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Classical compartmental models of infectious diseases, such as SIR model and its 

extensions, often assume that intervention-related parameters are fixed and independent 

of population behavior.  However, in real epidemic settings, the uptake of interventions 

like, vaccination, hand hygiene, and isolation is highly influenced by individual 

decision-making. This study presents a structured game-theoretic approach for coupling 

behavioral dynamics with compartmental disease models. The framework outlines the 

steps in the construction of payoff functions that capture the interplay between 

intervention costs and disease risk and their dependence on the disease prevalence. These 

payoff structures are incorporated with epidemiological models through evolutionary 

game theory, yielding coupled systems in which disease dynamics and behavioral 

changes evolve. Through an illustrative example based on the classical SIR model, the 

steady-state behavior of the coupled system is interpreted using the concept of Nash 

equilibrium. Unlike classical compartmental models that uses fixed intervention 

parameters, the coupled framework accounts for adaptive behavior changes and provides 

a procedure for integrating decision-making into infectious disease models. By giving a 

clear outline of the steps involved in disease-behavior coupling, this overview provides 

a guide for developing adaptive behavioral disease models and enhances the design and 

evaluation of effective public health intervention strategies.  
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INTRODUCTION 

Mathematical modeling has been applied rigorously in 

understanding the transmission dynamics of infectious 

diseases (Okuonghae & Omame ,2020; Cooper et al., 1999; 

Anderson & May,1991). Classical compartmental models, 

such as SIR and its extensions, partition population into 

different classes and describe the movements between these 

classes using systems of differential equations. These models 

gave insights into key concepts for understanding the disease 

dynamics, like basic reproduction number, equilibrium 

thresholds and impact of intervention methods (Kermack & 

McKendrick, 1927; Hethcote, 2000). Despite the wide 

applicability of these models, there are still limitations 

especially the assumption that epidemiological parameters are 

fixed throughout the course of an epidemic. In many existing 

models intervention-related parameters like, vaccination 

(d’Onofrio, 2002), isolation (Towers and Feng, 2012), hand 

hygiene (Ezeh & Okuonghae, 2026), are influenced by 

individual perception of disease risk, cost of intervention and 

observed behavioral changes (Bauch & Earn, 2004; Reluga, 

2010). These types of responses can determine the dynamics 

of a disease and may also present outcomes that are outside 

what is predicted by compartmental models. 

To address this drawback, there has been a growing interest 

in models that incorporate behavioral changes in modeling 

dynamics of infectious diseases using game theory (Bauch & 

Earn, 2004; Reluga, 2010; Funk et al. 2010; Chang et al., 

2020; Verma, et al., 2025, Zhang et al., 2026). These models 

provide conceptual framework for modeling situations where 

individuals make decisions based on benefits while 

interacting with others in the population. During epidemic 

individuals are left with the choice to adopt or not adopt an 

intervention strategy, which invariably influences disease 

transmission dynamics. Recent studies like (Wang, et al. 

2025; Schimit, et al., 2025; Zhang et al., 2026) have applied 

the concept of evolutionary game theory to model and predict 

the transmission of a disease during an outbreak. These 

models show that behavioral changes can lead to outcomes 

that differ substantially from those predicted by models with 

fixed intervention parameters. However, these studies 

focused mainly on classification of existing models, 

reviewing different applications and discussing various 

theoretical developments. While these studies have made 

numerous contributions to the subject, less attention has been 

devoted to presenting a step-by-step methodological approach 

that can guide researchers through the construction of payoff 

functions, formulation of behavioral dynamics, and coupling 

of game-theoretic models with compartmental epidemic 

models. As application of game-theoretic models continue to 

grow, a structured systematic overview becomes useful for 

researchers seeking to develop new coupled disease-behavior 

models. 

In addressing this need, the present study provides an 

overview of game-theoretic framework for coupling 

behavioral changes with compartmental epidemic models. 

The aim is to outline the key steps involved in constructing 

payoff functions, formulating behavioral dynamics, and 

integrating these with standard disease models. This overview 

will serve as a useful reference for developing game-theoretic 

epidemic models and other extensions. 
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MATERIALS AND METHODS 

Game-Theoretic Build-Up  

The coupling of a game theoretical model with a 

compartmental epidemiological model depends on the source 

of information, type of information and behavioral changes 

associated with the model (Funk et al., 2010). The source of 

information can also be global (like, television, internet) or 

local (like, rumors, information from relatives and friends). 

The type of information could be prevalence-based (from 

disease status of individuals in the population) or belief-based 

(from cultural belief, press, and social perception of the 

disease risk). In this framework, the behavioral change is 

represented as the decision to either take up or not take up an 

intervention strategy. For example, in a vaccination model 

individuals who choose to vaccinate may move from the 

susceptible class to the immune or vaccinated class (Hethcote, 

2000).  

Game theory provides a framework for modeling situations 

where individuals make decisions while interacting with other 

individuals (players). The players are considered intelligent 

entities trying to make decisions in the presence of many 

uncertainties, primarily the decision of the opposing player. 

Here each player tends to optimize its profit or payment 

known commonly as payoff, which represents the perceived 

benefit or cost associated with each strategy. To maximize 

payoff, each player takes a decision among several available 

decisions, otherwise known as strategies. The best strategy 

that will yield optimal payoff depends largely on the decision 

or strategy of the competing player (Chang et al., 2020). A 

key concept in game theory is the Nash equilibrium, which 

represents a state where no individual can improve their 

payoff by solely changing their strategy (Osborne & 

Robinstein, 1994; Nash, 1951). In epidemiology, this is 

equivalent to a situation where individuals have no incentive 

to change their intervention behavior given the current state 

of the disease and the behavior of others.  

 

Payoff Construction 

To couple behavioral decision with disease dynamics, payoff 

functions are constructed to represent the interplay between 

the cost of intervention and the risk of infection, where all 

individuals in a given population have access to information 

on the intervention. Let the cost associated with adopting an 

intervention strategy be denoted by −𝑓𝑦 (where 𝑓𝑦 denotes the 

direct cost of the intervention). The negative arises from the 

fact that maximizing payoff is the same as minimizing the 

adverse effect (Bauch et al., 2013). Similarly, let the risk of 

infection be denoted by 𝑓𝑛𝑝(𝑡), where 𝑝(𝑡) is the proportion 

of infectious individuals in the population and 𝑓𝑛 the mortality 

associated with the disease risk. Then the payoff for adopting 

the intervention is expressed as a function that incorporates 

both the direct cost of the intervention and the reduction in 

infection risk due to its effectiveness. The payoff function is, 

 −𝑓𝑦 − (1 − 𝜔)𝑓𝑛𝑝(𝑡)   (1) 

where 𝜔 ∈ [0,1] is the effectiveness of the intervention.  

In equation (1) individuals who are adopting the intervention 

strategy will bear the direct cost 𝑓𝑦 but will be compensated 

by a reduction in the risk of infection resulting from the 

impact of the intervention effectiveness. 

Conversely, the payoff for not adopting the intervention 

implies full exposure to infection risk without the intervention 

cost. The payoff function is , 

−𝑓𝑛𝑝(𝑡)     (2) 

Therefore in equation (2), those who are not adopting the 

intervention strategy will bear the full cost of the infection 

𝑓𝑛𝑝(𝑡). The difference between these payoffs determines the 

attractiveness of each strategy. 

Payoff functions serve as a bridge between individual 

decisions preferences and population disease dynamics. Since 

these payoffs depend on epidemiological variables, it enables 

the incorporation of behavioral responses in infectious disease 

models. If incorporated, the coupled model presents scenarios 

where the disease spread depends on the level of intervention, 

the uptake of an intervention strategy and the state of the 

disease dynamics (Funk et al., 2010; d’Onofrio et al., 2007).  

 

Behavioral Dynamics 

The evolution of behavioral strategies over time can be 

modeled using the replicator equation (Taylor & Jonker, 

1978; Hofbauer & Sigmund, 1998). Let 𝑦(𝑡) ∈ [0,1] be the 

proportion of the population adopting the intervention 

strategy at time(𝑡). Then, the rate of change of 𝑦(𝑡) is 

determined by the difference in the payoff for adopting the 

strategy and the average payoff in the population as in 

equation (3) below, 
𝑑𝑦 

𝑑𝑡
= 𝑦(1 − 𝑦)(𝜋𝑦 − 𝜋𝑛)   (3) 

Where 𝜋𝑦 𝑎𝑛𝑑 𝜋𝑛 are the payoffs for adopting and not 

adopting the intervention strategy respectively. 

Substituting equations (1) and (2) into equation (3) we have 

that, 
𝑑𝑦 

𝑑𝑡
= 𝑦(1 − 𝑦)[−𝑓𝑦 − (1 − 𝜔)𝑓𝑛𝑝(𝑡)+𝑓𝑛𝑝(𝑡)]  (4) 

That is, 
𝑑𝑦 

𝑑𝑡
= 𝑦(1 − 𝑦)[−𝑓𝑦 − 𝑓𝑛𝑝(𝑡) + 𝜔𝑓𝑛𝑝(𝑡) + 𝑓𝑛𝑝(𝑡)] 

Therefore, 
𝑑𝑦 

𝑑𝑡
= 𝑦(1 − 𝑦)[−𝑓𝑦+𝜔𝑓𝑛𝑝(𝑡)]  (5) 

The formulation in equation (5) gives the standard two-

strategy replicator dynamics with respect to the payoff 

functions defined in equations (1) and (2). It entails that the 

proportion of individuals adopting the intervention strategy 

increases when the payoff associated with intervention 

exceeds that of non-intervention strategy, and decreases 

otherwise (Taylor & Jonker, 1978). Also, as the disease 

prevalence, 𝑝(𝑡), changes, the associated payoffs change, 

leading to adjustment of behavioral responses. This implies 

that, increase in infection prevalence may increase the uptake 

of intervention strategies, while decrease in prevalence may 

lead to reduced uptake. This interplay is core to the coupling 

of behavioral and disease models. 

 

Illustrative Example: Coupling with SIR Model 

To demonstrate how behavioral dynamics can be incorporated 

into a compartmental model, we consider the classic SIR 

model (Kermack and McKendrick, 1927), given by:  
𝑑𝑆

𝑑𝑡
= −𝛽𝑆𝐼

𝑑𝐼

𝑑𝑡
= 𝛽𝑆𝐼 − 𝛾𝐼

𝑑𝑅

𝑑𝑡
= 𝛾𝐼

    

}
 
 

 
 

             (6)  

where 𝑆(𝑡), 𝐼(𝑡) and 𝑅(𝑡) represent the proportions of 

susceptible, infectious and recovered individuals in the 

population, respectively. The parameter 𝛽 is the transmission 

rate and while 𝛾 is the recovery rate. 

This model assumes a constant transmission rate, 

independent of the population behavior. To incorporate the 

impact of behavioral changes in the model, the intervention 

strategy is added to the transmission parameter 𝛽 through a 

time-dependent variable 𝑦(𝑡) ∈ [0,1] defined earlier and the 

intervention effectiveness (𝜔) , as given below, 

 𝛽(𝑦) = 𝛽(1 − 𝜔𝑦)    (7) 

The expression in equation (7) assumes that increased 

adoption of the intervention strategy leads to a proportional 

reduction in the disease transmission. It is adopted here for 
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illustrative purposes because of its simplicity and ease of 

interpretation. Although, this linear behavior-dependent 

transmission function is been widely used in behavioral-

epidemic models, other formulations, like nonlinear, 

saturating, and threshold-dependent transmission functions, 

have also been proposed in the literature. The choice of a 

functional form for the transmission parameter depends on the 

disease under consideration and the behavioral pattern being 

modeled. 

Substituting the time dependent behavior-based transmission 

rate in equation (7) into the SIR model in equation (6) we have 

a modified SIR model as, 
𝑑𝑆

𝑑𝑡
= −𝛽(1 − 𝜔𝑦)𝑆𝐼

𝑑𝐼

𝑑𝑡
= 𝛽(1 − 𝜔𝑦)𝑆𝐼 − 𝛾𝐼

𝑑𝑅

𝑑𝑡
= 𝛾𝐼

    

}
 
 

 
 

   (8) 

This modified model incorporates the impact of behavioral 

changes due to intervention. The transmission rate here is not 

constant as it decreases with increasing proportion 𝑦(𝑡). 

The behavioral model in equation (5) and the modified 

disease model in equation (8), gives the coupled model as: 

    

𝑑𝑆

𝑑𝑡
= −𝛽(1 − 𝜔𝑦)𝑆𝐼

𝑑𝐼

𝑑𝑡
= 𝛽(1 − 𝜔𝑦)𝑆𝐼 − 𝛾𝐼

𝑑𝑅

𝑑𝑡
= 𝛾𝐼

𝑑𝑦 

𝑑𝑡
= 𝑦(1 − 𝑦)[−𝑓𝑦+𝜔𝑓𝑛𝐼]}

 
 

 
 

   (9) 

where 𝑝(𝑡) = 𝐼(𝑡).  
This coupled framework captures the feedback interaction 

between the disease dynamics and the behavioral responses. 

As the number of infectious individual’s increases, the 

perceived risk of infection rises, which may lead to increased 

adoption of the intervention strategies. In contrast, as 

intervention uptake increases, the effective transmission rate 

decreases, this may influence the spread of the disease. The 

coupled framework in this study is intended to illustrate the 

general methodology for integrating behavioral dynamics 

with compartmental epidemic models rather than to analyze 

any specific infectious disease.  

 

Table 1: Comparison Betwenn Classical Compartmental Models and the Coupled Game-theoretic Framework 

Attributes Classical Compartmental Models Coupled Game-Theoretic Models 

Intervention parameter Constant  Behavior-dependent 

Transmission rate Fixed Modified by behavioral changes 

Human behavior Not modeled Explicitly modeled 

Decision making Absent Present 

Payoff function Absent Present 

Behavioral evolution Absent Replicator Dynamics 

Equilibrium  Epidemiological equilibrium Epidemiological and Nash equilibria 

Feedback system Absent Disease – Behavior feedback 

 

Nash Equilibrium 

The concept of Nash equilibrium provides a useful way to 

interpret the steady-state behavior of the coupled behavior-

disease model. Consider the coupled system in equation (9), 

when  
𝑑𝑦 

𝑑𝑡
= 0, this condition is satisfied in three possible 

ways:  

(1)  𝑦 = 0: No individual adopts the intervention strategy. 

This may occur when the cost of the intervention is 

perceived to be more than the disease risk making non-

adoption of the intervention a preferred strategy. 

(2)  𝑦 = 1: All individuals adopt the intervention strategy. 

This occurs when the benefit of the intervention 

outweighs its cost making the uptake of intervention a 

dominant strategy. 

(3) 𝜋𝑦 = 𝜋𝑛: The payoff of both strategies is equal. In this 

case, individuals have no benefit to change their current 

strategy, leading to an equilibrium state where both 

strategies exist together. 

These steady-state conditions correspond to Nash equilibrium 

state, where no individual can improve their payoff by solely 

changing strategy, given the behavior if others (Nash, 1951). 

In the coupled model, the Nash equilibrium is determined 

though the epidemiological variables such as the proportion 

of infectious individuals in the population. This creates a 

feedback relationship where disease prevalence influences the 

behavioral equilibrium and the behavioral equilibrium also, 

affects the disease transmission. Generally, the equilibrium of 

the coupled model emanated from the interaction between the 

epidemic and behavioral models, whereby distinguishing the 

framework from classical compartmental models, where 

intervention parameters are fixed and are independent of the 

population behavior.  

Discussion   

This study presents a structured game-theoretic framework 

for coupling behavioral changes and compartmental models 

of infectious diseases. Unlike classical models, where 

intervention-related parameters are fixed, the proposed 

framework treats intervention uptake as a dynamic variable 

that evolves in response to disease prevalence and individual 

decision-making. Consequently, individuals respond to 

disease prevalence by weighing the options available to them 

based on the associated cost of taking up the intervention and 

the severity of the disease risk.  

 The framework demonstrates that payoff functions play a 

central role as a link between epidemiological processes and 

behavioral responses. These payoff functions depend on 

assumptions on how individuals perceive risk of disease and 

cost of intervention, which varies across population and 

diseases. The resulting behavioral dynamics, represented 

through the replicator equation allow intervention uptake to 

evolve depending on the popular strategy.  

The Nash equilibrium offers useful interpretations of the 

steady-state behavior of the coupled model. At equilibrium, 

individuals find it non-useful to change their strategy given 

the current state of the epidemics. However, unlike classical 

compartmental models, these steady states emerge from the 

mutual interaction between disease dynamics and strategic 

human behavior.  

Previous studies have shown that disease models that 

integrated behavioral changes can generate qualitative 

dynamics that differs reasonably from those predicted by 

classical compartmental models. Depending on the nature of 

the disease and the behavioral assumptions adopted, coupled 

disease-behavior models may exhibit characteristics (like, 

multiple equlibria, sustained oscillation, delayed epidemic 

waves, and other complex phenomena) not captured by the 

fixed parameter models. These findings also elucidate the 
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importance of accommodating adaptive human behavior 

when evaluating intervention strategies and designing public 

health policies. 

In general, the framework presented in this study gives a 

methodological foundation for integrating evolutionary game 

theory with compartmental epidemic models. The study 

outlined the steps involved in the construction of payoff 

functions, behavioral dynamics, and disease-behavior 

coupling, which serves as a practical guide for developing 

behavioral-based epidemic models extendable to a wide range 

of infectious diseases and intervention studies. 

 

CONCLUSION 

In this study an overview of how game-theoretic approach can 

be used to incorporate behavioral changes into compartmental 

models of infectious diseases is presented. The framework 

demonstrates that intervention strategies can be modeled as 

dynamic variables influenced by individual decision-making, 

rather than as fixed parameters in classical compartmental 

models.  

The coupled model derived by combining payoff functions 

from behavioral changes and epidemiological model, captures 

the interplay between disease prevalence and intervention 

uptake. The replicator equation used provides a systematic 

description of how behavioral changes evolve over time and 

the Nash equilibrium provides an insight into the steady-state 

behavior of the coupled model.  

The illustrative example based on SIR model highlights the 

practical steps involved in implementing the coupling 

approach. The framework in general offers a useful 

foundation for extending classical epidemic models to 

incorporate behavioral responses, particularly in situations 

where individual decision-making plays a significant role in 

intervention uptake. Additionally, the framework has 

potential use in informing the design and evaluation of public 

health interventions during emerging infectious disease 

outbreaks, where adaptive human behavior influences disease 

transmission. Further studies may extend this framework to 

more complex settings capturing, stochastic epidemic models, 

network-based transmission models and multi-strategy 

behavioral games, for investigating vast disease-behavior 

interactions. 
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