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During epidemic outbreaks, human behavior is highly influential on the disease trans-
mission and hence affects the course, duration and outcome of the epidemics. In order to
examine the feedback effect between the dynamics of the behavioral response and disease
outbreak, a simple SIR-b type model is established by introducing the independent vari-
able b of effective contact rate, characterizing how human behavior interacts with disease
transmission dynamics and allowing for the feedback changing over time along the
progress of epidemic and population's perception of risk. By a particle swarm optimization
algorithm in the solution procedures and time series of COVID-19 data with different
shapes of infection peaks, we show that the proposed model, together with such behav-
ioral change mechanism, is capable of capturing the trend of the selected data and can give
rise to oscillatory prevalence of different magnitude over time, revealing how different
levels of behavioral response affect the waves of infection as well as the evolution of the
disease.

© 2024 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Epidemics and pandemics have always been a major threat to humanity throughout history and have seriously endan-
gered public health, social and economic development, such as the COVID-19 pandemic that emerged in late 2019 and spread
rapidly around the world, causing more than 6.9 million deaths and disruption to normal functioning of society. The out-
breaks and recurrences of infectious diseases have reminded the world of the importance of uncovering the underlying
mechanisms that influence disease transmission and have sparked a sustained interest in the dynamic modelling (Azizi,
Kazanci, Komarova, & Wodarz, 2022; Hethcote, 2000; Panicker & Sasidevan, 2024). Mathematical modelling of viral epi-
demics, basically including deterministic modelling and stochastic modelling, allows for an understanding of the trans-
mission dynamics in order to assist in controlling and preventing the spread of diseases (Laarabi, Rachik, Kahlaoui, & Labriji,
2013; Wang & Zhang, 2024; Yerlanov, Agarwal, Colijn, & Stockdale, 2023).

In epidemiological literature, a wide range of mathematical models have been developed to explain, characterise and
project the evolution of different infectious diseases, such as compartmental models (Gilbert et al., 2020; Wang, Wu, & Tang,
by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open access article under the CC
ses/by-nc-nd/4.0/).
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2022), agents-based models (Panicker & Sasidevan, 2024), network-based models (Stolerman, Coombs, & Boatto, 2015) and
machine learning-based models (Song & Xiao, 2022a; Yin, Wu, & Song, 2023). Compartment model, starting from the pio-
neering epidemiological model introduced by Kermack & McKendrick, 1927 (Kermack & McKendrick, 1927), is a well
established approach to describing and simulating the evolution of an epidemic within a population. In general, such models
are based on the concept that the population can be divided into disjoint groups (e.g. susceptible, infected and removed)
according to their ability to host and transmit a pathogen, and the spread of the disease is then modeled by a system of
differential equations that describe how people move from different compartments.

When using a compartment model to describe the transmission of a specific virus, it requires the knowledge of the pa-
rameters defining the flows from one compartment to another, some of which can be estimated directly from the available
data while others cannot be easily estimated. For instance, the infection rate (also called as force of infection), which can be
decomposed in terms of the average rate of contact between individuals per unit time (the contact rate) and the average
probability of infection per contact (the intrinsic infection rate), depends on both biological and societal conditions and thus is
time-varying. During an epidemic outbreak, public health authorities may be forced to impose and promote restrictive
measures, such as social distancing, quarantine, and other non-pharmaceutical interventions (NPIs), with the aim of changing
the behavior of the population and, consequently, the course of the epidemic (Bedson et al., 2021; Haug et al., 2020). These
restrictive measures may be tuned alternatively tight or relax over time, depending on fluctuations in the contagion data, and
on economic and social costs of their implementation. In addition, the epidemic state may also lead individuals to sponta-
neously change their social behavior, i.e., to reduce or increase interactions according to their perception of the risk of being
infected (Cabrera, C�ordova-lepe, Guti�eerrez-Jara, & Vogt-Geisse, 2021; Rubin, Amlôt, Page, & Wessely, 2009). It is well
accepted that such changes in human behavior, including self-regulated and policy-driven, play an important role in reducing
disease transmission and mitigating the impact of the epidemics at a population level, even in the absence of pharmaceutical
interventions. As a result, modelling human behavior within mathematical epidemiological models and accounting for the
consequences of behavior modification on the dynamics has been a recent focus of model-based analysis (Brankston et al.,
2024; Diagne et al., 2024; Fome et al., 2023; Zhang, Scarabel, Murty, & Wu, 2023; Zhou, Rahman, Khanam, & Taylor, 2023;
Zuo, Ling, Zhu, Ma, & Xiang, 2023).

In a pandemic situation, when the transmission is driven by human contact behavior, both the implementation of NPIs
that are highly dependent on human behavior and voluntary avoidance behavior by individuals, serve as critical tools to alter
the course, duration and outcome of disease outbreaks, regardless of the availability of vaccines. On the other hand, the
emerging viral infectious disease will necessarily motivate authorities to impose NPIs and the population to modify their
behavior in direct response to the risk of high prevalence or persistent deterioration. For example, the increased number of
infections will result in a reduction in social activity and hence a decrease in the transmission rate. It is thus clear that there
exists a feedback loop between the dynamics of the epidemic and the behavioral response, both at the institutional and
personal level, and that this feedback may change over time along the progress of epidemic and people perception of risk and
the severity of disease outbreak. Study of this feedback mechanism is a precursor to guiding public health interventions and
has attracted great interest among researchers (Tang, Zhou, Wang, Wu, & Xiao, 2022; Vrugt, Bickmann, &Wittkowski, 2021).
Mathematically, incorporating such interactions between epidemic outbreaks and human behavior into model variables or
parameters is challenging because the adoption of protective behavior involves abstract and complex psychological and
subjective factors, such as emotion of fear and awareness of disease risk (Jain, Bhaunagar, Prasad,& Kaur, 2023; Sardar, Nadim,
& Rana, 2023), and the type and degree of behavior modification varies with age structure, gender and other socio-
demographic characteristics (Wang et al., 2022; Zuo et al., 2023). Nonetheless, it is well established that mathematical
modelling can be of great help in exploring the behavioral change mechanisms and in characterizing how human behavior
interacts with disease transmission dynamics.

Mathematical models that study the spread of infectious diseases related to human behavior have received much
attention. According to the principles used in modelling, there are three main approaches to the representation of feedback
effects in models of transmission dynamics. One common approach is to change parameters in compartmental models from
constant to non-constant, typically the transmission term, in this way modelling the feedback from disease transmission to
human behavioral response. In such context, different forms of nonlinear function have been used to describe the time
varying nature of the effective contact rate b. For example, a saturated function bðtÞ ¼ b0

1þkIðtÞ was given by Capasso and Serio
(Capasso & Serio, 1978), where I is the number of infectious individuals and b0 is the nominal contact rate, to account for the
psychological effect in the population, that is, more self-protective behavior at high levels of I. Exponential decay function
bðtÞ ¼ b0e�a1E�a2I�a3H and b(t) ¼ b0(1 � e�aI) were presented in (Kolokolnikov & Iron, 2021; Liu, Wu, & Zhu, 2007) to reflect
the impact of for instance, social media and mask wearing on the regulation of transmission likelihood, where E and H
denoted the exposed and hospital population, respectively. Additionally, Xiao et al. (Xiao, Tang, & Wu, 2015) introduced a
piece-smooth function that depends on both I and its derivative, which induces an impact switch of media coverage on the
contact rate. There are other articles incorporating similar nonlinear function in transmission term, see (Cui, Sun, & Zhu,
2008; Song & Xiao, 2022b; Sun, Yang, Arino, & Khan, 2011; Tchuenche & Bauch, 2012; Tchuenche et al., 2011) and refer-
ences therein. A second approach tomodelling feedback is to divide the population into more different sub-populations, such
as risk-aware and risk-unaware compartments, based on individuals’ awareness, risk perception or activity level, see (Agaba,
Kyrychko, & Blyuss, 2017; Funk, Gilad, & Jansen, 2010; Teslya et al., 2020) for example. Specifically, an SIRS-type model that
included private awareness arising from direct contacts between populations and public awareness stemming from infor-
mation campaigns can be seen in (Agaba et al., 2017), which studied how these two types of awareness affect the dynamics of
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the disease spread. On the other hand, the authors in (Teslya et al., 2020) developed a compartmental model that stratified the
population by disease status and disease awareness status to compare the individual and combined effectiveness of self-
imposed measures and government-imposed social distancing in mitigating, delaying, or preventing the COVID-19
epidemic. Another approach to incorporating the feedback is to describe the pandemic as an interaction between two
types of dynamical processes, the compartmental component corresponding to disease dynamics and the regulatory
component corresponding to behavioral response dynamics (Buonomo, Della Marca, & Sharbayta, 2022; Song & Xiao, 2019).
More specifically, such category of models has been proposedwith extra compartment, such as the amount of media coverage
(Wang& Zhang, 2024) and an information index related to disease prevalence (Bulai, Montefusco,& Pedersen, 2023), and this
way allows to understand the epidemiological role of behavior modification as a regulatory variable.

In this paper, we propose a deterministic SIR-b model that extends the classical Susceptible-Infectious-Removed (SIR)
model by introducing the rate of contact change due to individuals’ behavioral response, which makes it possible to capture
the feedback effects in two directions, namely the impact of behavioral change on disease dynamics and that of disease
transmission on behavior dynamics. In addition, the structure of this model remains simple enough for analytical and
computational tractability, while preserving important modelling properties and considering the balance between complex
social and behavioral phenomena and their corresponding mathematical quantification. In order to improve the performance
of the predictions conerning the number of infected individuals and their evolution over time, which depends to a large
extent on the precise knowledge of the model parameters, we adopt a particle swarm optimization (PSO) algorithm to invert
the model parameters, which allows us to use COVID-19 data to approximate the underlying SIR-b epidemic parameters. To
verify the validity of our proposed model, we fit the COVID-19 data to the disease course over different durations in four
countries, where the shape of the infection curves showed different characteristics of change after the initial outbreak, with
some experiencing multiple individual peaks. The fitting results reveal that the model is capable of capturing the trend of the
data, and the potential impact of variation in behavior-related parameters on mitigating the disease spread is explored.

The contents of the paper are as follows. In Section 2, we propose the materials and methods. In Section 3, the results are
presented. Section 4 gives the summary and discussion.
2. Materials and methods

2.1. Data collection

From the publicly available source (World Health Organization), we acquire four time series of COVID-19 data (hereafter
referred to as Data 1, Data 2, Data 3 and Data 4), characterised by different shapes of the infection curves, to examine the
pandemic waves in both short and relatively long time periods. In particularly.

C Data 1 is obtained from the pandemic wave in Shanghai, China from January 22, 2020 to February 12, 2020, during
which a singe wave of infection occurs.

C Data 2 in Armenia runs from April 11, 2020 to January 6, 2021 and features two waves of infection, with the first peak
followed by a much higher one.

C In contrast, Data 3 in Lithuanian from September 8, 2020 to June 3, 2021 exhibits twowaves of infection, but the second
peak is much lower than the first one.

C On the other hand, Data 4 in Jamaican runs from December 21, 2020 to December 21, 2021 and experiences two waves
of infection of similar magnitude.
2.2. Model formulation

To incorporate human behavioral change mechanism, we extend the classical SIR model as the SIR-b type model, which
includes the compartment of dynamic variable b, to describe the evolution of human behaviors. As in the SIRmodel, assuming
that in the region under consideration, N(t) denotes the total population at time t, which is divided into three disjoint sub-
populations, i.e., the susceptible S(t), the infected I(t) and the removed R(t), respectively. The variable b(t) refers to the time-
varying infection rate, by which the susceptible individuals in healthy state contract the disease from any infected individual,
depending on both biological and societal conditions, as highlighted previously, and it therefore functionally links changes in
behaviors to the spread of disease transmission. The sizes of S(t), I(t), R(t) and b(t) at time t constitute four state variables of the
proposed model. When regulating the dynamics of the behavioral response, the evolution of b(t) has the following as-
sumptions and characteristics.

In the absence of the disease, let b0 be the baseline value of the infection rate. Following the emergence of an epidemic, the
self-regulated and policy-driven behavior modifications to avoid being infected result in a nonlinear transmission rate, which
causes the infection rate b to vary in a direction opposite to that of infections I. However, the implications of people's intrinsic
resistance to change habitual behaviors and the natural tendency to return to normal life cannot be neglected when
describing the dynamics of the behavioral change mechanism. Consequently, a general function f(I, b, b0) can be used initially
to express the variation of b first, i.e.,
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b0ðtÞ ¼ f ðI; b; b0Þ;

where the importance of the behavioral response is modulated by the level of infection, or alternatively by other values of

disease prevalence such as hospitalizations and deaths. If I ¼ 0, then b tends to approach b0, meaning that the social contact
between individuals returns to its normal state in the absence of epidemic perturbations. For example, it can be quantified by
the following simple form of linear equation

b0ðtÞ ¼ aðb0 � bÞ;

here the parameter ameasures the rate at which people resist changing their social behavior, and also denotes the time scale

of behavior change. In this scenario, there is no disease to respond to, and thus the population will tend to follow its natural
behavior patterns as long as b s b0. On the contrary, the emergence of an epidemic will drive people to reduce their social
contacts andmaintain the altered behaviors, then a new reduced level of desired contact will occur, modulated by I, saywith a
popular form of b0

1þð I
Ic
Þk, where k � 1 determines the sharpness of the behavior changes in the force of infection. k ¼ 1 is the

Michaelis-Menten expression, and as k increases, individuals will become more sensitive to disease prevalence. Ic is the half-
saturation constant for the impact of infected cases on behavior modification, reflecting to some extent individuals'
perception of the severity of the disease. For simplicity, if the Michaelis-Menten form is specifically chosen to characterise the
effect of behavioral feedback on the transmission rate, given its ability to describe how society responds to the spread of
COVID-19, then the dynamics of behavioral feedback becomes

b0ðtÞ ¼ að b0
1þ I

Ic

� bÞ:
An SIRmodel is a simple but powerfulmodel where the transition of individuals flows from susceptible class S to infectious
class I and then to removed class R. On a relatively short time scale, demographic effects (both new births and deaths) are
generally neglected in somemodels, and travel restrictions are also assumed to be completely enforced during an epidemic. In
fact, some of the data we collected cover a longer time scale, and the engagement of individuals in avoiding public transport
during the periods varied according to the prevalence, therefore the proposed model includes demographic processes to
allow for any possible account of the feedback between the disease dynamics and the behavioral response dynamics. The
interactions of the disease transmission and the behavioral change are illustrated in Fig. 1. Base on these assumptions, we
extend the classical SIR model to include a behavioral feedback compartment, i.e., a SIR-b type model, as follows:8>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>:

dS
dt

¼ L� bSI � ðmþ dÞS;

dI
dt

¼ bSI � ðmþ qþ gÞI;

dR
dt

¼ gI þ dS� mR;

db
dt

¼ a

0
BB@ b0

1þ I
Ic

� b

1
CCA;

(1)
Fig. 1. Flowchart of state variables and interactions between the two dynamics.
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where L represents the recruitment rate of the susceptible population and m stands for the natural death rate per capita,
assuming that each compartment of disease transmission dynamics has the same natural death rate. q is the corresponding
mortality rate of the disease. At the end of 2020, vaccines for COVID-19 has been approved. To capture the combined control
efforts in the presence of pharmaceutical and non-pharmaceutical interventions in the prolonged outbreaks, vaccination has
been considered and d denotes the effective immunization rate of the susceptible population following vaccination. The
parameter g denotes the proportion of infected individuals recovering in unit time. From a practical point context, each
parameter in model (1) is assumed to be non-negative.

For convenience, let ab0 ¼ b1, 1/Ic ¼ c. Since R does not appear in the equations of other variables, implying that the
equation for dR

dt has no effect on the dynamics of the model system, we will focus on the following reduced model in the
remaining analysis:

8>>>>>>><
>>>>>>>:

dS
dt

¼ L� bSI � ðmþ dÞS;

dI
dt

¼ bSI � ðmþ qþ gÞI;

db
dt

¼ b1
1þ cI

� ab:

(2)
Remark 1. The maximum positive invariant set of model (2) gives

U ¼
�
ðS; I; bÞ2R3

þ : 0 � S; I � L

m
; 0<b � b1

a

�
:

The basic reproduction number is an important index which is used to measure the speed and scale of disease transmission.
Using the next generation matrix approach, the basic reproduction number of system (2) can be defined as

R0 ¼ b1L

aðmþ dÞðmþ qþ gÞ:
Remark2. The determination of asymptotic behaviors of the solutions for system (2) is supplemented in Appendix, which is
one of the main concerns in the dynamic analysis of epidemiological models and is typically based on the stability of the
associated equilibria.
2.3. Description PSO for SIR-b model

In the solution procedures, the PSO algorithm is employed to determine the parameters of the SIR-b model adopted to fit
the four time series of COVID-19 data. The PSO is a population-based stochastic approach proposed by Eberhart and Kennedy
in 1995, which has its roots in the simulation of the collective behaviors of birds in flocks and belongs to the class of swarm
intelligence techniques. Particles in PSO move in the search space of an optimization problem and search for better positions
by changing their velocity according to the rules that govern the movement of the particles. In fact, the position of a particle
represents a candidate solution to the optimization problem at hand, and the rules can be seen as amodel of social behavior in
which particles adjust their beliefs and attitudes to match those of their peers. Due to its strong adaptability characteristics
such as concise and easy to implement good robustness, the PSO algorithm has been successfully applied to a wide range of
optimization problems. In our work, the PSO algorithm is employed in the estimation procedure, which consists of obtaining
the parameters of the SIR-bmodel (b1,c,a,L,m,q,g,d) by iteratively minimizing the difference between a population of possible
solutions and the released data.

In our optimization, the search space is accordingly assumed to be eight-dimensional, and the position and velocity of
particle i are denoted as vector Xi ¼ (Xi1, Xi2,…, Xi8) and vector Vi ¼ (Vi1, Vi2,…, Vi8), respectively. The best position that the ith
particle (pbest) has ever visited is represented by Pi ¼ (Pi1, Pi2, …, Pi8), and that of the whole swarm (gbest) is Gi ¼ (G1, G2, …,
G8). In the simulation, we define the fitness function as the following

f ðb1; c;a;L;m; q;g; dÞ ¼
X ðJpre � JactÞ2

Jact
; (3)

here Jpre is the simulated value of the proposed SIR-b model and Jact is the reported data. (3) is a reference to the chi-square
statistic in the goodness-of-fit test. The update rules and the pseudocode are presented in Table 1.
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Table 1
Pseudocode of PSO in simulation of model (2).
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2.4. Runge-Kutta technique for model (2)

The classical Runge-Kutta method is a common technique for numerical solution of ordinary differential equations, using a
trial step at the midpoint of an interval to cancel out lower-order error terms. In view of the simplicity and robustness, the
fourth-order formula (known as RK4) is adopted to simulate the dynamical behavior of model (2). For an initial value problem
y0 ¼ f(t, y(t)) with f : U03R� Rn/Rn and y(t0) ¼ y0, the RK4 formula is

k1 ¼ hf ðtn; ynÞ;

k2 ¼ hf
�
tn þ 1

2
h; yn þ 1

2
k1

�
;

k3 ¼ hf
�
tn þ 1

2
h; yn þ 1

2
k2

�
;

k4 ¼ hf ðtn þ h; yn þ k3Þ;

ynþ1 ¼ yn þ 1
6
ðk1 þ 2k2 þ 2k3 þ k4Þ:
3. Results

This section presents the parameters retrieved by solving the proposed optimization problem and the effectiveness of the
SIR-bmodel, using the time series of COVID-19 pandemic waves from Data 1 to Data 4. The estimated parameters are listed in
Table 2
Optimized parameters for the SIR-b model by the data sample.

Data Parameter

b1 c a L m q g d

1 0.86 0.44 0.05 211200 0.0467 0.758 0.09 0
2 3.51 2.1 0.0023 17700 0.0235 0.3 0.02 0
3 8.8 0.29 0.0044 45800 0.14 0.21 0.15 0.0016
4 2.4 2.7 0.0024 10730 0.0198 0.3 0.004 0.006
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Table 2, noting that the effective population size is basically difficult to measure (Yerlanov et al., 2023), and that the natural
death rate and the mortality rate are also difficult to distinguish during the outbreak of COVID-19 pandemic. Moreover, the
simulation results, including the best solution, the profile for the variable b and the model trajectories with different
parameter scales, are given in Figs. 2e6.
3.1. Model fitting to COVID-19 cases

The parameters of the SIR-b model that best fit the time series of infected individuals in Data 1, calculated from 50 iter-
ations of the PSO algorithm, are listed in Table 2. Note that there is no vaccine available during this period, hence there is no
transition from the susceptible class to the removed class due to effective immunization. Meanwhile, for the fitness function
(3), the parameter pairs that achieve its minimization are marked by red dots, as shown in Fig. 2. Consequently, the model
fitting curve for Data 1 can be plotted to demonstrate how the trajectory for the daily cases matches the observed values. In
fact, Fig. 2 shows that the deviation of the model trajectory from actual data is small, which is indicative of a good fit.

The reported COVID-19 Data 2 versus the fits and predictions by our proposed model is plotted in Fig. 3. The fitting curve
reveals the effectiveness of our proposed model (2), fromwhich we can see that the evolved trend of the reported data can be
captured, although the deviation from the actual data exists. In particular, there is a lag between the fitting and the collected
data at the first peak, and the predicted population falls below the measured fraction of the daily new cases at the second
peak. For Data 3, where the second wave peak is much lower than the first one, the profile for the simulated cases is depicted
in Fig. 4. Indeed, it can be visualized from themodel simulation that the fitting is not accurate enough. For example, there is an
obvious deviation of the predicted results from the first wave peak and the propagation at the end of the time interval.
However, it does show that the fit for this type of infection event in Data 3 is improved from that in Data 2 when compared to
Fig. 3. The simulation results and Data 4 are plotted in Fig. 5. The illustrations show that in terms of this type of collected data,
which is characteristic of two waves of infectionwith similar magnitude, the fitting curve falls below the two infection peaks,
especially at the second one. In fact, it should be acknowledged that the data in this prolonged period experiences a relatively
complicated fluctuation, which necessarily leads to a complicated evolution of the two dynamical processes and, in turn,
increases the difficulty of the fitting.

The simulation results in Fig. 2e5 demonstrate that our proposed approach is suitable for representing the feedback effect
between the disease transmission and the behavioral response. Despite the complexity of the interaction between these two
dynamical processes, the established modelling can be of help in exploring and characterizing the coupled mechanisms, and
it deserves further efforts to improve knowledge of this feedback in order to cope with the pandemic waves.
3.2. Model-predicted consequence of variable b(t)

The model-projected trajectories of variable b(t), which represents the time-varying infection rate and reflects the
behavioral response to the epidemic outbreak, are depicted in Figs. 3e5, along with the fitting curves of the actual data, in an
attempt to compare its evolution with that of the infection waves.
Fig. 2. Parameter estimation and simulated profile for Data 1.
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Fig. 3. Parameter estimation and simulated profile for Data 2.

Fig. 4. Parameter estimation and simulated profile for Data 3.
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As observed in the figures, the number of infected cases and b(t) follow the same trends in their variations and exhibit a
high correlation, which is consistent with the relationship between them. In particular, the fluctuations in the number of new
cases give rise to a corresponding change in human behavior, in response to the changing prevalence of the disease.
484



Fig. 5. Parameter estimation and simulated profile for Data 4.
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Consequently, it can be observed that the value of b(t) is subject to a state of continuous change. On the other hand, the
variation of b(t) will necessarily produce a feedback effect on the spread of the epidemic course, resulting in the severity or
mitigation of the disease prevalence. In addition, it can be seen that there is a certain delay between the fluctuations of the
variable b(t) and the observed data, which seems reasonable since, for example, some time elapses before the new infected
cases can be confirmed and reported.
3.3. Effect of parameters related to behavioral response

In order to examine the effect of behavior change on the disease transmission, the variations in infected population,
triggered by the change of the two parameters a and c, which are closely related to the varying of variable b(t) and the
behavioral response, are simulated in Fig. 6 with the same parameters and values as in Fig. 3e5 for Data 2-Data 4. For a
complete comparison and understanding, different scales of a and c are used to represent the profile of the model-simulated
infections, as shown in Fig. 6.

Specifically, the comparison results related to Data 2 are depicted in the first row of Fig. 6, where the model-projected
trajectories provide the predicted cases in terms of 0.6a, 0.8a, a and 1.2a, as well as that of c, in which a and c denote the
corresponding values in the fitting curves in Fig. 3. From the trajectories we can see that, if a is decreased to 0.6a, implying
that people are more reluctant to change their social behavior and also that it takes a longer time scale to reduce their social
contacts, the simulated infections will experience a significant increase in the peak, from approximately 1500 cases to more
than 3000 cases. Additionally, there is a slight delay in the peak time. Meanwhile, for the parameter c, it shows the similar
performance in the evolution of the new cases, i.e., the lower it is, the higher the peak of the infections, observing that c is the
inverse of the half-saturation constant, which reflects individuals’ perceptions of the severity level of the epidemic and
measures the impact of infected cases on behavior change. As expected, the model-projected outcomes for the newly infected
populationwith varying a and c in Data 3 and Data 4 yield similar comparison results as in Data 2. However, in the absence of
pharmaceutical interventions, the simulation results of the increased a and c in Data 4 also show that recurrent waves of the
epidemic are still likely to occur even if the NPIs, such as the self-regulated and policy-driven behavior modifications, are
implemented and the number of the new cases is reduced accordingly.
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Fig. 6. The effect of a and c on the model-simulated infections.
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4. Conclusion

Behavioral changes both at the institutional and personal level play an important role in affecting the epidemic course,
such as leading to oscillations in the prevalence with varying numbers of peaks and lags during the epidemic outbreaks
(shown in Fig. 6). Meanwhile, the hazard of infection potentially drives people to adopt protective behaviors in response to
fluctuations in the contagion data, alternatively implementing or relaxing behavioral modifications at different risks of
disease prevalence. Understanding the feedback effect between the dynamics of the epidemic progression and the behavioral
response is important for control efforts, as presented in guiding public health interventions for COVID-19 pandemic, and it is
therefore imperative to explore the underlying mechanisms of the coupled dynamics of behavioral response and epidemic
outbreak, in order to assist in controlling and preventing the spread of infectious diseases. In modelling the features observed
in the prevalence data of real pandemic, such as plateaus, shoulders, and oscillations, several recent works have discussed the
effects of including behavior adaptation in the disease transmission dynamics (Brankston et al., 2024; Panicker & Sasidevan,
2024; Weitz, Park, Eksin, & Dushoff, 2023; Zhang et al., 2023).

In this study, we propose a SIR-bmodel by extending the classical SIR model, which would theoretically yield a single peak
corresponding to when herd immunity is reached. And the independent variable b(t), i.e., the time-varying rate of effective
contact between individuals, has been introduced to characterise the feedback effect. Instead of incorporating other possible
factors that influence the disease progression inmodel formulation, such as spatial effects, stochasticity, heterogeneity, and so
on, we focus only on the nature of b(t) due to its ability of fully accounting for public health responses in controlling epidemic
outbreaks, which makes model (1) simple enough and capable of capturing the trend of selected COVID-19 data.

Our results show that such a feedback can have a significant effect on the trajectory of the epidemic dynamics. In fact, in
order to obtain knowledge of the model parameters, we employ the PSO algorithm, which has its roots in the simulation of
the collective behaviors of agents in swarms, to invert the parameter values in the solution procedures. The effectiveness of
our proposed model was demonstrated by the fitting curves for the selected time series of COVID-19 data (shown in Figs.
2e5), where significant oscillations of different magnitude in the evolved trend were observed over the chosen time
period. Although there exists obvious error and the match is not good enough, the simulated curves show similar patterns to
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the real data. For parameters related to the behavioral response, we also examined how different levels of the response affect
the waves of infection and the evolution of the disease.

Despite our exploration in modelling and the attempt to uncover the underlying mechanisms, it is admitted that the
interaction between human behavior and disease transmission is complicated, as mentioned above. In response to the
increasing spread of an epidemic, societies and individuals in different regions and countries act in different ways to contain
its growth, and it is generally difficult to reproduce the exact course and provide the best solutions to real-world epidemi-
ological problems. Therefore, it deservesmore efforts to characterise the behavioral changes in transmission dynamicmodels.
For example, except for the number of cases, the feedback effect may be directly driven by other stimulus, such as deaths,
hospitalizations, or a combination of these, which may also be linked to ”social memory” or ”pandemic fatigue” (Bulai et al.,
2023; Montefusco et al., 2023; Weitz et al., 2023). However, how to characterise the feedback effect in a simple model still
remains a challenge, involving a delicate balance between incorporating complex social and behavioral phenomena and
maintaining important modelling properties.
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Appendix

For system (2), it always has a disease-free equilibrium E0 ¼ ð L
mþd

;0;b0Þ. The endemic level of the disease can be identified
by finding the endemic equilibrium, denoted by E* ¼ (S*, I*, b*), where S*, I* and b* are all positive and can be obtained by
solving the following equations

L� b*S*I* � ðmþ dÞS* ¼ 0;

b*S*I* � ðmþ qþ gÞI* ¼ 0;

b1
1þ cI*

� ab* ¼ 0:

Then we obtain

S* ¼ ðmþ qþ gÞ
b*

;

I* ¼ Lb* � ðmþ qþ gÞðmþ dÞ
ðmþ qþ gÞb*

;

b* ¼ ðb1 þ acðmþ dÞÞðmþ qþ gÞ
aðmþ qþ gþ cLÞ ;

noting that I* > 0 if the basic reproduction number R0 >1. In fact, substituting b* into the expression of I* leads to
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I* ¼ aðmþ qþ gÞðmþ dÞ
b1ðmþ qþ gÞ þLcaðmþ qþ gÞðmþ dÞ ðR0 �1Þ:

Consequently, if R0 >1, system (2) has a unique endemic equilibrium E* ¼ (S*, I*, b*).

Theorem 1. If R0 <1, the disease free equilibrium E0 is locally asymptotically stable. Otherwise, it is unstable if R0 >1.

Proof. The Jacobian matrix of system (2) at E0 is

J0 ¼

2
6666664

�b2 �b1L

ab2
0

0
b1L

ab2
� b1 0

0 �cb1 �a

3
7777775
;

with m þ q þ g ¼ b1 and m þ d ¼ b2. Then the characteristic equation is as follows

ðlþ b2ÞðlþaÞ
�
lþ b1 �

b1L

ab2

�
¼ 0:

Obviously, J0 has two negative eigenvalues of �b2 and �a, and the remaining eigenvalue b1L
ab2

� b1 is also negative ifR0 <1. By
Routh-Hurwitz criterion, the disease-free equilibrium E0 is locally asymptotically stable. Otherwise, if R0 >1, E0 is unstable
due to the fact that b1L

ab2
� b1 >0.

In what follows, we examine the local stability of the endemic equilibrium E* and we have the following theorem.

Theorem 2. If R0 >1, the unique endemic equilibrium E* is locally asymptotically stable.

Proof. The Jacobian matrix of system (2) at E* is given by

J1 ¼

2
66664
�b*I* � b2 �b*S* �S*I*

b*I* b*S* � b1 S*I*

0 � cb1
ð1þ cI*Þ2

�a

3
77775;
Then the characteristic equation is as follows

l3 þ H2l
2 þ H1lþ H0 ¼ 0; (4)

where

H2 ¼ b*I* þ b2 þ a;

H1 ¼ aðb*I* þ b2Þ þ S*I*
cb1

ð1þ cI*Þ2
þ ðb*Þ2S*I*;

H0 ¼ b2S
*I*

cb1
ð1þ cI*Þ2

:

Clearly,Hi > 0(i¼ 1, 2, 3), and it is easy to check thatH1H2�H0> 0. Then Routh-Hurwitz criterion guarantees that every root of
(4) has negative real part. Therefore, the endemic equilibrium E* is locally asymptotically stable.

Theorem 3. If R0 <1, the disease-free equilibrium E0 is globally asymptotically stable.

Proof. Construct a Lyapunov function as

V0ðtÞ ¼ S� S0 � S0ln
�
S
S0

�
þ I;

then we will show that dV0
dt � 0. Actually, calculating the derivative of V0 along model (2) gives
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dV0

dt
¼

�
1� S0

S

��
L� bSI � b2SÞ þ bSI � b1I

¼ L� bSI � b2S�
S0
S
Lþ bS0I þ b2S0 þ bSI � b1I

¼ b2S0

�
2� S0

S
� S
S0

�
þ
�
b
L

b2
� b1

�
I

� b2S0

�
2� S0

S
� S
S0

�
þ b1ðR0 � 1ÞI;

thus dV0
dt � 0 is valid when R0 <1. In addition, dV0

dt ¼ 0 holds if and only if S ¼ S0 and I ¼ 0, which implies that the largest
compact invariant set where dV0

dt ¼ 0 is the singleton {E0}. Therefore, by LaSalle invariance principle, the disease-free equi-
librium E0 is globally asymptotically stable. This completes the proof.

In order to examine the global stability of the endemic equilibrium E*, let

A ¼ b1c
ð1þ cIÞð1þ cI*Þ;

then it follows that
b1c
ð1þ cL

mÞð1þ cI*Þ � A � b1c
1þ cI*

:

For convenience, denote
K1 ¼ b1c
ð1þ cL

mÞð1þ cI*Þ; K2 ¼ b1c
1þ cI*

:

Assuming aiði¼ 1;2Þ2Rþ and satisfying the following conditions
max

(
L

2b*m
;
b21

b2K1

)
< a1 <min

�
am

b*L
;
2b1L

b*m

�
;

L2

am2
<
a2
a1

<

ffiffiffiffiffiffiffiffiffi
aK1

p � K2 � a

K2
:

(5)
Theorem 4. If R0 >1 and the inequalities (5) hold, then the endemic equilibrium E* is globally asymptotically stable.

Proof. Construct a Lyapunov function as

V1ðtÞ ¼
1
2
ðS� S*Þ2 þ 1

2
a1ðI � I* þ b� b*Þ2 þ 1

2
a2ðb� b*Þ2:

Differentiating V1 along system (2) yields

dV1

dt
¼ �ðS� S*ÞðSIðb� b*Þ þ b*IðS� S*Þ þ b*S*ðI � I*ÞÞ � b2ðS� S*Þ2

�a1ðI � I* þ b� b*Þðb*IðS* � SÞ þ SIðb* � bÞÞ
�a1ðI � I* þ b� b*Þðaðb� b*Þ þ AðI � I*ÞÞ
�a2ðb� b*Þðaðb� b*Þ þ AðI � I*ÞÞ

¼ a1SIðb� b*Þ2 � b*IðS� S*Þ2 � b2ðS� S*Þ2 � aa1ðb� b*Þ2 � aa2ðb� b*Þ2

�a1AðI � I*Þ2 � ðb*S* � a1b
*IÞðS� S*ÞðI � I*Þ

�ðða1 þ a2ÞAþ a1a� a1SIÞðI � I*Þðb� b*Þ
�ðSI � a1b

*IÞðS� S*Þðb� b*Þ:

After arranging the above expression, we obtain
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dV1

dt
¼ �1

2
b2

��
S� S*Þ þ b*S* � a1b

*I
b2

ðI � I*Þ
�2

� 1
2
b2

��
S� S*Þ þ SI � a1b

*I
b2

ðb� b*Þ
�2

�1
2
a1A

��
I � I*Þ þ ða1 þ a2ÞAþ a1a� a1SI

a1A
ðb� b*Þ

�2

� b*IðS� S*Þ2

þ1
2
ðb*S* � a1b

*IÞ2
b2

ðI � I*Þ2 � 1
2
a1AðI � I*Þ2

þ1
2
ðSI � a1b

*IÞ2
b2

ðb� b*Þ2 � 1
2
aa1ðb� b*Þ2

þ1
2
ðða1 þ a2ÞAþ a1a� a1SIÞ2

a1A
ðb� b*Þ2 � 1

2
aa1ðb� b*Þ2

þa1SIðb� b*Þ2 � aa2ðb� b*Þ2;

Clearly, if the terms of the last four lines of the above dV1
dt are negative, especially if

ðb*S* � a1b
*IÞ2

b2
< a1A;

ðSI � a1b
*IÞ2

b2
<aa1;

ðða1 þ a2ÞAþ a1a� a1SIÞ2
a1A

<aa1;

a1SI<aa2;

which can be guaranteed by

b21
b2K1

< a1 <
2b1m

b*L
; (6)

L

2b*m
< a1 <

am

b*L
; (7)

a2K2 < a1ð
ffiffiffiffiffiffiffiffiffi
aK1

p
�K2 �aÞ; (8)

a1
L2

m2
<aa2; (9)

respectively, then dV1
dt will be negative definite in themaximum positive invariant setU. Accordingly, the inequalities in (5) can

be deduced by combining conditions (6)e(9). As a result, if the coefficients a1 and a2 in Lyapunov function V1 can be taken
appropriately to satisfy the inequalities in (5), then dV1

dt <0 is satisfied, which leads to the fact that E* is asymptotically global
stability of. The proof is complete.

Fig. 7. Feasible region D constrained by condition (5).
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Remark3. Fixing the parameters in model (2) except for a and c, the feasible set D is plotted numerically in Fig. 7 to verify
that the parameter set satisfying the inequalities in (5) is not empty.
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