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ABSTRACT

Epidemic spreading simulation in social networks denotes a set of techniques that allow to assess the temporal
evolution and the consequences of a pandemic. They were largely used by governments and International health
organizations during the COVID-19 world crisis to decide the appropriate countermeasures to limit the diffusion
of the disease. Among them, the existing simulation techniques based on a network model aimed at studying
the infectious disease dynamics have a prominent role and are widely adopted. However, even if they leverage
the topological structure of a social network, they disregard the intrinsic and individual features of its members.
A semantic social network is defined as a structure consisting of interlinking layers, which include a social
network layer, to represent people and their relationships and a concept network layer, to represent concepts, their
ontological relationships and implicit similarities. Here, we propose a novel epidemic simulation framework
that allows to describe a community of people as a semantic social network, to adopt the most commonly used
compartmental models for describing epidemic spreading, such as Susceptible-Infected-Susceptible (SIS) or
Susceptible-Infected-Removed (SIR), and to enable semantic reasoning to increase the accuracy of the simulation.
Finally, we show how to use the framework to simulate the impact of a pandemic in a community where the job of
each member is known in advance.
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INTRODUCTION

Pandemics have a huge impact on society as a whole, causing staff shortages in public services, hospitals overloaded
with patients, and deaths. Predicting their evolution is an endeavour of primary relevance since it is the basis
for decisions taken by governments and International organizations that could have huge economic and political
consequences directly impacting on the life of citizens. Epidemic spreading simulation in social networks denotes a
set of computational techniques devoted to foresee the temporal evolution of a disease. For instance, these can
be used to predict how the number of susceptible and infected people and, sometimes, healed persons and deaths
change in time.

Among the existing techniques, those that leverage the topological structure of the social network are widely used
and considered effective by the research community. However, they often disregard the intrinsic and individual
features of the members of the social network such as the age and other specific information such as, for instance,
the job and the hobbies.

A semantic social network (Jung and Euzenat 2007) is defined as a structure consisting of interlinking layers, which
include a social network layer, to represent people and their relationships and a concept network layer, to represent
concepts, their ontological relationships and implicit similarities. An ontology is an explicit formal specification
of a shared conceptualization (Borst 1997; Gruber 1993). By means of one or more ontologies, it is possible to
semantically annotate the nodes of a social network representing its members and, hence, specify their features.
Depending on the domain of interest, it is possible either to reuse existing ontologies or to build them from scratch
by following existing ontology engineering methodologies, such as UPON (De Nicola, Missikoff, and Navigli
2009), NEON (Suárez-Figueroa et al. 2012), and UPON Lite (De Nicola and Missikoff 2016).
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Here, we propose a novel framework for epidemic spreading simulation that allows to describe a community of
people as a semantic social network, to adopt the most commonly used compartmental models for describing
epidemic spreading, and to enable semantic reasoning to increase the accuracy of the simulation. We recall that a
compartmental model is a mathematical model where the population under study is divided into compartments
and with assumptions about the nature and time rate of transfer from one compartment to another (Brauer 2008).
Example are the Susceptible-Infected-Susceptible (SIS) model and the Susceptible-Infected-Removed (SIR) model.

The framework was conceived to simulate disease dynamics but, in principle, can be used also for other types
of spreading processes, such as diffusion of interests in social networks (D’Agostino et al. 2015) and financial
contagion on a trading network (Kali and Reyes 2010).

We show how to use the framework to simulate a pandemic in a community where the job of each member is known
in advance and specified according to the ESCO ontology (Vrang et al. 2014), which is a multilingual classification
of European skills, competences, qualifications, and occupations. In detail, we referred to the guidelines published
by the Italian National Institute for Insurance against Accidents at Work (INAIL) (Iavicoli et al. 2020) that associate
a level of risk with economic activities, which, in turn, are associated with the jobs represented in the ESCO
ontology. Finally, semantic rules are applied to determine the level of risk of each job and simulation is run.

The rest of the paper is organized as it follows. Firstly, we present the related work in the area of epidemic spread
simulation. Then, we give an overview of the simulation framework and we describe an experimentation aimed at
showing its utility. Lastly, the conclusions provide a summary of this research and some possible future research
directions.

RELATED WORK

As seen in the Introduction, compartmental models divide social network members in groups to which associate a
different status devoted to characterize epidemic evolution. Several compartmental models have been defined to
date. An introductory overview of the complex network epidemics field was presented by (Boccaletti et al. 2006).

SIS (Susceptible-Infected-Susceptible) (Hethcote 2000) is a compartmental model to be used when a disease
does not confer immunity as, for instance, in case of tuberculosis, gonorrhea, or computer viruses. In fact, once
susceptible individuals get infected, move into the infected/infectious state. Then, once recovered after a period of
time, they become again susceptible. Finally, they are again exposed to the epidemic. The model is characterized by
two parameters: the transmission rate and the recovery rate.

A similar compartmental model is SIR (Susceptible-Infected-Removed) (Hethcote 2000), which describes diseases
where individuals can also be immunized or passed away. Again, once exposed to infected persons, susceptible
individuals can catch the disease and become infected and contagious. Then, after a period of time they can be
removed. This model is characterized by the same parameters as the SIS model.

SIR Fixed Recovery1 and SIS Fixed Recovery2 are variations of the above-mentioned SIR and SIS where the time
spent infected is fixed rather than happening with some likelihood. Similarly, the SIRS (Susceptible-Infected-
Removed-Susceptible) model (Hethcote 2000) is also a variation of SIR where a removed node can lose his immunity
and become again susceptible.

SEIR (Susceptible-Exposed-Infected-Removed) (Hethcote 2000) (Li et al. 2001) is another variation of SIR with an
additional compartment referred to as Exposed. This allows to model the duration of incubation of a disease by an
individual, which is infected but not yet infectious. Hence, he is contaminated by, for instance, a pathogen but does
not transmit the disease to others and does not show pathological symptoms. There are alternative versions of the
SEIR model, such as the one proposed by (De la Sen et al. 2021) where exposed individuals can be infectious.

A recent compartmental model, named SIDARTHE (Giordano et al. 2020), has been recently proposed to model the
COVID-19 disease spread. This considers eight stages: susceptible (S), infected (I), diagnosed (D), ailing (A),
recognized (R), threatened (T), healed (H), and extinct (E). With respect to the previously described models, the
infected compartment represents asymptomatic or pauci-symptomatic infected that are undetected; the diagnosed
compartment refers to individuals that are less likely to spread infection since, for instance, isolated; the ailing
compartment refers to symptomatic infected individuals that are undetected; the recognized compartment refers to
symptomatic infected individuals that are detected; the threatened compartment refers to infected individuals with
life-threatening symptoms that are detected; the healed compartment refers to recovered individuals; and the extinct
compartment refers to dead individuals.

1See https://pyepydemic.readthedocs.io/en/latest/sir_fixed_recovery.html
2See https://pyepydemic.readthedocs.io/en/latest/sis_fixed_recovery.html
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Finally, (Levashkin et al. 2021) propose to enhance a compartmental model with artificial intelligence methods to
tune model parameters.
Concerning the software applications aimed at running simulations to assess the level of spreading of diseases, we
cite GLEAMViz that put together an epidemic model, mobility data, and population data (Van den Broeck et al.
2011) to produce simulations of the global spread of infectious diseases.
Among the existing facilities for programmers to run simulations, we cite epydemic3, a python library that allows to
implement simulations of epidemic processes on networks by using or customizing the most popular compartmental
models.
With respect to the above-mentioned approaches, our proposal enhances existing compartmental models with
knowledge extracted from a domain ontology and the implementation of reasoning mechanisms. Accordingly, it is
possible to further refine some characteristics of the epidemic processes, such as the contagious likelihood.

OVERVIEW OF THE SIMULATION FRAMEWORK

The proposed simulation framework consists of a semantic social network, a rule repository, a simulation engine
based on compartmental models, and a semantic reasoning engine. A semantic social network consists of nodes
and edges representing, respectively, individuals and their social connections. Each node is associated with one or
more concepts from a domain ontology. The simulation dynamics follow a compartmental model (e.g., SIS, SIR)
and is further enriched by a semantic reasoning mechanism based on rules, which is used to refine the likelihood
of infection of a node of the network. Accordingly, for instance, if the node 1 is annotated by the concept A the
infection likelihood is 0.8. Alternatively, if the node 1 is annotated by the concept B the infection likelihood is 0.4.
In the following subsections we present a case study, used as running example, and the software architecture to
implement it.

Case Study

As running example, we present the case of a small-town with 10.000 inhabitants where their occupations are
known in advance. We assume that their interactions happen during the work practice of the inhabitants. Knowing
the likelihood of a node of being initially infected, the aim of the case study is to predict the temporal evolution of
an epidemic.

Software Architecture for Semantic Social Network Simulation

The software architecture for enabling simulation of epidemic spreading in semantic social networks consists of
three layers. The knowledge base, for gathering knowledge to be used for simulation dynamics, the application
layer to enable simulation execution, and the front-end to configure the simulation data and visualize the simulation
results. Figure 1 shows the described software architecture.

Knowledge Base

The knowledge base includes a semantic social network that, in turn, consists of a domain ontology and a social
network, and a rule repository, gathering rules based on the domain ontology to specify the infection likelihood of
social network members. The semantic social network can be specified by following the FOAF (Friend-Of-A-Friend)
ontology (Brickley and Miller 2012). Alternatively, it can be specified as a GML (Graph Modeling Language)
file, which is a format for storing network data, and a domain ontology. A GML file allows to represent the social
network members, their social connections, and the links between members and domain ontology concepts by means
of GML node attributes. In the case study, the social network was generated as a scale-free network by means of the
Barabási-Albert algorithm (Barabási and Albert 1999), mainly to emulate the preferential attachment mechanism in
creating connections between its members, and the occupations were randomly assigned by using the concepts from
the ESCO (Vrang et al. 2014) domain ontology. This ontology has been built by the European Commission and
provides a multilingual classification of European skills, competences, qualifications and occupations. It includes
2942 occupations, which are connected to economic activities specified as NACE codes (Eurostat 2008). Rules
allow to assign infection likelihood by accessing ontological knowledge. An example or rule is the following:

If an individual works in the “human health activities” sector then the infection likelihood is high.

In the case study, the rules are based on a technical document of the Italian INAIL, which is the National Institute
for Insurance against Accidents at Work (Iavicoli et al. 2020). In this document, NACE codes are associated with
the level of risk of being infected by the COVID-19 virus.

3epydemic website: https://pyepydemic.readthedocs.io/en/latest/
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Figure 1. Software architecture implementing the simulation framework for epidemic spreading in semantic social
networks

Application Layer

The application layer consists of five modules aimed at managing the knowledge base, simulation configuration, and 
simulation execution.

The configuration manager has several tasks. First, it allows user to select and load the domain ontology that 
semantically enriches the social network. Then, it allows user to select and load a social network or, alternatively, to 
configure a network generation algorithm. Finally, it allows to set up simulation runs by selecting and configuring 
the compartmental model (e.g., SIS, SIRS) to be used for simulation, by configuring simulation dynamics (e.g., 
simulated time) and infection probabilities, and by configuring the number of simulation runs. We used four 
compartmental models for the simulation of the case study scenario, i.e. SIS, SIR, SIRS, and SEIR. In the SEIR 
model, we also assumed that exposed individuals are infectious, the likelihood of infection from symptomatic 
individuals is the same for all, and the likelihood of infection for an individual from symptomatic individuals 
depends on the risk level associated with her/his occupation. Table 1 includes the likelihood values used to set up 
these compartmental models. In detail, liH, liHM, liLM, and liL are the infection likelihood values associated with, 
respectively, high risk, medium-high risk, medium-low risk, and low risk occupations. lrec is the likelihood of 
recovery for an infected individual and lrem is the likelihood of an individual to be removed. lsus is the likelihood 
of an infected individual to become again susceptible. liH,as, liHM,as, liLM,as, and liL,as are the likelihood values for 
individuals associated with, respectively, high risk, medium-high risk, medium-low risk, and low risk occupations to 
be infected from asymptomatic individuals. Finally, li,s is the likelihood of infection from symptomatic individuals 
(for the sake of simplicity, we assume this is the same for all the occupations) and ls is the likelihood of an 
asymptomatic (exposed) individual experiencing symptoms.

The simulation engine is in charge of running simulations based on the selected compartmental model. This module 
is implemented by means of a software application based on epydemic.

The ontology manager is in charge of managing the ontology and by verifying its semantic and syntactic correctness. 
The developed software application uses protégé (Musen 2015), one of the most used ontology management systems.

WiP Paper – AI and Intelligent Systems for Crises and Risks 
Proceedings of the 19th ISCRAM Conference – Tarbes, France May 2022 269



Rocco Sergio Palermo et al. A Simulation Framework for Epidemic Spreading in Semantic Social Networks

Table 1. Simulation parameters: high risk infection likelihood (liH); medium-high risk infection likelihood (liHM);
medium-low risk infection likelihood (liLM); low risk infection likelihood (liL); recovery likelihood (lrec); removal
likelihood (lrem); likelihood of becoming susceptible (lsus); likelihood of infection for an individual associated with
high risk occupations from asymptomatic individuals (liH,as); likelihood of infection for an individual associated
with medium-high risk occupations from asymptomatic individuals (liHM,as); likelihood of infection for an individ-
ual associated with medium-low risk occupations from asymptomatic individuals (liLM,as); likelihood of infection
for an individual associated with low risk occupations from asymptomatic individuals (liL,as); likelihood of infection
from symptomatic individuals (li,s); likelihood of an asymptomatic (exposed) individual experiencing symptoms
(ls).

liH liHM liLM liL lrec lrem lsus liH,as liHM,as liLM,as liL,as li,as ls
SIS 0.7 0.55 0.3 0.05 0.03 - - - - - - - -
SIR 0.7 0.55 0.3 0.05 - 0.03 - - - - - - -
SIRS 0.7 0.55 0.3 0.05 - 0.03 0.05 - - - - - -
SEIR - - - - - 0.03 - 0.7 0.55 0.3 0.05 0.03 0.20

The rule configuration manager aims at implementing encoded rules. These are implemented in the form of
SPARQL4 queries to the aim of retrieving knowledge from the used ontology verifying given conditions. SPARQL
queries are executed by means of the semantic reasoning module that was developed by using the python library
named owlready25. In the case study, SPARQL queries are used to retrieve the risk level associated to an occupation.
The typical query used in the case study is presented in listing 1.

PREFIX skos: <http://www.w3.org/200402/skos/core\#>
PREFIX esco: <http://data.europa.eu/esco/model\#>
PREFIX inail: <http://inail-ontology.it/model\#>
SELECT ?riskLevel
WHERE {

?occ a esco:Occupation .
?occ skos:prefLabel esco:Medical\_doctor .
?occ esco:hasNACECode ?nace .
?nace inail:hasRiskLevel ?riskLevel .

}

Listing 1. Typical SPARQL query to retrieve the risk level associated to an occupation from the ESCO ontology

Front End

The front end consists of three modules: the configuration wizard, the simulation statistics module, and the data
visualization module. The configuration wizard is an editor interacting with the configuration manager and the rule
configuration manager, The simulation statistics module analyses and presents the results of the simulation runs. It
is based on the numpy and scipy.stats python libraries. Finally, the graphs showing the simulation dynamics are
displayed by the data visualization module, which is based on the matplotlib python library.

EXPERIMENTATION

We experimented the simulation framework by using the social network consisting of 10.000 individuals generated
for the case study by using the Barabási-Albert algorithm, the ESCO ontology, and the INAIL recommendations for
assigning risk levels to NACE codes. We configured four compartmental models, i.e., SIS, SIR, SIRS, and SEIR,
and we set the likelihood values for epidemic spreading as shown in Table 1. For each compartmental model, we
executed 5 runs. Figure 2 show the average values of the 5 runs for each compartmental model.

The purpose of the experimentation is to show how the simulation framework can be used, what are the results that
can be generated, and how they can be interpreted.

The first compartmental model used in the experimentation is SIS. From the simulation results shown in Figure 2(a),
we see that the number of susceptible individuals with higher risk levels decay in time faster since they get infected

4SPARQL website: https://www.w3.org/TR/rdf-sparql-query/
5owlready2 website: https://owlready2.readthedocs.io/en/v0.36/
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Figure 2. Progress of epidemic for the small town scenario according to the SIS (a), SIR (b), SIRS (c), and SEIR (d)
compartmental models. Each graph shows the number of persons in compartments against units of time (days).

earlier. After 20 units of time (days), most of the population consists of infected individuals whereas a smaller part 
consists of susceptible individuals having occupations associated with low risk.

The second compartmental model used in the experimentation is SIR. From the simulation results shown in Figure 
2(b), we see that, as in the SIS experiment, the number of susceptible individuals with higher risk levels decay 
in time faster since they get infected earlier. After 25 units of time (days), the number of susceptible individuals 
having occupations associated with low risk is significantly reduced and becomes close to 0. After 100 days, most 
of the individuals have been removed and the only remaining individuals are infected.

The third compartmental model used in the experimentation is SIRS. From the simulation results shown in Figure 
2(c), we see that, as in the SIS and SIR experiments, the number of susceptible individuals with higher risk levels 
decay in time faster since they get infected earlier. After 50 units of time (days), most of the individuals are 
infected (around 6.000), more than 3.500 individuals have been removed, and a smaller part consists of susceptible 
individuals having occupations associated with low risk.

The last compartmental model used in the experimentation is SEIR. From the simulation results shown in Figure 
2(d), we see again that, as in the SIS, SIR, and SIRS experiments, the number of susceptible individuals with higher 
risk levels decay in time faster since they get infected earlier. And again after 25 units of time (days), the number of 
susceptible individuals having occupations associated with low risk is significantly reduced and becomes close to 0. 
Exposed individuals, which are those infected but without symptoms, disappear after 30 days. After that time, there 
are only removed, which grow in time, and infected that, conversely, decay in time.

CONCLUSION

Taking fast countermeasures to epidemics is one of the lessons learnt from the COVID-19 pandemic. To this 
purpose, predicting the spreading of a disease is crucial and simulation is considered as a key instrument to this 
purpose. In this context, we have presented a simulation framework for epidemic spreading in semantic social 
network that leverages a domain ontology to increase the precision of simulation runs. At the best of our knowledge, 
the integration of semantics and simulation of epidemic spreading is unprecedented. The simulation framework 
is supported by a software application mainly based on two python libraries: epydemic and owlready2. Finally, 
we have presented a case study related to disease spreading in a small town where occupations of individuals is 
known in advance. The purpose of the experimentation is to show how the simulation framework can be used. As 
future work we intend to validate the simulation framework by comparing the COVID-19 simulated progress results 
with the actual progression of the disease. Furthermore, we intend to apply the framework to other case studies to 
assess the performance of the developed software application in case of larger networks or more complex semantic 
reasoning.
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