
Int. J. Dynam. Control (2017) 5:1046–1050
DOI 10.1007/s40435-016-0271-9

When behaviour turns contagious: the use of deterministic
epidemiological models in modeling social contagion phenomena

Joanna Sooknanan1 · Donna M. G. Comissiong2

Received: 15 September 2016 / Accepted: 17 September 2016 / Published online: 28 September 2016
© Springer-Verlag Berlin Heidelberg 2016

Abstract Mathematical models offer crucial insights into
the transmission dynamics and control of infectious diseases.
These models have also been applied to investigate a vari-
ety of ‘contagious’ social phenomena like crime, opinions,
addiction and fanaticism.We review the use and adaptation of
models fromepidemiology (compartmentalmodels) to inves-
tigate the transmission dynamics of different social contagion
processes- all of which are spread by contact only.
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1 Introduction

Planking, the ice-bucket challenge, gossip and rumors . . .
all familiar references but not with always the most pleas-
ant of memories! Gladwell [1] recognised that some social
phenomena like ideas and behavior are contagious. Social
contagion refers to “the spread of affect or behaviour from
one crowd participant to another; one person serves as the
stimulus for the imitative actions of another” [2].Words used
to describe this phenomenon are reminiscent of terms used
in epidemiology—contagion, infectiousness, spread, going
viral etc.
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From a mathematical point of view, the spread of social
contagion may be considered analogous to that of an infec-
tious disease. This insight has led to the use andmanipulation
of models from epidemiology (compartmental models) to
investigate the transmission dynamics of different conta-
gion processes or ‘traits’ transmitted amongst individuals or
groups. This ‘trait’ can refer to a disease, a genetic char-
acteristic, a cultural characteristic, an addictive activity, or
the gain or loss of information that is communicated through
gossip or rumors [3]. The commonality in these ‘traits’ being
that they are spread only by contact processes. A review of
infectious disease models yielded three major categories of
traits modeled which were ‘compartmentalised’ (aptly) into
the following categories:

• S—Social addictions, eating disorders and the growth of
church and political parties

• I—Information spread—traditional and modern
• R—Radical Behavior, fanaticism, crime and violence

Before we examine these models however, we review
briefly the history and structure of compartmental models
and give examples of their most recent use—the fight against
the “emerging Zika pandemic” [4] which is of great concern
to health officials and governments world-wide.

2 A brief history of compartmental models

Mathematical models offer crucial insights into the transmis-
sion dynamics and control of infectious diseases. Mathemat-
ical modelling has a long history in epidemiology. In terms of
modern mathematical epidemiology, the first epidemic mod-
eler was the physician Enko who between 1873 and 1894
formulated chain binomial models of disease spread.
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Modern mathematical epidemiology based on compart-
mental models, has its roots in the works of public health
physicians Ross, Hamer, McKendrick and Kermack circa
1900–1935, who transformed theories of disease transmis-
sion into simplisticmathematicalmodels [5,6]. In an analogy
that has withstood the test of time, these models use ideas
fromchemical reaction kinetics to formulate amodel of trans-
mission that treats the interaction between susceptible and
infected individuals as comparable to the collision of mole-
cules.

Compartmental models divide a population of individuals
into disjoint sub-groups or compartments based on infection
status, age, social group, or other categories of interest or
epidemiological relevance and attempt to describe the inter-
actions between compartments. Here, only the state of an
individual with respect to the disease is considered. The
compartments are generally denoted by some or all of the
letters SEIR where ‘S’ denotes Susceptible People (people
who can catch the disease), ‘E’ denotes Exposed People
(individuals who are infected but not yet infectious), ‘I’
denotes Infectious People (people who can transmit the dis-
ease), and ‘R’ denotes Recovered/ removed/immune people.
This results in a system of nonlinear differential equa-
tions.

Permutations of these models have been used to describe
infectious diseases like measles, rubella, chickenpox, small-
pox, malaria, HIV/AIDS, bird flu and ebola. The robustness
of these models are such that models for the “emerging Zika
pandemic” [4] are being used to predict the transmission
potential (asmeasured by the basic reproduction numberR0),
of the Zika virus infection [7], to model the transmission
dynamics of Zika [8] and to recommend control strategies
[9].

3 Social contagion—the good, the bad and the ugly

Most of the analytical models used in the social and behav-
ioral sciences are linear models [10]. In nonlinear systems,
proportionality does not hold: thus small changes can have
dramatic and unanticipated effects—these are known as
bifurcation points. The bifurcations give tipping points of the
system where the system may make a sudden transition to a
very different behavior. Linear models are favored by policy
makers [11] since “they are mathematically tractable, eas-
ily fit to empirical data, and well understood by researchers”
[10].

Human behaviour is inherently nonlinear [11], thus most
of the social contagion processes to be modeled are inher-
ently nonlinear. We now provide an overview of the dif-
ferent phenomena modeled by (nonlinear) compartmental
models.

4 Information spread (traditional and recent)

In the early 1960s, Goffman and Newhill [12] compared the
spread and growth of ideas bymeans of scientific literature to
the spread of epidemics (‘intellectual epidemics’) using aSIR
epidemic model and then applied this model to the history
of mast cell research [13]. Here ‘S’ represents the size of the
susceptible population, ‘I’ represents the size of the infected
class (those who have adopted the new scientific idea, as
manifested in their publications), and ‘R(t)’ represents the
size of the population who have recovered (no longer pub-
lishing on the topic). This SIR model was then extended by
introducing a class ‘E’ of persons exposed to the intellectual
infection and a class ‘Z’ of skeptics [14]. It was also used
to model the evolution in numbers of authors working in the
field in six different emerging scientific fields [15]. Jin et al.
[16] applied the SEIZ (susceptible, incubator, infected, and
skeptic) model to news and rumors on Twitter.

The development and subsequent growth of the Internet
has changed the way in which information is spread and has
spawned new forms of interactivity in the form of social
media, email, blogs, online forums, chat rooms and web-
sites. This growth has been fuelled by cheaper and smaller
mobile devices leading to increased opportunities to share
information, preferences, opinions and ideas—information
diffusion.

Opinions, ideas and thoughts are contagious. Going viral
is one of the buzzwords used to describe their contagiousness
and speed of spread on the Internet—often with no regard to
their veracity and without much critical examination [17].
“Participation in opinion-based groups produces psycholog-
ical transformations that impact on behavior, beliefs, and
emotions” [18]. Information diffusion has been compared
to the spread of epidemics and has been modelled using an
SIR epidemic model [19–21]. The SIR model is used “to
represent the process of topic diffusion through continuous
discussions about a topic on Web forums” [21]. It is spread
when an initiating author posts a thread to start a discussion
which may then infect others with his ideas. Other users who
are interested in the topic will read and post comments on
the thread and will post other threads, thereby infecting oth-
ers with their posts [20]. In the SIR model, ‘S’ represents
possible users, ‘I’ represents interested users and ‘R’ repre-
sents those who stop participating in discussions and lose the
power to influence others.

Fittingly enough, the transmission of viruses and other
malicious objects such as worms and trojan horses in com-
puter network via electronic mail and the use of secondary
devices has been compared with the spread of an infectious
disease. Modifications of SIR and SEIR infectious disease
models have been used to model the spread of these objects,
where for instance susceptible individuals correspond to
susceptible computers, i.e. virus-free computers having no
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immunity, latent individuals correspond to infected comput-
ers in which all viruses are in latency, infected individuals
correspond to infected computers with at least one virus and
recovered individuals correspond to recovered computers,
i.e virus-free computers having immunity [22–25]. Other
models include an epidemicmodelwhich combines both vac-
cinations and quarantine methods, the SEIQV model [26],
while a SEIQRS model has been developed for the transmis-
sion of malicious objects in computer network [24].

5 Radical behavior, fanaticism, crime and violence

The media inundates us with news of terrorist groups, their
radical behaviour and its usually violent aftermath. Models
have been used to study the spread in ideology in a region
where some groups want to attain independence through vio-
lence [27], as well as to examine the transmission dynamics
of fanatic behaviors [28]. Camacho [29] extended the work
of [28] to include interaction between two violent groups—
with and without interaction between these groups. The
importance of Social Media as a tool for spreading extreme
opinions or ideologies was recognised byWoo et al. [20] who
used a SIR model to model violent topic diffusion in a Jihadi
forum.

Violence may be treated as a socially infectious disease
[30],with a public health approach to the control of infectious
disease, used in violence prevention. Campbell and Ormerod
[31] and Ormerod et al. [32] applied an infectious disease
model to violent crime and burglary in the United Kingdom.

Other forms of violent behavior also lend themselves to
these types of models. Since association with delinquent
peers is one of the strongest risk factors for gang member-
ship [33], gang membership can be treated as an infection
that multiplies due to interaction or peer contagion whereby
‘infected’ youth convert vulnerable or susceptible youth
[34,35] to a life in the gang. Criminal behaviour was also
treated as an infection with regards to property crime- spread
from criminals to non-criminals in a population divided into
classes by employment and criminal status [36].

6 Social addictions, eating disorders and the
growth of church and political parties

In 2013, it is estimated that a total of 246 million people,
or 1 out of 20 people between the ages of 15 and 64 years
used an illicit drug [37]. The harmful use of alcohol ranks
among the top five risk factors for disease, disability and
death throughout the world [38]. The role of peer influence
in encouraging or discouraging these behaviors is important.
Susceptible members of the population acquire the habits
(and become infected or addicts) via effective ‘contacts’ with

drinkers, smokers or drug addicts. Treatmentmaybe included
in these models via a treatment class and the recovered class.
Addictive behaviors modelled include alcoholism [39–44],
smoking [45] and the use of ecstasy, crystal meth and heroin
[46–49].

Researchers have noted the similarity between addictions
and eating disorders [2]. Therefore, it is not surprising that
infectious diseasemodels have also found a home in themod-
elling of eating disorders [50] and obesity [51].

Karl Marx famously referred to religion as the opiate of
the masses and with this in mind, the growth of religion
(quantified by numbers of the faithful or church members)
was included in this category—though this process may
have just as easily fit in any of the other categories. A SIR
model was used to model the growth of the population of a
church [52,53]. It is assumed that the dynamics of the grow-
ing church resembles that of the spread of a disease, with
enthusiasts analogous to those infected with the disease. In
this model, ‘S’ represents the number of susceptibles, the
unbelievers, with whom the church members have contact.
‘I’ represents enthusiasts, or ‘infected’ believers, within the
church who are active in spreading the faith and ‘R’ repre-
sents the removed church members who have a negligible
role in garnering converts.

The idea behind these models describing the growth of a
church is similar to that used to model the growth of political
parties.Romero et al. [54] assumed that third parties (political
parties operating along with two major parties in a bipartisan
systemover a limited periodof time) grow in a similarmanner
to epidemics in a population with the party faithful (activists)
playing an extensive role in the growth of the party. Jeffs et al.
[55] in what was termed an “Activist Model of Political Party
Growth” used a SIR model to examine the role of activists in
the growth of a political party. Here ‘S’ represents those who
do not belong to the political party (susceptibles), the party
faithful (the members) are divided into recruiting activists
‘I’ who are “infectious” and recruit susceptibles by word
of mouth, non-recruiting activists ‘A’ and inactive members
‘M’, both of whom play no part in the recruitment process.
The model was applied to membership of British political
parties and found to reproduce observed data trends.

7 Conclusion

“Mathematical epidemiology seems to have grown exponen-
tially starting in the middle of the twentith century” [6]. This
has led to a variety of models of infectious diseases. How-
ever, as far as we can determine, the widespread application
of compartmentalmodels to a variety of social and behavioral
phenomena is of a fairly recent nature.

The importance of these models lies in their uses to gen-
erate estimates when data is sparse, verify hypotheses and to
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perform ‘virtual’ experiments to evaluate the efficacy of dif-
ferent prevention strategies and can complement traditional
approaches to research Castiglione [56].

We must note however, that although the fundamental
dynamics of contact and spread of social contagion and infec-
tious diseases may be comparable, some characteristics of
the two dynamics are fundamentally different. Accordingly,
problems arise in estimating key parameters like contact rates
since this may be dependent on behavior of human beings
which may be difficult to quantify and observe.

The use of social media has been implicated in the 2011
UK riots and the Arab Spring [18,57]. Given the current
political climate around the world with the rise of extreme
ideologies in many parts of the globe and the large number
of people suffering from addictions and victims of crime,
models that can provide insight into how such ideologies,
opinions and addictions spread in a society and how they can
be reduced are of great relevance and interest.
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