rate. These
parameters are often estimated through simulation tools. The estimation of the above-cited
parameters requires the use of large datasets from different sources. Thus, a data warehousing
subsystem was incorporated in SYDSEP to store the required data. It is also the repository for
simulated and extracted data.
The analysis subsystem relies on the Spatial Online Analytical Processing (S-OLAP) technology
to monitor and control the spatial and temporal spread of seasonal influenza using collected,
estimated, and extracted data. This technology is the result of integrating classical OLAP decision
tools with Geographic Information Systems (GIS; Burrough, 2015). The usefulness of S-OLAP
technology in analysing multidimensional spatial datasets for spatial risk assessment purposes has
been demonstrated in real life (e.g., Ponjavic and Karabegovic, 2012).
1.3 Study Outline
Several conceptual, methodological and empirical studies on infectious diseases have been
proposed in the literature (see Section 2.1 for a brief review). Although some proposals have been
devised to assess seasonal influenza risk, there is still limited research on how to handle jointly
spatial dynamics, social and multicriteria aspects of seasonal influenza disease. In particular,
existing approaches perceive the seasonal influenza risk as the product of hazard and vulnerability,
and thus fail to encompass properly the complex relationships between all the factors affecting
seasonal influenza spread. Additionally, existing multicriteria analysis-based approaches that have
been adopted to assess the risk of seasonal influenza (i) rely on additive aggregation methods and/or
require a considerable number of preference parameters and (ii) fail to include adequately the
experts' knowledge and judgements.
In this article, we propose a framework that uses the dominance-based principle of rough set. This
principle induces minimal covering if-then decision rules that relate condition values to seasonal
influenza risk levels. These decision rules represent a summary of the experts' knowledge and
judgements; they permit the assignment of a synthetic risk level to each district of the study area
by comprehensively aggregating different aspects of seasonal influenza disease. The proposed
framework has been validated after it was applied to assess seasonal influenza risk in the northwest
region of Algeria. Different validation strategies show that the generated decision rules are able to
reproduce correctly the judgements of experts. Furthermore, the application of these rules on the
study area allows the generation of comprehensive seasonal influenza risk maps. The latter are
crucial for public health authority as well as for management and control of the spread of the
disease.
2. BAKGROUND
2.1 Literature Review
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Several studies on seasonal influenza risk assessment have been proposed in the literature. A
selection of these studies that use S-OLAP technology, multicriteria analysis, or both are discussed
in this section. Table I provides the context, objectives, and methods used in the selected studies.
Table II summarizes the discussed proposals with respect to their support of disease dynamics, use
of simulation and data warehouse tools, support of multidimensional spatial analysis, and support
of multicriteria analysis. The last column in Table II identifies the main drawbacks of the
approaches considered. It is important to note that not all the studies cited in these tables are
concerned with seasonal influenza risk assessment; they have been included in this analysis
because they address a problem similar to seasonal influenza risk assessment.
Table I Characteristics of Discussed Approaches
As shown in Table II, with the exception of Younsi et al. (2018), none of the discussed approaches
can jointly deal with all the characteristics of seasonal influenza disease, namely (i) the complex
nature of seasonal influenza dynamics, (ii) the social structure and activities of individuals, and
(iii) the diversity of criteria affecting the seasonal influenza risk assessment. There is also a lack of
appropriate decision tools permitting one to monitor and control the spatial and temporal spread of
seasonal influenza disease while accounting for the medical, socio-economic, and environmental
criteria. In turn, the proposed decision support system can handle all these characteristics
adequately.
The multicriteria analysis has been applied to study different diseases (e.g., Araz, 2013; Dom et al.,
2016; Jing et al., 2007; Stevens et al., 2013; Thirumalaivasan et al., 2003). Jing et al. (2007), for
instance, developed a risk assessment framework to evaluate the risk of highly pathogenic influenza
(HPAI) in mainland China. Risk criteria were determined by analysing the epidemic data using the
brainstorming method; the Analytic Hierarchy Process (AHP; Saaty, 1980) was designed to weight
risk criteria, and the integrated multicriteria analysis was used to evaluate the final result. Stevens
et al. (2013) used multicriteria analysis to identify areas in Asia that are apt to the occurrence of
highly pathogenic influenza virus (HPAIV) H5N1 in domestic poultry. The objective of the study
was to model the continental-level risk of (HPAIV) H5N1 occurrence in domestic poultry with a
fair degree of predictive accuracy, particularly the broad location of disease “hotspots.” Araz (2013)
developed an epidemiological simulation tool based on the SEIR mathematical model for pandemic
influenza (H1N1), which enables users to make decisions during a simulated pandemic. They
designed a school closure table-top exercise using their simulation model as a decision-support tool
with a bi-criteria analysis for evaluating the effectiveness of school closure as a community
mitigation strategy for pandemic influenza.
Table II Comparative Study
The multicriteria analysis has also been jointly used with S-OLAP technology and applied to assess
the risk of different diseases. For instance, Zemri and Hamdadou (2014) addressed the integration
of the multicriteria method PROMETHEE (Brans and Mareschal, 2005) with S-OLAP technology
to identify and classify disease outbreaks. Hanine et al. (2013a, 2013b) conducted different SOLAP processing tests and advised to enhance the capabilities of the S-OLAP process by
integrating it with multicriteria analysis. Boutkhoum et al. (2015, 2016) argue that the combination
of multicriteria decision analysis with fuzzy sets theory offers an efficient approach to solve
complex decision problems and to extract relevant information from S-OLAP results. In a related
4
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study, Younsi et al. (2018) extended SYDSEP by incorporating the PROMETHEE II (Brans and
Mareschal, 2005) ranking method, which improved its analytical capabilities. However, the use of
PROMETHEE II in practice necessitates the specification of several preference parameters. This
requires a high cognitive effort on the part of the experts and policymakers.
2.2. Risk Definition and Modelling
The definition of risk differs according to the application domain. However, risk is generally
conceptualized as a function of hazard and vulnerability and expressed as follows:
Risk = f(Hazard, Vulnerability)

(1)

The function f is often defined as the product of hazard and vulnerability (see e.g., Balica et al.,
2009; Ferretti and Montibeller, 2019; Kumpulainen, 2006; Michel-Kerjan et al., 2013):
Risk = Hazard x Vulnerability

(2)

This conceptual framework is an abstract and general description of correlation between the
components hazard and vulnerability and does not reflect the complex interrelations of these
components and their various aspects (Taubenböck et al., 2008). Hazard and vulnerability are in
fact multidimensional concepts that should include demographic, social, economic, ecological,
geographical, and other aspects depending on the type of risk and application domain (e.g., Adger,
2006; Ganin et al., 2017). In this paper, hazard measures the likelihood of the occurrence of an
event (i.e., outbreaks of seasonal influenza disease) while vulnerability measures the gravity of the
consequences of the disease. In this case study, hazard is related to the disease and can result from
several criteria including transmission rate, mortality, average temperature, and relative humidity.
The vulnerability here is that of the population exposed to seasonal influenza virus. It can be
estimated through several criteria such as the distribution degree, coefficient of clustering, density
of individual networks, and presence of industrial zones.
In the present paper, the function f in the conceptual framework (1) is replaced by a multicriteria
aggregation operator  as follows:
Risk = (Hazard, Vulnerability)

(3)

Thus, risk is defined as the combination (and not the product) of hazard and vulnerability
components. The multicriteria aggregation operator  may take one of three forms:

Additive aggregation where each district is given a score with respect to each criterion, and
the global score accounting for all criteria is obtained by aggregating all the partial scores.
Examples of using additive aggregation-based methods are given in Ganin et al. (2017), Ferretti
and Montibeller (2019), and Yemshanov et al. (2013).

Outranking relation-based aggregation where a preference degree is assigned to every
ordered pair of districts with respect to each criterion, and then a global preference degree is
obtained by aggregating all the partial preference degrees. Examples of using outranking relationbased aggregation methods are found in Mercat-Rommens et al. (2015) and Younsi et al. (2018).
5
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Decision rule-based aggregation where a set of conditional statements relating criteria
scores to possible decisions are inferred from the input dataset. Examples of using decision rules
aggregation methods for risk assessment are given in Chakhar and Saad (2012) and Legay et al.
(2015).
Several multicriteria classification methods (namely, ELECTRE TRI, FlowSort and PROAFTN;
see Ishizaka and Nemery, 2013; Greco et al., 2015) that are based on additive or outranking
relation-based aggregation can be used to address the decision problem in question. However,
outranking relation-based aggregation methods are very demanding in terms of preference
parameters and may face computational limitations (see e.g., Marinoni, 2006; Chakhar and
Mousseau, 2008). Moreover, additive aggregation-based methods face two critical issues:
compensation problem and artificial aggregation. The compensation problem is a strong
assumption shared by all multicriteria methods using additive aggregation schema (see e.g.
Bouyssou, 1986; Martin and Mazzotta, 2018). It arises when low criteria values are
counterbalanced by other high values. In our case study, this may lead to having districts with wellbalanced medium partial risk levels on all criteria to be judged as being equivalent to districts not
only with some low partial risk on a number of criteria, but also with some high partial risk levels
on other criteria. Artificial aggregation, on the other hand, holds when values of incommensurable
criteria are combined to obtain a single value. This problem is faced by all multicriteria methods
that use additive aggregation schema since these methods require the mapping of all qualitative
and symbolic criteria scores into numerical ones. Being a typical rule-based aggregation method,
the rough set based approach used in this paper avoids all these issues.
3. METHODS
3.1. Enhancement of Existing Framework
Though the S-OLAP technology incorporated in SYDSEP is useful for analysing multidimensional
spatial datasets, it cannot take into account the inherent multicriteria nature of seasonal influenza
risk assessment by itself. This is mainly due to the use of statistical and other simple operators
adopted to combine different dimensions (representing different variables or criteria). This will
lead to information loss problem which happens when simple statistical operators, such as minoperator or max-operator or averaging operators, are used. The use of min-operator (max-operator
resp.) on a sequence of criteria values will result in a lower bound (upper bound resp.) of the overall
risk level. Angstenberger (2001, ch 5, pp. 155-198) argues that these operators can be used if
the number of values to be aggregated is rather small. Otherwise, these aggregation operators
are too restrictive and the information loss during the aggregation is too high. Moreover, if
outliers are present in the sequence of criteria values, the aggregated value is no longer
representative. In this case, it seems more appropriate to use non-parametric averaging operators
such as the arithmetic and geometric mean (Angstenberger, 2001, ch 5, pp. 155-198).
In addition, the S-OLAP technology cannot consider the preferences of the policymakers such as
criteria weights and preference direction. These shortcomings of the S-OLAP technology can be
easily handled using multicriteria analysis.
During the second phase of the pilot research project, attention was paid to extending the existing
decision support system SYDSEP by adding advanced multicriteria analysis capabilities for an
6
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enhanced seasonal influenza risk assessment and monitoring. Currently, there are many wellestablished multicriteria methods in the literature (e.g., Ishizaka and Nemery, 2013). Based on the
characteristics of the decision problem considered in this paper, Dominance-based Rough Set
Approach (DRSA), a well-known multicriteria classification method proposed by Greco et al.
(2001, 2002) was selected to enhance SYDSEP.
Including the S-OLAP technology and the multicriteria classification method DRSA in the
proposed decision support system will largely enhance its analysis capabilities. In fact, the S-OLAP
technology and multicriteria analysis are two complementary tools, and their combination will help
in dealing with their respective shortcomings because (i) the S-OLAP technology will support
analysing multidimensional spatial datasets, and (ii) the DRSA will be able to handle the inherent
multicriteria nature of seasonal influenza risk assessment.
The proposed system combines simulation tools, spatial business intelligence tools (namely spatial
data warehouse, S-OLAP technology, social networks), and multicriteria evaluation. This
integrated tool permits jointly handling the characteristics of seasonal influenza disease mentioned
earlier.
3.2. Multicriteria Classification Method
The purpose of multicriteria classification in SYDSEP is to assign a seasonal influenza risk level
to each district. This can be achieved by considering the descriptions of all the districts with respect
to the evaluation criteria. In this paper, the multicriteria classification method DRSA (Greco et al.,
2001, 2002; Chakhar et al., 2016) was selected based on the guidelines proposed in several studies
(Ferretti and Montibeller, 2016; Guitouni and Martel, 1998; Roy and Słowinski, 2013) as well as
on the characteristics of the decision problem considered in this paper. An introduction to the
principles of DRSA is given in the rest of this subsection, while more details can be found in
Appendix A.
3.2.1 Principles of DRSA
DRSA is a preference learning approach that extends classical rough set theory (Pawlak, 1991) to
multicriteria classification. The input of rough set analysis is a dataset representing information
about a set of objects that are described by a set of attributes. The set of objects is called learning
examples. Their definition is a crucial task in the application of rough set theory. Some general
guidelines on learning examples specification are given in Section 3.2.2. The aim of rough set
analysis is to induce a set of rules that determine whether an object belongs to a particular subset
called decision class whose definition is known a priori. In this paper, decision classes correspond
to seasonal influenza risk levels. The obtained rules are then adopted to classify new objects. The
advantage of this approach is that the decisions can be predicted for the new objects without an
extensive decision-making process.
There are three main differences between DRSA and the classical rough set theory. First, DRSA
assumes that attributes are preference-ordered, while classical rough set theory considers only
regular attributes. Preference-ordered attributes are commonly called criteria in multicriteria
analysis. Second, decision classes in DRSA are preference-ordered, while this is not a requirement
in classical rough set theory. Third, DRSA replaces the indiscernibility relation used in classical
7
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rough set theory by the dominance relation, which is more appropriate to multicriteria analysis.
The dominance principle, which can be seen as monotonicity constraints, is stated as follows for
our application: “If district x is at least as risky as district y with respect to all criteria, then district
x should be classified at least as risky as district y.”
In the considered application, four decision classes, denoted Cl1 to Cl4, have been defined. These
classes express an increasing seasonal influence risk level where Cl1=‘Low’, Cl2=‘Average’,
Cl3=‘High’, and Cl4=‘Very High’.
To handle the monotonic dependency between criteria and decision classes, DRSA uses two
collections of union of classes defined as follows:



Clt≥=s≥t Cls: upward union of classes
Clt≤=s≤t Cls: downward union of classes

Figure 1 shows the definition of union of classes. Then, DRSA determines the lower approximation
for each union of classes (corresponding to objects, which according to their description certainly
belong to the union of classes) and the upper approximation (corresponding to objects, which
according to their description possibly belong to the union of classes). Boundary is the difference
between lower and upper approximations. Therefore, rough set theory, especially DRSA, clearly
separates certain and uncertain information (Stefanowski and Vanderpooten, 2001). Decision rules
can then be extracted from the obtained approximations as discussed in Section 3.2.3.
Figure 1 Definition of Union of Classes
The quality of input data and accuracy of obtained approximations can be checked through two
measures (Greco et al., 2001, 2002; Chakhar et al., 2016): quality of the approximation and
accuracy of the rough-set representation of classes. The quality of the approximation is defined as
the ratio of all correctly classified districts to all districts. The accuracy of the rough-set
representation of classes is the ratio of the number of districts in the lower approximation into the
number of districts in the upper approximation.
The DRSA also defines two concepts that could indicate some information about the importance
of the criteria. These concepts are the reduct and the core. A reduct is a subset of criteria that can
fully characterize by itself the knowledge in the set of learning examples. The set of criteria that is
common to all reducts is called the core.
3.2.2. Specification of Learning Examples
The definition of the learning examples involves two operations: (i) the selection of a representative
subset of districts and (ii) the assignment, by the experts, of the selected districts on the four-level
ordinal risk scale defined earlier. Each district should be assigned to a single class. The definition
of exemplary decisions is a crucial task in all machine-learning approaches. At this level, it is
important to emphasize that there are no formal rules that can be used to identify the learning
examples coherently. In this respect, the authors in Legay et al. (2015) identified some general
guidelines that can be followed to obtain the “best” set of learning examples: (i) the districts should
be as representative as possible by including different specifications and characteristics; (ii) the
8
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districts should be non-redundant (in terms of their evaluation with respect to different criteria);
(iii) the districts should cover all the decision classes; and (iv) the districts should ideally be wellknown to the experts.
In the considered case study, 239 districts have been assessed and 127 of them have been used for
learning and validation; the remaining 112 districts have been used for testing.
3.2.3. Induction of Decision Rules
Induction of decision rules can be performed according to different perspectives (Stefanowski and
Vanderpooten, 2001): (i) discovery-oriented induction, and (ii) classification-oriented induction.
The aim of discovery-oriented induction is to discover information patterns from datasets that
clarify the dependencies between values of attributes and definitions of decision classes. The
purpose of classification-oriented induction is to find a collection of decision rules from the set of
learning examples. The latter will be used to classify future examples. We are interested in the
second perspective in this paper.
A decision rule is a consequence relation E  H (read as “If E, then H”) where E is a condition
(evidence or premise) and H is a conclusion (decision, hypothesis). Each elementary condition is
built upon a single criterion, while a consequence is defined based on a decision class. Three types
of decision rules can be considered in DRSA: (i) certain rules generated from lower
approximations; (ii) possible rules generated from upper approximations; and (iii) approximate
rules generated from boundary regions. Only certain decision rules are considered here (the other
types of rules are used mainly for sensibility analysis). Their general structures are as follows:



If condition(s), then Risk Level ≥ Clt
If condition(s), then Risk Level ≤ Clt

The condition part specifies values assumed by one criterion or more, and the decision part
specifies an assignment to one risk level or more.
The application of the decision rules on districts will assign each district x to an interval of the form
[l(x),u(x)] where l(x) and u(x) are the lower and upper bounds of risk levels to which district x is
assigned. When the lower and upper risk levels are equal, the district x will then be assigned an
exact risk level. Otherwise, the risk level of district x lies between l(x) and u(x). To obtain a precise
risk level, the DRSA selects the highest one, i.e., u(x) (Błaszczynski et al. 2007). This is appropriate
to our case study since it reflects a prudent attitude toward seasonal influenza risk.
3.2.5. Validation and Exploitation of Decision Rules
The obtained rules need to be validated before being put into practice. Four validation techniques
are commonly used (see Hu et al., 2017): direct analysis, reclassification, holdout and crossvalidation. The first technique is based on a direct analysis of the decision rules by the expert by
way of indicating his/her agreement level with each rule with a five-point Likert scale. The
reclassification technique consists of using the generated decision rules to re-classify the original
9
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districts and then measure the accuracy of the classification. The holdout validation technique is
adopted when the dataset is split up into a training set and a test set. The training set is what the
model is trained on, and the test set is used to see how well that model performs on unseen data.
The cross-validation or k-fold cross-validation is used when the dataset is randomly divided into k
groups. One of the groups is used as the test set and the rest as the training set. The model is trained
on the training set and scored on the test set. Then the process is repeated until each unique group
has been used as the test set.
The validated decision rules can then be used to predict the seasonal influenza risk level for new
districts (i.e., that have not been included in the learning examples). At this level, we note that the
multicriteria classification operation is structured as an iterative decision-making process, and the
process can be repeated whenever required. Furthermore, the iterative structure of the decisionmaking process enables the system to “learn” from past experiences. In fact, the final classifications
can be used as input for inducing a set of more refined decision rules. This can enhance the system
over time.
3.3. Novelty and Main Findings
With respect to our previous work reported in Younsi et al. (2015a; 2015b; 2017), the novelty in
this paper concerns the incorporation and use of multicriteria analysis to combine and synthesize
hazard and vulnerability data into an ordered and comprehensive risk map. The use of multicriteria
analysis will tackle the information loss issue encountered by S-OLAP technology. Combining SOLAP technology and multicriteria analysis in the same decision system boosts the existing tool
by offering an adequate analysis and decision support system for public health policymakers
through additional and advanced analytical capabilities. Furthermore, the use of multicriteria
analysis is a crucial advantage over alternative risk definitions, namely those based on taking the
product of hazard and vulnerability. Particularly, the multicriteria method adopted in this paper
does not need to transform non-numerical data into numerical data, as required by classical risk
definition models.
Bearing in mind the other proposals based on the use of multicriteria methods, the novelty results
also from the use of logical aggregation schema instead of additive aggregation methods that have
important scaling and compensation assumptions (see e.g., Martin and Mazzotta, 2018) or
outranking relation-based aggregation strategies. Adopting the logical aggregation will solve the
compensation and “artificial” aggregation of incommensurable criteria issues encountered by
additive aggregation methods and reduce the number of preference parameters and computational
limitations met by outranking-based aggregation methods (see e.g., Marinoni, 2006; Chakhar and
Mousseau, 2008).
Another important aspect of the proposed framework is the use of a powerful preference learning
method. The DRSA has a typical machine-learning working mechanism with some unique
additional features that are not available in most of the other machine learning or multicriteria
methods:
(1) Ability to deal with incomplete/missing criteria values. The DRSA accepts any data type,
including numerical, ordinal, nominal, symbolic and binary. The DRSA is also able to deal
with incomplete/missing criteria values. Three types of incomplete/missing attribute values
10
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(2)

(3)

(4)

(5)

can be handled by DRSA (see Błaszczynski et al., 2012b, Słowinski et al., 2002): (i) lost
values where we assume that the values were recorded but are currently unavailable; (ii)
attribute-concept values where missing attribute values may be replaced by any attribute
value limited to the same concept; and (iii) ''do not care'' conditions where original values
are supposed to be irrelevant. It is also possible to use the characteristic relation (see
Grzymała-Busse and Grzymała-Busse, 2007) that enables us to process data sets with the
three types of missing attribute values at the same time: lost values, attribute-concept values
and irrelevant conditions.
Detecting and solving inconsistency problems. One of the advantages of DRSA is its
ability to detect and deal with inconsistency problems (see Deng et al., 2013, Słowinski et
al., 2000). The basic philosophy of DRSA is to use the information provided by experts and
policymakers in order to obtain decision rules that model their preferences even if it
contains some inconsistent assignments. Within DRSA, the inconsistency and ambiguity in
the data set is modelled using rough set concept of boundary region adjoining lower and
upper approximations of risk classes. The ability to detect inconsistency problems is an
important characteristic of the analysis method, especially during the phase of the data table
construction and preliminary problem analysis.
Higher involvement from experts and policymakers. The DRSA is a typical machinelearning approach that uses a subset of learning examples as input to extract and generalize
the preferences of the experts and policymakers to unseen districts. The use of a learning
set-based approach enhances the proposed decision support system in the sense that it
enables better involvement on the part of the experts and policymakers since they are
strongly implicated in the decision-making process.
Reduction of cognitive effort. This is because the DRSA does not require that experts and
policymakers specify any preference parameter. In our experience, the definition of
preference parameters is a difficult task, especially for experts and policymakers with no
background in multicriteria analysis. In practice, experts and policymakers are more
comfortable with providing these examples than with specifying the preference parameters,
as is the case with alternative multicriteria classification methods.
Higher explanatory power. The output of DRSA is a collection of conditional statements
that have a straightforward interpretation, and they are easily understandable by the experts
and policymakers (Błaszczynski et al., 2012a). Policymakers can easily see the relationship
between the characteristics of each district and its corresponding risk level. In contrast to
the existing threshold-based risk assignment methods, the seasonal influenza disease risk
presented in this paper is based on a collection of conditional statements that relate hazard
and vulnerability criteria to different risk levels. In this way, there is no aggregation between
hazard and vulnerability criteria; as such, the problems of compensation and information
loss are avoided.

4. DATA
4.1. Evaluation Criteria
Policymakers and experts (public health officials and epidemiologists) have identified a set of 13
criteria that influence seasonal influenza spread. A series of meetings with experts from different
domains have been conducted by the authors to finalize and characterize these criteria. The
characteristics of these criteria are summarized in Table III and detailed in Appendix B. Table III
11
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indicates data type, domain, preference direction, and data sources for each criterion. The data type
can be continuous, integer, or ordinal. The ordinal data type refers to qualitative data with ordered
domains. The domain is the set of possible values. The preference direction can take one of three
values: (i) gain if increase in the criterion value increases the risk level, (ii) cost if increase in the
criterion value decreases the risk level, and (iii) none if neither (i) or (ii) applies.
Table III Evaluation Criteria
4.2. Data Collection
The multicriteria analysis requires the assessment of all districts with respect to the criteria list. The
initial values of temperature and humidity were collected by the National Office of Meteorology
and represent the daily average temperature and relative humidity over a period of three months.
The final values of the criteria Avg_Temp and Rel_hum were obtained by averaging these initial
values in each district. The Mortality values were received from the Direction of Heath and
Population, while those of Indus_Zone came from the Study and Achievement Centre in Urban
Planning. The values for the criteria Attak and Incidence were extracted from the data warehouse
using SOLAP technology.
The values of the criteria Alpha, Beta, Gamma, and k were obtained by simulation using SEIRSW. The input for the simulation is a collection of time series data relative to the seasonal influenza
outbreak of 2009 in the northwest region of Algeria taken from the Public Health Department. The
data are composed of 12,715 records from 239 districts in the northwest region of Algeria. They
were collected during two distinct epidemic waves (from Week 35 to Week 42 and from Week 43
to Week 52 of the year 2009) in the targeted study area. To conduct the simulation, we first asked
the experts to provide the variation intervals for the criteria Alpha, Beta, Gamma, and k. Then a
series of simulations were run for each district to determine the optimal values for the criteria
Alpha, Beta, Gamma, and k. The optimal values were those that best fit the data input. The optimal
values were reached by comparing the observed data and the numerical simulation outputs by using
linear correlation and Kolmogorov-Smirnov tests (see Younsi et al., 2015a).
Using the distribution degree k and the number of susceptible individuals in each district, the SEIRSW generates a small world network representing the social relationship within each district. The
values of the criteria A_P, CC, and D_N for each district were then extracted from the
corresponding optimal social network by using the software Gephi.2 The latter is an open-source
visualization and exploration software for graphs and networks. It is important to mention that due
to a lack of data, only intra-district social relationships were considered for computing the values
of criteria A_P, CC, and D_N.
5. RESULTS AND DISCUSSION
5.1. Study Area

2

Available at https://gephi.org/.
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The study presented in this paper covers seven provinces (namely, Ain Temochent, Mascara,
Mostaganem, Rélizane, Saïda and Sidi Belabess) in the northwest region of Algeria. The study area
is composed of 239 districts (municipalities). The density of the targeted area varies from one
district to another. The City of Oran (which is administratively considered as a single district) has
the highest density with a population of 656 642 inhabitants in an area of 60 km2. The cities of Ain
Temochent, Mascara, Mostaganem, Rélizane, Saïda and Sidi Belabess (which are administratively
considered as single districts) are also large but less densely populated cities than Oran.
5.2 Specification of the learning, validation and testing datasets
In the application of preference and machine learning methods, we generally split up the dataset
into training, validation and testing subsets (Flach, 2012). The training subset is labelled with
known decisions and used to train the method. The validation subset is another subset of the input
data with known decisions. We apply the machine learning method to this subset to see how
accurately it identifies the known decisions. The testing subset is used to evaluate the method
performance on unseen data.
In the considered application and by relying on the guidelines given in Section 3.2.2, the experts
have selected a subset of 127 districts from the study area and used them for training and validation.
Each district is then allocated to one of the four-level seasonal influenza risk scale defined
previously. The subset of 127 districts is then randomly spilt up into a training subset composed of
102 districts and a validation subset composed of 25 districts. The remaining 112 districts have
been used for testing. Figure 2 presents the spatial distribution of the districts used for training.
Figure 2 Training Districts
5.3. Approximation and Induction of Decision Rules
The DRSA has been applied using the 102 learning examples shown in Figure 2. Each of these
districts has been assessed with respect to the criteria given in Section 4.1. The assignment of the
learning examples by the experts led to four preference-ordered classes, namely Cl1=‘Low’,
Cl2=‘Average’, Cl3=‘High’, and Cl4=‘Very High’. Then each of these classes was approximated
through its lower and upper approximations. The quality and accuracy of these approximations are
summarized in Table IV. This table shows that the quality and accuracy of all decision classes are
equal to one. This ensures the high quality of the learning set used as input.
Table IV Quality of Approximation and Accuracy
The obtained approximations were then used to infer the decision rules. In our case study, we
obtained a minimal set of 47 certain and exact decision rules, which are shown in Table V. By
“minimal” we mean a set of non-redundant rules that cover all districts in the set of learning
examples.
Table V Decision Rules
In this case study, there are five reducts. The core contains three criteria, namely the Attak Rate
(Attak_R), Coefficient of Clustering (CC) and Average Shortest Path Length (A_P), which are the
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most important criteria for the considered input data. Other important criteria are Avg_temp and
Rel_hum, followed by the criterion Beta, then the criteria D_N, Alpha and Incidence, and finally
the criteria k and Gamma.
5.4. Validation of Decision Rules
A common and simple validation strategy consists of using the generated decision rules to
reclassify the districts in the set of learning examples. With respect to the case study considered in
this paper, the re-classification analysis shows that the predicted risk levels are equal to the original
(i.e., those proposed by the epidemiologists) risk levels. We also asked the epidemiologists to scan
all the decision rules and indicate their agreement level on a 5-point Likert scale: Strongly Disagree,
Disagree, Neutral, Agree, and Strongly Agree. A limited number of disagreements can be managed
either by modifying some decision rules or by removing the decision rules with high levels of
disagreement. Both options should, however, be authorized only for well-experienced experts. The
result of this exercise is summarized in Table VI. According to this table, the epidemiologists
accepted all the rules.
Table VI Summary of Decision Rules Analysis
We also applied the holdout validation strategy using a validation set composed of 25 districts that
are shown in Figure 3. The result of the holdout validation can be summarized through an n x n
confusion matrix where n is the number of decision classes. The intersection of a row and column
indicates the number of actual original and predicted decisions for the decision classes
corresponding to the considered row and column. The confusion matrix for our case study is given
in Table VII. As shown in this table, the validation analysis shows that the actual decisions
(proposed by the epidemiologists) are equal to the decisions predicted by the decision rules.

Figure 3 Validation Districts
Table VII Confusion Matrix

We further applied the k-fold cross-validation technique on the learning dataset with k=10. The
results are summarized in Table VII. In this table, we observe that the performance of the DRSA
remains consistent for the four decision classes. It is important to emphasize here that decision
class Cl4 has the fewest samples in the dataset, while decision class Cl2 has the highest number of
samples. This indicates that the DRSA performs equally well regardless of the number of samples
available in the dataset.

Table VII Recall and Accuracy
Finally, we can conclude that the result of the cross-validation shows a high level of accuracy and
14
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agreement. This confirms the result of the previous validation techniques. The obtained decision
rules can then be used to classify unseen districts and generate the final risk map as explained in
Section 3.2.5.
5.5. Seasonal Influenza Risk Maps
The validated decision rules are used to classify the districts of the study area. An example of
generated risk maps is given in Figure 4. This map indicates that the number of incidences is very
important (Very High risk level) in the Eastern region of Oran. This region corresponds to the
Eastern coastal part of Oran where important industrial infrastructures (e.g., hydrocarbon
production facilities, ammonia production, etc.) are located and the air is highly polluted. The latter
promotes the transmission of respiratory disease in general and seasonal influenza in particular.
During the winter, the area experiences an average drop in temperature with relatively low humidity
(dry air). Therefore, the seasonal influenza virus survives longer, and the transmission rate
increases, as indicated in Barreca and Shimshack (2012). Moreover, recent studies have shown that
seasonal influenza transmission is reduced by high humidity and high temperatures, so it might be
important to simultaneously use heating and ventilation. However, this could lead to substantial
additional heating costs (Wein and Atkinson, 2009).
Figure 4 Seasonal Influence Overall Risk Map
The districts classified as highly risky also contain various facilities but with less pollution
compared to those installed in the eastern costal area of Oran. It is interesting to note that most of
the districts assigned to Average to Low risk levels have a higher population density compared to
the towns located on the eastern costal area. This is particularly the case of Oran City, which has
the highest density in the study area. This confirms the fact that the transmission of seasonal
influenza is not closely linked to the population density but is more related to several other clinical,
socio-economic, climatic, and environmental criteria.
A careful examination of the risk map in Figure 4 also shows that other relatively dense districts
(namely Mostaganem, Sidi Belabbés, Relizane, Ain Temouchent, Saida and Mascara) have been
assigned to High Risk levels. This means that factors such as Alpha (transmission rate), Incidence
(which is a measure of infectivity, i.e., pathogen's capacity for horizontal transmission in a
population) and Gamma-1 (infectious period) play an important role in the spread of the seasonal
influenza disease. We equally observe that some districts with low density (such as Hassi El Ghella
and Al Amria) have been assigned Average Risk levels. This can be explained by their closeness
to important industrial zones.
The categorization of districts into different groups of seasonal influenza risk levels helps the public
health authority to manage and control the spread of the disease. This means that a different fighting
strategy can be selected for each group. For instance, the districts that are characterized by a very
high risk level require an immediate and generalized deployment of appropriate and strict diseasefighting strategies. The districts that are characterized by a high risk level should be controlled
tightly to avoid any spread of the disease, and the districts characterized by average to low risk
levels are managed by using normal disease control strategies with specific attention given to
controlling districts with average risk level.
6. CONCLUSION
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A decision support system for enhanced assessment and monitoring of seasonal influenza risk has
been proposed in the author’s previous research (Younsi et al., 2015a; 2015b; 2017). The
framework is based on a three-tier architecture composed of (i) a modelling and simulation
subsystem to model the disease dynamics, (ii) a data warehousing subsystem to store spatial and
temporal data, and (ii) an analysis system. The analysis subsystem relies on Spatial On Line
Analytical Processing (S-OLAP) technology. In this paper, we proposed to extend the decision
support system by incorporating the Dominance-based Rough Set Approach (DRSA) into this
system. The extended decision support system has been validated through a real-world case study
and was adopted to assess the seasonal influenza risk in the northwest region of Algeria.
An important characteristic of the proposed framework consists in the use of an innovative
simulation-based system by coupling a well-known compartmental model (namely, SEIR) and a
social network (Small World). Another important addition of this paper is the integration of SOLAP technology and multicriteria analysis, which is a privileged and indispensable way to
enhance the S-OLAP with additional analytical capabilities. More importantly, the proposed system
of multicriteria evaluation-based combination of hazard and vulnerability criteria to assess seasonal
influenza disease provides conditional statements with straightforward interpretation to compute
the spatial risk of the districts and adopts a typical machine-learning working mechanism for
seasonal influenza risk assessment.
From a practical point of view, the multicriteria analysis relies on a preference learning method,
namely DRSA. This method permits one to summarize the knowledge of the experts contained in
the set of learning examples in the form of conditional statements that can be used to assess the
risk of unseen districts. This is an important ability of the proposed system since it avoids the need
for a systemic and full scan of all the districts in the territory.
There are several research axes that need investigation in the future. The first one concerns the
extension of the proposed system to apply to diseases other than seasonal influenza. It is also
interesting to apply the tool to the surveillance of seasonal influenza in other regions in Algeria or
other countries. Another important issue that needs to be addressed concerns the presence of
uncertainty and imprecision that were not addressed in this paper.
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APPENDIX A: OVERVIEW OF DOMINANCE-BASED ROUGH SET APPROACH (DRSA)
This appendix provides a brief presentation of Dominance-Based Rough Set Approach (DRSA). The
DRSA has been proposed to overcome the shortcomings of conventional Rough Sets Theory in
multicriteria classification. The basic idea of DRSA is to replace the indiscernibility relation used in
classical rough sets theory with the dominance relation, which is more appropriate for multicriteria
decision-making.
A.1. Basic Concepts and Assumptions
In rough sets theory, information regarding the decision objects is often structured in a 4-tuple
information table S=<U,Q,V,f>, where U is a non-empty finite set of objects and Q is a non-empty
finite set of attributes such that q:UVq for every qQ. Vq is the domain of attribute q. V=qQVq,
and f:UxQV is the information function defined such that f(x,q)Vq for each attribute q and object
xU. Q is often divided into a sub-set C of condition attributes and a sub-set D of decision
attributes such that CD=Q and CD=. In this case, S is called a decision table.
In multicriteria decision-making, the domain (or scale) of condition attributes should be ordered
according to decreasing or increasing preference. Such attributes are called criteria. DRSA proponents
assume that the preference increases with a value of f(.,q) for every qC. We also assume that the
decision attribute set D={d} is a singleton. The unique decision attribute d partitions U into a finite
number of decision classes Cl={Clt,tT}, T={0,…,n}, such that each xU belongs to one and only
one class. Furthermore, we suppose that the classes are preference-ordered, i.e., for all r,sT such that
r>s, objects from Clr are preferred to objects from Cls.
Example 1. Table A.1 gives the decision table used for the purpose of illustration. The object set
U={xk: k=1,2,3,4,3,5} contains five objects. Each object is described using three condition attributes
C={A1,A2, A3} and one decision attribute D={E}. Table A.1 also gives the evaluations of selected
objects for all attributes. The values of attributes A1 through A7 correspond to the scores objects on
each of condition attribute. The values of decision attribute E corresponds to the overall risk levels as
specified by the experts.
Table A.1 Decision table
Object A1 A2 A3 E
x1
5
4
1
2
x2
5
4
2
2
x3
5
4
2
2
x4
5
4
3
3
x5
2
4
2
1
A.2. Dominance Relation
Let PC be a subset of condition attributes. The dominance relation P associated with P is defined
for each pair of objects x and y thus:
xPy  f(x,q)≥f(y,q), qP.
In the above definition, the symbol "≥" should be replaced with "≤" for criteria that are ordered
according to decreasing preferences. We associate two sets with each object xU: (i) the P21
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dominating set P+(x)={yU:yPx} containing objects that dominate x and (ii) the P-dominated set
P-(x)={yU:xPy} containing objects dominated by x. These sets are used to approximate decision
classes.
Example 2. Consider Table A.1 and suppose that P={A1,A2,A3}. Assume also that all condition
attributes are ordered according to increasing preferences. Consider objects x 1 and x4. Based on this
information, it is easy to establish that x1 dominates objects x2,x3 and x4, because f(x1,Aj)<f(xk,Aj),
k=2,3,4; j=1,2,3. In turn, there is no dominance relationship between objects x 1 and x5, because the
evaluation of x1 is better than the one of x5 on attribute A3 but the evaluation of x5 is better than that
of x1 on attribute A1. Object x4 is clearly dominated by all objects in U, as f(x4,Aj)>f(xk,Aj), k=1,2,3,5;
j=1,2,3. Table A.2 summarizes the P-dominating and P-dominated sets associated with objects x1, x2,
x3, x4 and x5.
Object
x1
x2
x3
x4
x5

Table A.2. P-dominating and P-dominated sets
Set P-dominating
P-dominated set
+
P (x1)={x1,x2,x3,x4}
P-(x1)={x1 }
+
P (x2)={x2,x3,x4}
P-(x2)={x1,x2,x3,x5}
P+(x3)={x2,x3,x4}
P-(x3)={ x1,x2,x3,x5}
P+(x4)={x4}
P-(x4)={ x1,x2,x3, x4,x5}
P+(x5)={x2,x3,x5}
P-(x5)={x5}

A.3. Approximations
In DRSA, the represented knowledge is a collection of upward unions Clt≥ and downward unions Clt≤
of classes defined thus:
Clt≥=s>t Cls, Clt≤=s<t Cls.
The assertion "x  Clt≥" means that "x belongs to at least class Clt", while "x  Clt≤" means that "x
belongs to at most class Clt". The P-lower and P-upper Clt≥ approximations with respect to PC,
respectively denoted P(Clt≥) and P̅ (Clt≥), are defined thus:
 P(Clt≥)={xU:P+(x)Clt≥}
 P̅ (Clt≥)=xClt≥P+(x)={xU:P-(x)Clt≥}.
Analogously, the P-lower and P-upper Clt≤ approximations with respect to PC, respectively denoted
P(Clt≤) and P̅ (Clt≤), are defined thus:
 P(Clt≤)={xU:P-(x)Clt≤}
 P̅ (Clt≤)=xClt≤P-(x)={xU:P+(x)Clt≤}.
The P-lower approximation of Clt≥(resp.Clt≤) contains all objects with P-Dominating (resp. Pdominated) set is assigned with certainty to classes that are at most as good as Cl t. The P-upper
approximation of Clt≥ (resp. Clt≤) contains all objects with P-dominating (resp. P-dominated) set is
assigned to a class at least as good as Clt.
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The P-boundaries (or P-doubtful region) of Clt≥ and Clt≤ are
 BnP(Clt≥)=P̅ (Clt≥)- P(Clt≥),
 BnP(Clt≤)=P̅ (Clt≤)- P(Clt≤).
The boundaries group objects that can be ruled neither in nor out as members of class Clt.
Example 3. Consider Table A.1 and suppose that P={A1,A2,A3}. Assume that the decision attribute
domain E is {1,2,3}. For decision attribute E, objects in U are divided into three preference-ordered
classes: Cl1={1}, Cl2={2}, and Cl3={3}. Thus, the class unions that should be approximated are:
 Cl1≤, i.e., the objects belonging to (at most) class 1,
 Cl2≤, i.e., the objects belonging to at most class 2,
 Cl2≥, i.e., the objects belonging to at least class 2,
 Cl3≥, i.e., the objects belonging to (at least) class 2,
Table A.3 gives the lower and upper approximations and boundary regions associated with these
classes, i.e., computing P(Cl2≥). According to the above definition, we have
P(Cl2≥)={xU:P+(x)Cl2≥}. Based on Table A.1, we obtain Cl2≥={x1,x2,x3,x4}. Using the Pdominating sets given in Table A.2, P+(x1)={x1}Cl2≥ and P+(xk)Cl2≥, k=2,3,4,5. Consequently,
the lower approximation of Cl2≥ is P(Cl2≥)={x1}.
Table A.3. Lower and upper approximations and boundary regions
Lower approximations
Upper approximations
Boundary
P(Cl1≤)={x5}
P̅ (Cl1≤)={x5}
BnP(Cl1≤)=
P(Cl2≤)={x1,x2,x3,x4}
P̅ (Cl2≥)={x1,x2,x3,x4}
BnP(Cl2≤)=
P(Cl2≥)={x1,x2,x3,x4}
P̅ (Cl2≥)={x1,x2,x3,x4}
BnP(Cl2≥)=
≥
≥
P(Cl3 )={x4}
P̅ (Cl3 )={x4}
BnP(Cl3≥)=
A.4 Classification Quality
The following ratio measures the classification quality of a partition Cl using a criteria set P:
γP (Cl)=

|U-( (∪t∈T BnP (Cl≥t )) ∪(∪t∈T BnP (Cl≤t ))) |
|U|

It expresses the ratio of all P-correctly classified objects to all objects in the system.
Example 4. In our example, the quality of classification is equal to 1 (since all the boundaries are
empty).
A.5. Decision Rules
Decision attributes induce a partition of U that is independent of condition attributes. Accordingly, a
decision table may be observed as a set of "if…then…" decision rules, where the condition part
23
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specifies values assumed by one or more condition attributes and the decision part specifies an
assignment to one or more decision classes. Three types of decision rules may be considered in DRSA:
(i) certain rules generated from lower approximations of class unions, (ii) possible rules generated
from upper approximations of class unions and (iii) approximate rules generated from boundary
regions.
An object xU supports a decision rule if its description matches both the condition and decision
parts of the rule. A decision rule covers object x if the description of x matches at least the condition
part of the rule. Each decision rule is characterized by its strength, which is the number of objects that
support this rule. If the consequence is univocal (i.e., contains only one decision), the rule is exact;
otherwise, it is approximate.
Example 5. The list of rules obtained in our example is given in Table A.4. Note that for simplicity,
we replaced f(x,Aj) (for all x and j=1,2,3) by Aj in the rules description. For instance, the ‘(A1<=2)’
in the first rule is (f(x,A1)<=2)
Rule #
Rule 1
Rule 2
Rule 3
Rule 4

Table A.4. Decision rules
Description
Support
IF (A1<=2) THEN x  at most 1 x5
IF (A3<=2) THEN x  at most 2 x1, x2, x3, x5
IF (A3>=3) THEN x  at least 3 x4
IF (A1>=5) THEN x  at least 2 x1, x2, x3, x4

Strength
100%
100%
100%
100%

APPENDIX B: DESCRIPTION OF EVALUATION CRITERIA

The criteria have been organized into three groups related to the disease, the climate and environment,
and to social aspects.
B.1. Criteria Related to Seasonal Influenza Disease
This group contains the criteria that are directly related to seasonal influenza disease:
 Transmission rate (Alpha): This criterion measures the rate of disease transmission. The infection
is transmitted through direct contact between an infectious person x and a susceptible person y at
a rate of 1-(1-)k where k is the average number of the neighbors of y.
 Incubation period (Beta-1): This criterion measures the period between exposures to an infectious
person and the clinical appearance of disease.
 Infectious period (Gamma-1): The infectious period varies slightly from one person to another but
it is considered that an individual with flu starts being able to pass on the infection from the day
before the symptoms appear and then the individual stays infected for a period of time.
 Attack rate (Attak_R): This criterion measures the ratio between the number of confirmed cases
(infected persons) in a given period and the number of persons susceptible to be infected.
 Incidence: This criterion indicates the numbers of new cases occurring in a population during a
defined period.
 Mortality: This criterion measures the number of deaths during a given period.
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B.2 Criteria Related to Climate and Environment
The climactic and environmental aspects have important effects on the geographical distribution
of seasonal influenza. Two climate-related criteria have been maintained in this case study:
 Average temperature (Avg_temp): This criterion measures the average temperature of the cold
seasons (from October to March). This is because the epidemic outbreak of seasonal influenza
comes most often after a drop in temperature.
 Relative humidity (Rel_hum): There is a relationship between the relative humidity and survival
of the virus of seasonal influenza. This explains why this infection is also common in winter when
it is cold and dry in the temperate zones. Indeed, the dry air will increase the spreading of the
seasonal influenza. Several studies (e.g. Lowen et al. 2007; McDevitt et al., 2010) confirmed that
low relative humidity and low temperature favor seasonal influenza survival and disease
transmission.
In addition to these two climate-related criteria, experts have judged pertinent to include the
following environmental criterion:
 Presence of industrial zones (Indus_zone): Air pollutants are known as the origin of many
respiratory diseases and they play an important role in the transmission of seasonal influenza (Liang
et al., 2014). Indeed, exposure to certain pollutants may contribute to chronic bronchitis. Most of
these pollutants are originated in different industrial zones in the study region. Hence, the experts
have judged pertinent to include the presence of industrial area in the analysis.
B.3. Criteria Related to Social Aspects
This group contains the criteria that are directly related to the social aspects that may affect the
seasonal influenza transmission and spread. The size and topological structure of social networks
in a human population significantly influence the spread of infectious diseases (Younsi et al.,
2015b). In respect to seasonal influenza risk assessment, influenza spread is modelled based on a
Small World network structure and the main topological properties that have been considered are:
 Distribution degree (k): This criterion measures the distribution of contacts in social network. It
is measured as the number of contacts of a given individual.
 Average shortest path length (A_P): This criterion is defined as average distance of any pairs of
nodes (representing two individuals) in the small world network.
 Clustering coefficient (CC): The clustering coefficient of the network is equal to the average
clustering coefficient of all the nodes (Watts and Strogatz, 1998).
 Density of individual network (D_N): This is the proportion of relations (ties) in individual
networks relative to the total number of possible contacts.
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Table I Characteristics of Discussed Approaches
Reference
Thirumalaivasan
et al. (2003)

Jing et al. (2007)

Stevens et al.
(2013)

Araz (2013)

Dom et al. (2016)

Hui et al. (2011)

Context
Predict areas that are more likely
than others to become contaminated
as a result of activities at or near the
land surface.
The evaluation of the risk of highly
pathogenic influenza (HPAI) in
mainland in China.
The identification of areas in Asia
suitable for the occurrence of highly
pathogenic influenza virus (HPAIV)
H5N1 in domestic poultry.
Help public health policy makers
prioritize their response goals and
evaluate mitigation strategies in a
table-top exercise environment.
Develop a tool for dengue risk
assessment (generate dengue risk
zonation map).
Exchange standardized healthcare
information collected from
heterogeneous sources.

Garcia et al.
(2014)

Support and facilitating monitoring
the serological response to influenza
information.

Ponjavic and
Karabegovic
(2012)

The risk analysis of epidemic
infectious disease to monitor the
appearance of brucellosis caused by
Brucella melitensis bacteria.
Prevention and surveillance system
to detect early spread of infectious
diseases in the event of livestock.

Kyung and Yom
(2012)

Bakr et al. (2015)

Zemri and
Hamdadou
(2014)
Hanine et al.
(2013a, 2013b)

Help policy makers to control the
spread of diseases outbreaks and to
browse and view diagnosis data from
different viewpoints.
Epidemic surveillance and control

Location of a site for the installation
of renewable energy stations.

Boutkhoum et al.
(2015,2016)

Green logistics for large industrial
zones

Younsi et al.
(2018)

Understand and fight seasonal
influenza in Oran’s region (Algeria).

Objectives
Modelling aquifer vulnerability for the
determination of DRASTIC Specific
Vulnerability Index (DSVI).

Methods
DRASTIC model, Analytic Hierarchy
Process (AHP), and GIS.

Built a risk assessment framework.

The brainstorming method and AHP.

Modelling the continental-level risk of
(HPAIV) H5N1 occurrence in domestic
poultry with a fair degree of predictive
accuracy.
The use of simulation models in
exercise design to incorporate policy
makers’ preferences into decisionmaking processes.
Use of AHP and GIS in order to
incorporate environmental indices.

Spatial multicriteria decision
analysis.

Introduce a Healthcare Information
Warehouse for Analytics and Sharing
(HIWAS) prototype to study the
distribution of seasonal influenza
diseases.
Design and implement a seroprevalence
map based on business intelligence for
Low Pathogenicity Notifiable Influenza
(LPNAI) in broiler chickens in
Comunidad Valenciana (Spain).
Develop an innovative approach for
implementing business intelligence
systems in advanced threat and risk
analysis.
Develop an open source to enable
diverse forms and aspects of data
analysis to support decision making in
epidemic surveillance and prevention.
Built an Animal Diseases Spatial
Decision Support System (ADSDSS).

S-OLAP technology.

Identify the location of outbreaks of
epidemics and classify disease outbreaks.

PROMETHEE and S-OLAP
technology.

Provide an opportunity for all policy
makers to participate in the decision
making process.
Sustainable implementation of effective
green supply chain management
practices.
Design and develop a reliable and robust
epidemiological surveillance decision
support system.

S-OLAP and multicriteria analysis.
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Mathematical epidemic model and
AHP.

AHP and GIS.

S-OLAP technology.

S-OLAP technology.

S-OLAP technology.

S-OLAP technology, and data
mining.

Multicriteria analysis, fuzzy logic,
and OLAP technology.
Social networks, data-warehousing,
PROMETHEE II, S-OLAP
technology.
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Table II Comparative Study
Disease
Dynamics
No

Simulati
on
No

Data
warehouse
No

S-OLAP
Analysis
No

Multicriteria
Analysis
Yes

Jing et al. (2007)
Stevens et al. (2013)

No
No

No
No

No
No

No
No

Yes
Yes

Araz (2013)

Yes

Yes

No

No

Yes

Dom et al. (2016)

Yes

No

No

No

Yes

Hui et al. (2011)

No

No

Yes

Yes

No

Garcia et al. (2014)

No

No

Yes

Yes

No

Ponjavic and
Karabegovic (2012)
Kyung and Yom
(2012)
Bakr et al. (2015)

No

No

Yes

Yes

No

No

No

Yes

Yes

No

No

No

Yes

Yes

No

Zemri and Hamdadou
(2014)
Hanine et al. (2013a,
2013b)
Boutkhoum et al.
(2015,2016)
Younsi et al. (2018)

No

No

Yes

Yes

Yes

The system does not enable the
monitoring and surveillance of
disease.
Shortage of spatial dimension.
No support for spatiotemporal
analysis.
The framework does not support
browsing and view of diagnosis
data.
The absence of epidemic model to
understand the spread process.
The absence of epidemic model to
understand the spread process.
The absence of multicriteria
analysis support.
The absence of multicriteria
analysis support.
The absence of multicriteria
analysis support.
The absence of multicriteria
analysis support.
No support of disease dynamics.

No

No

Yes

Yes

Yes

No support of disease dynamics.

No

No

Yes

No

Yes

Yes

Yes

Yes

Yes

Yes

No support of disease dynamics
and spatial dimension.
Requires the definition of several
preference parameters

Reference
Thirumalaivasan et al.
(2003)

Main Drawbacks

Table III Evaluation Criteria
Code
Alpha
Beta-1

Data type
Continuous
Continuous

Domain
0.08 to 0.2
0.2 to 3

Preference
Cost
Cost

Data source
SEIR-SW simulator
SEIR-SW simulator

Continuous

4 to 7

Cost

SEIR-SW simulator

Attak_R

Description
Transmission rate
Incubation period (period from
infection to infectiousness)
Infectious period (period
between infection and clinical
onset of the disease)
Attack rate

Continuous

Cost

S-OLAP analysis

Incidence
Mortality

Incidence
Average Mortality

Integer
Integer

7.6*10 -5 to
0.16
1-60 per day
0.06-0.8

Cost
Cost

Avg_temp

Average temperature

Continuous

3 to 31

Gain

Rel_hum

Relative humidity

Continuous

Gain

Indus_zone

Presence of industrial zones

Ordinal

60 to 100
(%)
1, 2,3,4

k

Integer

4 to10

Cost

A_P

Distribution degree (Average
number of contacts per person)
Average shortest path length

S-OLAP analysis
Direction of Heath and
Population of Oran
National Office of Meteorology
of Oran
National Office of Meteorology
of Oran
Study and Achievement Center
in Urban Planning of Oran
SEIR-SW simulator

Continuous

0 to 5

Cost

CC

Coefficient of clustering

Continuous

0 to 1

Gain

D_N

Density of individual network

Integer

50-10750

Cost

Gamma-1
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Cost

Extracted from the social
network by using the software
Gephi
Extracted from the social
network by using the software
Gephi
Extracted from the social
network by using the software
Gephi
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Table IV Quality of Approximation and Accuracy
Quality of
Accuracy
approximation Cl1≤ Cl2≤ Cl3≤ Cl2≥ Cl3≥ Cl4≥
1
1
1
1
1
1
1

Table V Decision Rules
#
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41

Rule Description
IF (Avg_temp≥11) & (Attak_R≤0.00129) THEN (risk_level at most 1)
IF (Alpha≤0.06) & (CC≤0.145) THEN (risk_level at most 1)
IF (D_P≤129) & (Rel_hum≥87.01) THEN (risk_level at most 1)
IF (Attak_R≤0.000525) & (CC≤0.467) & (Industrial_Area≤1) THEN (risk_level at most 1)
IF (Alpha≤0.08) & (Incidence≤6) & (Attak_R≤0.001375) & (CC≤0.125) THEN (risk_level at most 1)
IF (Incidence≤6) & (Avg_temp≥10) & (CC≤0.125) THEN (risk_level at most 1)
IF (Alpha≤0.08) & (Attak_R≤0.001173) & (CC≤0.158) THEN (risk_level at most 1)
IF (D_P≤51) THEN (risk_level at most 2)
IF (Attak_R≤0.00142) & (CC≤0.126) & (Attak_R≤0.001165) THEN (risk_level at most 2)
IF (Attak_R≤0.001543) & (CC≤0.064) & (D_P≤8690) THEN (risk_level at most 2)
IF (Attak_R≤0.001543) & (Avg_temp≥9.8) & (D_P≤6672) THEN (risk_level at most 2)
IF (Alpha≤0.08) & (CC≤0.064) THEN (risk_level at most 2)
IF (D_P≤353) & (CC≤0.352) THEN (risk_level at most 2)
IF (Attak_R≤0.001664) & (CC≤0.126) & (D_P≤5246) THEN (risk_level at most 2)
IF (A_P≤2.716) & (CC≤0.073) & (D_P≤9115) THEN (risk_level at most 3)
IF (Rel_hum≥90) THEN (risk_level at most 3)
IF (Attak_R≤0.00184) & (Beta≤1.9) THEN (risk_level at most 3)
IF (CC≤0.006) & (Gamma≤5.7) THEN (risk_level at most 3)
IF (CC≤0.073) & (Rel_hum≥76) & (Incidence≤18) THEN (risk_level at most 3)
IF (D_P≤341) & (CC≤0.385) & (Attak_R≤0.00873) THEN (risk_level at most 3)
IF (CC≤0.046) & (Attak_R≤0.001691) THEN (risk_level at most 3)
IF (A_P≤2.394) & (CC≤0.089) THEN (risk_level at most 3)
IF (Mortality≥1) & (CC≥0.648) THEN (risk_level at least 4)
IF (Mortality≥1) & (Rel_hum≤37) THEN (risk_level at least 4)
IF (Mortality≥1) & (CC≥0.019) & (D_P≥11196) THEN (risk_level at least 4)
IF (Avg_temp≤6.7) & (Industrial_Area≥1) THEN (risk_level at least 4)
IF (Mortality≥1) & (Gamma≥6) & (CC≥0.078) THEN (risk_level at least 4)
IF (Mortality≥1) & (Rel_hum≤67) & (A_P≥2.88) & (CC≥0.071) THEN (risk_level at least 4)
IF (D_P≥16470) THEN (risk_level at least 3)
IF (Attak_R≥0.014894) THEN (risk_level at least 3)
IF (Rel_hum≤33) & (Attak_R≥0.001438) THEN (risk_level at least 3)
IF (Gamma≥6.1) & (Rel_hum≤57) THEN (risk_level at least 3)
IF (D_P≥8638) & (CC≥0.044) & (Attak_R≥0.001965) THEN (risk_level at least 3)
IF (D_P≥8638) & (CC≥0.044) & (Attak_R≥0.001965) THEN (risk_level at least 3)
IF (A_P≥2.678) & (Beta≥2.5) THEN (risk_level at least 3)
IF (A_P≥2.779) & (Avg_temp≤8) & (CC≥0.071) & (A_P≥2.88) THEN (risk_level at least 3)
IF (D_P≥11329) & (CC≥0.044) & (A_P≥2.678) THEN (risk_level at least 3)
IF (CC≥0.424) & (Incidence≥20) THEN (risk_level at least 3)
IF (Avg_temp≤6.7) & (Gamma≥6.1) THEN (risk_level at least 2)
IF (Rel_hum≤69) & (CC≥0.064) & (A_P≥2.88) THEN (risk_level at least 2)
IF (CC≥0.078) & (A_P≥2.347) & (CC≥0.391) THEN (risk_level at least 2)
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43
44
45
46
47

IF (CC≥0.078) & (D_P≥6593) & (A_P≥2.347) & (Avg_temp≤9.1) THEN (risk_level at least 2)
IF (Rel_hum≤74) & (CC≥0.18) & (A_P≥1.931) & (Attak_R≥0.001077) THEN (risk_level at least 2)
IF (A_P≥2.481) & (Avg_temp≤8.7) & (CC≥0.18) THEN (risk_level at least 2)
IF (Rel_hum≤74) & (Attak_R≥0.001266) & (CC≥0.064) & (A_P≥2.66) & (D_P≥5246) THEN (risk_level at least 2)
IF (Rel_hum≤74) & (CC≥0.098) & (Attak_R≥0.001419) THEN (risk_level at least 2)
IF (Rel_hum≤67) & (D_P≥8690) THEN (risk_level at least 2)

Table VI Summary of Decision Rules Analysis
Agreement Level
Number of Rules

Strongly
Disagree
0

Disagree

Neutral

Agree

7

19

0

Strongly
Agree
21

Table VII Confusion Matrix

Predicted decisions

Actual
decisions

Cl1
(Low)

Cl2
(Average)

Cl3
(High)

Cl4
(Very High)

8

0

0

0

0

7

0

0

0

0

6

0

0

0

0

4

Cl1
(Low)
Cl2
(Average)
Cl3
(High)
Cl4
(Very High)

Table VIII Recall and Accuracy
Class-wise recall

Class-wise accuracy

Cl1
(Low)

Cl2
(Average)

Cl3
(High)

Cl4
(Very High)

Cl1
(Low)

Cl2
(Average)

Cl3
(High)

Cl4
(Very
High)

Total
recall

Total
accuracy

0.9124

0.8353

0.8227

0.9326

0.9437

0.8109

0.8028

0.9153

0.8757

0.8681
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Figure 1 Definition of Union of Classes

Figure 2 Training Districts

30

[Post print version, please cite as] Fatima-Zohra Younsi, Salem Chakhar, Alessio Ishizaka, Djamila Hamdadou, Omar Boussaid
(2020). A Dominance-Based Rough Set Approach for an Enhanced Assessment of Seasonal Influenza Risk. Risk Analysis (accepted)

Figure 3 Validation Districts

Figure 4 Seasonal Influence Overall Risk Map
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