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Abstract

Behavioral epidemic models incorporating endogenous societal risk-response, where

changes in risk perceptions prompt adjustments in contact rates, are crucial for predicting

pandemic trajectories. Accurate parameter estimation in these models is vital for validation

and precise projections. However, few studies have examined the problem of identifiability

in models where disease and behavior parameters must be jointly estimated. To address

this gap, we conduct simulation experiments to assess the effect on parameter estimation

accuracy of a) delayed risk response, b) neglecting behavioral response in model structure,

and c) integrating disease and public behavior data. Our findings reveal systematic biases

in estimating behavior parameters even with comprehensive and accurate disease data and

a well-structured simulation model when data are limited to the first wave. This is due to the

significant delay between evolving risks and societal reactions, corresponding to the dura-

tion of a pandemic wave. Moreover, we demonstrate that conventional SEIR models, which

disregard behavioral changes, may fit well in the early stages of a pandemic but exhibit sig-

nificant errors after the initial peak. Furthermore, early on, relatively small data samples of

public behavior, such as mobility, can significantly improve estimation accuracy. However,

the marginal benefits decline as the pandemic progresses. These results highlight the chal-

lenges associated with the joint estimation of disease and behavior parameters in a behav-

ioral epidemic model.

Author summary

Understanding how society’s evolving risk perceptions alter social interactions and disease

spread is key to building models that reliably project pandemic trajectories. This research

focuses on systematic estimation of parameters in such models where disease dynamics

and behavioral responses are intertwined. We find that even with perfect data and models,

estimates of behavioral parameters are biased early in the pandemic, and data for at least

one full wave of the disease are needed to have reliable estimates. This is mainly related to

the time delay between pandemic risks, perceived risks, and public response. Our findings

also show that conventional models that ignore risk response dynamics may replicate data
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well early on but eventually fail to uncover future waves. Additionally, incorporating

small amounts of public behavior data (such as data samples from public mobility pat-

terns) for model calibration significantly improves model accuracy, especially early in a

pandemic. Moreover, the marginal benefit of additional behavioral data diminishes as the

pandemic progresses. By understanding the challenges of estimating key parameters, we

can build more reliable models for informed decision making during public health

emergencies.

1. Introduction

During the COVID-19 pandemic, peoples’ behavior and reaction to the state of the pandemic

played an important role in altering health outcomes across nations and communities [1, 2].

As COVID-19 cases and death tolls grew, public risk perception triggered human responses at

the individual and governmental levels. These responses, which included non-pharmaceutical

interventions (NPIs), helped flatten the curve of the pandemic and decrease the death toll [3–

5]. However, as the number of cases declined, risk perception and compliance with NPI mea-

sures decreased, leading to more cases and new waves of the disease [6–8]. It is argued that

such intertwined behavior-disease dynamics continues as long as an infectious virus is consid-

ered a major life-threatening risk [9].

With the recognition of the importance of human response in the pandemic trajectory, epi-

demic modeling scholars suggested developing models that incorporate human behavior [10,

11]. Such epidemic models peaked in the aftermath of the 2009 UK A/H1N1 pandemic [12].

These models often extend Susceptible-Exposed-Infected-Removed (SEIR)-like structures

[13], to include interdependencies between the state of the disease, risk perception or fear, and

change in average contact rate (e.g., [14–16]). For example, a common approach is to formu-

late a risk-response mechanism where infectivity rate is an inverse function of recent death to

represent human response to change in death rate [2].

Despite advancements in modeling techniques, and the availability of more granular data

from sources such as mobile phones or surveys, the challenge of validation and parameter

identifiability for coupled behavior-disease models persists [5,17]. The issue is much more pro-

nounced for parameters used to formulate human response (e.g., human response sensitivity

to reported death) than to formulate the spread of the disease (e.g., incubation period). There

are several reasons for this challenge. First, while laboratory experiments can provide inputs

about disease-related model parameters, we often lack such a luxurious input for behavioral

parameters. Second, human response is lagged. For disease-related parameters, effects are gen-

erally observed within a week or so (e.g., the delay between exposure, symptom onset, and

recovery or death), while behavioral parameters (e.g., changes in public risk perception) take

longer, slowly going through several information filters such as public media, social media,

and daily conversations. Third, behavioral parameters often vary across different regions and

demographics, whereas most disease-related parameters (such as the distribution of incuba-

tion period) are similar across different populations. The implication is that the estimated

behavioral parameters from one region may not be easily transferable to another setting. These

issues introduce several challenges for behavioral epidemic modeling, inhibiting model valida-

tion, reliable policy analysis, and accurate projections.

In this study, we systematically examine the challenges of parameter estimation in a specific

type of behavior-disease model. Our primary focus is on addressing parameter identifiability

challenges, commonly referred to as an inverse problem or model identifiability, rather than
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developing new models or theories regarding human behavior in epidemic models. Further-

more, behavioral mechanisms can be modeled in various ways and can represent different

phenomena. Our focus here is on one specific mechanism, referred to as risk-response [9].

When modeled endogenously, the risk-response feedback loop represents societal response to

change in risk perceptions and influences contact rate or infectivity. This is one of the most

common additions in behavior-disease models.

From the existing literature, we select a previously validated behavioral epidemic model that

represents risk-response endogenously while having a small number of parameters to be esti-

mated jointly. This model, known as the SEIRb model (b stands for behavior), is a simple exten-

sion on SEIR models and formulates infectivity rate as an inverse function of recent death to

represent human response [2]. The addition of behavioral feedback in the SEIRb model has

been shown to substantially enhance forecasting performance of COVID-19 models [2,9].

Using the SEIRb model, we generate synthetic data with a set of assumed parameter values

as ground truth. We design experimental setups in which the ground truth (true values of

parameters used to generate synthetic data) is concealed from the researcher. Our objective is

to evaluate the accuracy of parameter recovery and identify any unique challenges in estimat-

ing behavior parameters compared to disease parameters.

2. Background

Behavioral epidemic models

Epidemic models date back to the works of Kermack and McKendrick [13] and have been suc-

cessfully applied to a wide range of infectious diseases [18]. In many subsequent epidemic

models since this foundational work, human behavior, or infectivity rates, remain constant or

change by external factors [2]. Behavioral epidemic models represent a departure from tradi-

tional infectious disease models in that they capture the interdependence between the state of

the disease and human behavior [2, 16]. The primary premise of the behavioral epidemic mod-

els revolves around capturing change in human behavior within epidemic models.

There are several systematic literature reviews studying different approaches to incorporate

human behavior in epidemic models [11,12,19]. One common classification of past efforts is

based on modelers’ approach to formulate change in behavior and specifically the source of

information that drives behavior change in the models. In reality, such information can be

widely available through media or public awareness campaigns [20–22], or it may come from

local networks like neighborhoods and friends [23–25]. Another model classification considers

how behavior change is formulated. Some models implement exogenous behavior change,

controlled by external factors or data input [26–29]. In this approach, change in behavior is

not a function of the models’ state variable, but is assumed based on the modelers’ intuition or

occasionally feeding time series data. On the other hand, many modelers incorporate behavior

change endogenously, where human behavior changes within the model and in response to

the system’s states [2,15,30]. This latter endogenous approach is essential in capturing potential

future changes in human behavior and leads to developing models in which behavior and dis-

ease dynamics are coupled.

Among the endogenous behavioral epidemic models, a critical classification lies in identify-

ing the driving factor behind behavior change. In most of the models, behavior changes in

response to disease prevalence (infections or mortality) [31–33]. The core idea is that as the

disease spreads, people perceive risks, and react by increasing their NPI adherence, which

decreases the spread of the disease. There are also studies where change in human behavior is

more explicitly modeled by representing opinion dynamics or the spread of fear coupled with

the spread of the disease [34–36].
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We narrow our focus to a specific type of behavioral epidemic models. We look into a

model that incorporates endogenous societal risk-response, where responses change with per-

ceived risks represented by the recent mortality rate. Referred to as SEIRb, this is one of the

simplest yet effective approaches to incorporate change in human behavior in epidemic mod-

els [2]. In these models, transmission rates dynamically change in response to society’s per-

ceived risk of deaths. An increase in deaths elevates risk perception, leading to a reduction in

transmission rates through the adoption of NPIs. As more people adopt NPIs, disease trans-

mission and the subsequent death rate decreases lowering risk perception. This creates a bal-

ancing feedback loop between disease mortality and behavior change. This feedback loop has

been shown to be pivotal in the long-term predictive power of multi-wave COVID-19 trajecto-

ries [2].

Parameter estimation

In disease transmission models, it is a common practice to estimate epidemiological parame-

ters that cannot be directly observed by fitting a model to disease data such as infected cases,

deaths, hospitalizations, and mobility. Whether or not model parameters can be reliably esti-

mated by this practice is a topic of model identifiability research. For example, when the

model is identifiable, infectivity rate (often shown by β) can be estimated by finding a value

that minimizes the difference between data and simulation, measured by sum of squared

errors. Prior to the COVID-19 pandemic, only a few behavior-disease models utilized real-life

data for parameterization or validation [11,12,19]. While the pandemic has spurred the devel-

opment of data-driven models, to the best of our knowledge, none have studied the topic of

identifiability.

Parameter identifiability tests are typically recommended as the first step in parameter estima-

tion to ensure reliable estimation of model parameters from observed data [37–39]. These tests

take two forms: structural identifiability examines parameter estimation under ideal conditions,

and practical identifiability examines realistic conditions of noisy and limited data and improper

model structures [39–41]. Parameter identifiability of SIR models with latency, seasonal forcing,

immunity, and various other features are extensively covered in epidemic literature [42–44]. How-

ever, there is a notable gap for parameter identifiability in behavioral epidemic models. This short-

age of theory hinders accurate parameter estimation in these models.

The challenge of parameter identifiability in coupled behavior-disease models arises from

increasing model complexity from the inclusion of more compartments, variables, and feed-

back relationships to describe the behavior side of the model [16]. The uncertainties and biases

accompanying parameter identifiability escalate as both the number of jointly estimated

parameters and the model’s complexity increase [42,45].

Even for simpler models, due to computational complexities and mathematical challenges,

modelers tend to bypass parameter identifiability analysis [39,43]. Instead, they proceed

directly to fitting models to available data, employing methods such as least squares fitting

[46], maximum likelihood estimation [47], or Bayesian estimation [48], then measure how

well simulation results fit data [38,49]. This approach might not significantly impact modeling

outcomes because researchers are already cognizant of identifiability challenges when estimat-

ing disease parameters in SIR-like models. However, the same cannot be asserted when model-

ers must estimate both disease and behavior parameters.

Hence, our study designs practical experiments to systematically investigate the challenges

of parameter estimation in behavioral epidemic models. As stated, we focus on models with

endogenous societal risk-response where disease and behavior parameters must be jointly esti-

mated. We use the SEIRb model to generate synthetic data and then try to uncover model
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parameters using a simplistic, yet commonly employed, least squares approach. We compare

the accuracy of parameter estimation, the model’s fit to data, and its prediction accuracy across

different stages of the pandemic.

3. Study hypotheses

We offer three major hypotheses related to delay in behavioral response, neglecting behavioral

response, and availability of behavior data.

Effect of a delayed risk-response

Studies have shown that disease parameters in SEIR models are structurally identifiable

[44,50]. This means that under ideal conditions where modelers have accurate disease data

(e.g. cases and deaths) and the model structure closely represents reality, one can accurately

estimate parameters. In models with endogenous societal risk-response, both behavioral and

disease parameters need to be jointly estimated. One can assume that if the disease parameters

are identifiable with accurate disease data and model structure that closely represents reality,

the same extends to behavioral parameters. Thus, we present the following hypothesis:

H1a: In the presence of an accurate model and disease data, disease and behavior parameters
can be jointly estimated throughout the pandemic accurately.

While we intuitively expect the above to hold, one may argue that early in the pandemic

people have not reacted to the state of the disease and are still learning about the situation.

Thus, the available data, even if accurate, does not fully incorporate human sensitivity to possi-

ble change in risk. If that holds, H1a will not be fully supported. The implications are that the

disease-related parameters would be estimated accurately earlier in the pandemic but for

behavioral parameters a longer time series will be needed. As more data are collected over the

course of an outbreak, estimates for behavioral parameters should also become more precise,

and uncertainty should decrease. Thus, we propose to investigate the following competing

hypothesis:

H1b: Estimation of behavioral parameters is unreliable before the peak of the first wave of the
pandemic even with accurate model and disease data.

Effect of neglecting risk-response in an epidemic model

All models are simplified representations of the real world, but still having relevant and rea-

sonable assumptions are crucial for accurate parameter estimation [51, 52]. Structural uncer-

tainties arise when models include unrealistic scenarios or fail to consider essential aspects of

the outbreak, leading to inability of the model to replicate the disease trajectory [53, 54]. Such

uncertainties cannot be eliminated by refining data; instead, model assumptions that are

responsible for failure must be corrected [42]. To test the importance of the risk-response

assumption, we use a conventional SEIR model that lacks behavioral feedback to estimate

parameters from a dataset produced by a behavioral model with endogenous risk-response.

This is technically a structural sensitivity test [55] and represents the situation where a modeler

neglects behavioral phenomena of a system by using a model that lacks such mechanisms. If

supported, the implication is that even if extensive data are available, a model that is not prop-

erly representing behavioral responses will fail in parameter estimation and, consequently, in

projection. Thus, we propose this hypothesis:
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H2: Neglecting risk-response leads to unreliable parameter estimation, even with extensive data.

Effect of integrating disease and public behavior data

Various data sources can be used to validate a coupled model. Specifically, a coupled model

that generates disease data endogenously can be compared with the pandemic data for valida-

tion and parameter estimation, and it is expected that such models should also generate risk

response accurately even if they are not compared with risk perception data. Numerous studies

have explored data types that can serve as proxies for behavioral responses during outbreaks

within target populations [56,57]. Despite this, coupled behavior-disease models that have esti-

mated parameters from data often have focused on minimizing the difference between the dis-

ease data and simulation, without trying to replicate the behavioral data as well [15].

Moreover, data on risk perception, or change in mobility, or any other behavioral reaction is

argued to be critical for further model validation (refer to the topic of partial model tests by

Homer [58] and Oliva’s discussion on the importance of partial model tests [59]). Availability

of such behavioral data is hypothesized to significantly improve the estimation of behavior

parameters and increase the accuracy of disease forecasting [10–12,19,24].

Building on these ideas, one can assume that if all data, including data on human behavior

such as mobility, are observable and accurate, and model structure closely represents reality,

then joint utilization of disease and behavior data for parameter estimation should improve

parameter estimation accuracy. Thus, we investigate the following hypothesis:

H3: In the presence of an accurate model and data, the addition of public behavior data
improves accuracy of parameter estimation throughout the pandemic.

Based on the above hypotheses, we also propose that, with better parameter estimation, the

accuracy of model projections will improve throughout the pandemic if a model structure

with assumptions that closely align with reality is used and the estimation process incorporates

public behavior data in addition to accurate data on the state of the disease (e.g., daily death).

4. Method

4.1. Procedure

We use a three-step process to explore the challenges of parameter estimation under various

experimental conditions. First, we create synthetic data from a model with assumed parameter

values to serve as “ground truth.” Second, in an inverse process, by providing a fraction of the

data, we try to estimate the assumed parameter values through model calibration. By compar-

ing the estimated parameter values from the second step with the ground truth values that

were used in the first step to create the synthetic data, we evaluate the accuracy of the estimated

parameters. This process is repeated for different conditions to examine uncertainties in

parameter estimation for different delays in behavioral response at different periods of the

pandemic (H1), when considering incorrect model assumptions (H2) and when utilizing data

on public behavior (H3). Finally, to evaluate the potential significance of errors made during

calibration, we compare death projection with the estimated parameters with the ground truth

data for a period of 365 days.

4.2. Synthetic data generation

We use a stochastic SEIRb model with assumed parameter values to generate synthetic data.

SEIRb builds upon the traditional SEIR model by incorporating a balancing feedback loop to
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capture behavioral responses endogenously [2]. In short, the model is consistent with the SEIR

model and adds dynamic human response to risk; the fact that an increase in the death rate

can lead to an increase in risk perception, resulting in more non-pharmaceutical intervention

(NPI) initiatives and a decrease in cases.

We make slight modifications to the SEIRb model to make our experiments more realistic.

We include autocorrelated noise affecting exposure rate to depict intrinsic stochastic factors

that cause real-world data to deviate from expected values such as weather patterns and holi-

day movements [60]. While the stochasticity can be introduced to other parts of the model

too, such as directly to death, mathematically, we do not expect any meaningful difference

with the current formulation as all stochastic elements can be summed up in one variable. This

noise is derived from exponential smoothing of white noise, with a mean of 1, standard devia-

tion of 0.3, and a correlation time of 15 days. The correlation time reflects how past noise val-

ues influence the current value. It follows an exponential decay, with the time constant

matching the correlation time (refer to the topic of correlated noise in [61]).

Fig 1 depicts the model structure. See S1 Text for detailed model equations.

Our method does not aim to replicate any specific disease progression with synthetic data.

However, we employ parameter values within realistic ranges associated with COVID-19. S1

Text contains a list of the parameter values used in generating the data. The model generates

two major outcomes of daily deaths and contact rate which we use to estimate model parame-

ters. The contact rate serves as data on public behavior, and it represents observations of how

people are adjusting their contacts during the progression of the disease. We assume that both

daily deaths and contact rate are precisely measured.

To generate synthetic data of daily death and contact rate, we simulate the SEIRb model

using 100 noise seeds. This results in 100 stochastic realizations of both daily death and contact

rate. Fig 2 shows a sample of simulation outcomes for daily death.

4.3. Experimental conditions

For all experimental setups, only a portion of data is utilized to estimate parameter values. Spe-

cifically, the available data is either from the first 60 days of the pandemic (early stage), 120

days (following the first wave), or 365 days (after one year). This design helps us investigate

our hypothesis at different periods of the pandemic.

First, we use a “perfect model” (SEIRb, the deterministic version of the same model that

created the synthetic data) and daily deaths data to perform model calibration. We record the

estimated parameters for each of the different data periods.

Fig 1. A simple representation of the SEIRb Model with an additional stochastic variable.

https://doi.org/10.1371/journal.pcbi.1011992.g001
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Second, we repeat the first experiment using an "imperfect model" (SEIR, a model that does

not account for human behavior response). This allows us to determine the impact of using a

better model for parameter estimation.

And finally, we perform model calibration using the "perfect model" (SEIRb) but also incor-

porating both daily deaths data and public behavior data represented by contact rate. This

enables us to investigate the benefit of utilizing data on public behavior in improving model

calibration for various periods of the pandemic.

The entire process for each experiment is summarized in Table 1.

4.4. Parameter estimation process

We use the synthetic data generated, depending on the experimental condition being evalu-

ated, to estimate the model parameters. We consider three parameters of the model to be

unknown and grouped into two sets: the "disease set" consisting of the infectivity rate (βo) and

the "behavior set" consisting of sensitivity to risk (α) and time to perceive risk (λp). In Experi-

ment 2, where we examine the effect of neglecting behavioral response using the "imperfect

model" (SEIR), we only need to estimate the infectivity rate (βo).

Parameter estimation is done using a calibration process that involves minimizing the dif-

ference between model output and data [59]. Detailed information about the parameter esti-

mation method is provided in S1 Text. Since we have 100 separate outcomes of data, each

Fig 2. A sample of three simulation runs (synthetic daily death data) from the same model with the same

parameter values but with different realizations of stochasticity over 730 days.

https://doi.org/10.1371/journal.pcbi.1011992.g002

Table 1. Testing three major hypotheses through 9 calibration experiments.

Hypothesis H1: Effect of delay in behavioral response H2: Effect of neglecting behavioral response H3: Effect of data on public behavior

Data for calibration Daily deaths Daily deaths Daily deaths + contact rate

Model for

calibration

SEIRb SEIR SEIRb

Calibration period Early (60 days), Mid-term (120 days), Late

(365 days)

Early (60 days), Mid-term (120 days), Late

(365 days)

Early (60 days), Mid-term (120 days), Late

(365 days)

https://doi.org/10.1371/journal.pcbi.1011992.t001
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experiment results in 100 estimates of each unknown parameter. For each experimental setup,

we compare results obtained from different periods (early 60 days, mid-term 120 days, and

late 365 days) and then compare all three experimental conditions.

We assess the performance of parameter estimation by comparing the estimated values to

the true parameter values, in terms of bias (closeness to the true value) and variance (disper-

sion of estimates around the median). A good estimation performance is characterized by low

bias (with the median of the estimates close to true values), and low variance (with most esti-

mates tightly clustered).

4.5. Deaths prediction

Using the estimated parameter values, we generate simulated deaths data for 365 days into the

future using the estimated parameters obtained from each experiment. The purpose is to see to

what extent the estimation errors in parameters affect projection performance. The prediction

error is calculated as the daily mean absolute percentage error between simulated deaths and

actual deaths cumulated over 365 days (see S1 Text for equation).

4.6. Sensitivity analysis

We test the robustness of our findings through several sensitivity analyses. Specifically, first we

examine the sensitivity of our results to change in the delay period in human responses to risk.

To that end we test a wide range of perception delay values from 20 to 200 days. Then, we con-

duct a set of tests to examine identifiability in the presence of three additional mechanisms:

seasonality, variant emergence, and loss of immunity after infection. This specific test helps to

see if oscillations generated from behavior can be distinguished from other oscillatory mecha-

nisms. Third, we increase the number of unknown disease parameters adding to the complex-

ity of the process of parameter estimation. Fourth, we conduct experiments with different

parameter values expanding the range of tests. Finally, we examine the sensitivity of the results

to the extent of available behavior data by testing the incremental impact of adding more

behavior data. The results are summarized in the results section and reported in detail in

S1 Text.

5. Results

5.1. Effect of delay in behavioral response on parameter estimation

Before analyzing the results from calibration of 100 different realizations of data, we focus on

one single estimation as an example. Fig 3 compares actual daily deaths with simulated deaths

from one calibration outcome of the SEIRb model. Simulated deaths accurately replicate data

for all stages of the disease outbreak during the periods for which data are available. However,

during the projection period, calibration in the early stage leads to poorly fitted outcomes. The

fit improves in the mid stage and is best at the late stage.

Next, we systematically compare results from calibration with the ground truth values i.e.,

the assumed values of the parameters during data generation. Fig 4 illustrates the distribution

of parameter estimates from calibrating the SEIRb model with daily deaths data. Fig 4 shows

that efficient estimation of βo is achieved with low bias and variance at all stages of the out-

break. In contrast, estimation of behavior parameters (sensitivity to death and time to per-

ceive) is unreliable with high bias and variance in the early days of the outbreak but improves

at later stages.

We then statistically compare the estimation errors during different stages of the outbreak

(see S1 Text). The estimates of βo (Infectivity rate) remain relatively consistent, with no
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significant difference in errors between earlier and later stages of the outbreak. On the other

hand, estimation errors of behavior parameters (sensitivity to death and time to perceive) are

significantly higher in earlier stages of the outbreak compared to later stages (p<0.001), indi-

cating less accuracy in the former. Overall, the smallest parameter estimation error was

achieved using 365 days of data, which explains the better fit of simulated deaths to actual

deaths obtained with this observation time.

We conclude that even when using the same model that generated the data, efficient param-

eter estimation could not be achieved in the early days of disease outbreak for behavioral

parameters. Interestingly this is not the case for the disease-related parameter, infectivity rate.

Thus, researchers with enough accurate disease data can estimate the initial reproduction rate

of R0. By not finding support for H1a, we note that the challenge of estimating behavioral

parameters during the early periods of the pandemic is beyond data and model accuracy.

Overall, the findings suggest that even a "perfect" model requires data that includes at least

one wave of the disease to achieve accurate behavior parameter estimation, and by extension, a

good model fit. As the estimations improve after the first wave, we can argue that the difficulty

of parameter estimation arises from the delay in public perception and reaction to the changes

in the state of the disease.

5.2. Effect of neglecting behavioral response on parameter estimation

Would using a model that insufficiently represents human behavior provide reasonable pro-

jections? We start by analyzing a single simulation run. Fig 5 compares actual deaths with sim-

ulated deaths from calibrating the SEIRb and SEIR models with daily deaths data. Simulated

Fig 3. Actual vs simulated deaths from SEIRb model calibration for a single stochastic dataset. The shaded area is the area for which data were available,

and the border between shaded and unshaded area is the time for model calibration (observation time). The unshaded portion is projection for the next 365

days.

https://doi.org/10.1371/journal.pcbi.1011992.g003
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deaths from the SEIR model only fit well with actual data in the early stage of disease outbreak,

and only for the period that data are available (note early 60-days, depicted by grey area in Fig

5). However, during the projection period, the SEIR model fails to replicate the oscillations in

actual deaths data and produces a single, overestimated wave. As more data are used for cali-

bration, the overestimation decreases, but the wave lags significantly, and simulation does not

match data. This behavior is consistent across all SEIR calibration outcomes.

Next, we systematically investigate, over all 100 realizations, the effect of using an improper

model structure on the accuracy of estimated parameters. Fig 6 displays the distribution of

parameter estimates obtained from calibrating the SEIR model.

Interestingly, the improper SEIR model yields comparable βo estimates to those of the

SEIRb model in the pandemic’s early stage. The SEIR model produced more accurate esti-

mates, with a smaller βo estimation error (p<0.001; see S1 Text). However, as calibration peri-

ods lengthen, βo estimation accuracy declines with the SEIR model. The estimates become

more precise but significantly deviate from true values. This suggests underfitting and explains

why the SEIR model fails to capture the data in the long run.

Overall, we find support for H2 that even with extensive data, and even for non-behavioral

parameters (such as infectivity rate), parameter estimation would be unreliable if models that

Fig 4. Estimated parameter values using only deaths data to calibrate the SEIRb model. Actual parameter values

are indicated by broken lines.

https://doi.org/10.1371/journal.pcbi.1011992.g004

PLOS COMPUTATIONAL BIOLOGY Parameter estimation in behavioral epidemic models with endogenous societal risk-response

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011992 March 29, 2024 11 / 22

https://doi.org/10.1371/journal.pcbi.1011992.g004
https://doi.org/10.1371/journal.pcbi.1011992


neglect behavioral response, such as SEIR, are used. This stresses the fact that data availability

when models are not proper for the purpose of analysis will not help. The fact that early in the

pandemic, the disease parameters might be accurately estimated with an improper model

(SEIR) raises concerns that such early estimations can mislead modelers to rely overconfi-

dently on such models for a long period before time eventually proves that such models sub-

stantially fail to represent the reality.

Fig 5. Actual vs simulated deaths from the SEIRb and SEIR. The shaded area is the area for which data were available, and the border between shaded and

unshaded area is the time for model calibration (observation time). The unshaded portion is projection for the next 365 days.

https://doi.org/10.1371/journal.pcbi.1011992.g005

Fig 6. Estimated parameter values using only deaths data to calibrate the SEIRb and SEIR models. Actual parameter values are indicated by broken lines.

https://doi.org/10.1371/journal.pcbi.1011992.g006
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5.3. Effect of data about public behavior on parameter estimation

Can availability of additional data on public behavior help? We first check a single calibration

effort as an example. Fig 7 compares actual daily deaths with simulated daily deaths from cali-

brating the SEIRb model with and without the use of contact rate data. Irrespective of the use

of contact rate data, simulated deaths effectively replicate actual deaths in the period for which

data is available. Differences in fit to data emerge when projecting deaths for the next 365 days.

Fig 7 shows that using contact rate data results in better fit to data in the early stages of disease

outbreak, with differences in fit becoming less apparent in the mid-stage, and negligible in the

late stage. These findings apply to all 100 calibration outcomes.

Fig 8 displays the distribution of parameter estimates obtained from calibrating the SEIRb

model with and without the use of contact rate data.

We observe that the accuracy of behavior parameter estimation improves over time with

the incorporation of contact rate data in model calibration. Early stage estimates of behavior

parameters appear more precise when contact rate data is used than otherwise. However, only

mid-stage estimates of sensitivity to death had improved estimation accuracy. In late stage cali-

bration, no notable difference is observed when contact rate data is used.

Additionally, the estimation errors for behavior parameters are significantly smaller in the

early stage (p<0.05) when contact rate data is used, and estimation errors for sensitivity to

death are significantly smaller in mid stage calibration (p<0.001) with the use of contact rate

data. In late stage calibration, the inclusion of contact rate data does not yield significant differ-

ences in estimation errors (see S1 Text).

Fig 7. Actual vs simulated deaths from the SEIRb model with and without data on public behavior. The shaded area is the area for which data were

available, and the border between shaded and unshaded area is the time for model calibration (observation time). The unshaded portion is projection for the

next 365 days.

https://doi.org/10.1371/journal.pcbi.1011992.g007
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Overall, these findings partially support H3, suggesting that using data on public behavior

improves accuracy of parameter estimation. This effect is most pronounced during the early

stages of pandemics, when disease data is insufficient in capturing the impact of behavioral

responses to the disease outbreak. While we see statistically an improvement in estimation, Fig

8 shows that the values are still far from the ground truth.

5.4. Variability in model trajectory

In order to compare projections across different experimental conditions, Fig 9 depicts all

individual simulations. We see that model fit improves over time for all conditions examined.

However, when behavioral response is disregarded in the SEIR model, the model fit is notably

the poorest, as it fails to replicate the oscillatory trends observed in the data. For early-stage

projections, utilizing contact rate data with a perfect model yields the most favorable results.

On the other hand, for late-stage projections, having a perfect model alone is sufficient.

Fig 8. Estimated parameter values with and without using behavior data to calibrate the SEIRb model. Actual parameter values are indicated by broken

lines.

https://doi.org/10.1371/journal.pcbi.1011992.g008
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5.5. Future death rate projection

If the purpose is outbreak projection, a reasonable question is how much does the estimated

errors in parameter values matter? Fig 10 shows the change in cumulative errors in the next

365-day death projection of different models and data availability conditions from the previous

stage. All values are normalized to the projection error of an SEIRb model that uses the early

60-day data (i.e., the first bar on the left is at zero percent).

Fig 10 shows that calibrations utilizing the SEIRb model demonstrate a decreasing trend in

projection errors over time. These results indicate that, given accurate data and model assump-

tions, prediction accuracy improves over time, and early-stage projections of deaths in a pan-

demic are likely to be unreliable.

The incorporation of behavior data led to an 8% reduction in projection errors during early

stage calibration. Mid-stage calibration saw a 79% reduction in errors when behavior data was

used, compared to a 36% reduction when it was not used. In late stage calibration, using

behavior data led to an 82% reduction in errors, but this reduction was identical to that

achieved without behavior data. These findings highlight that the impact of behavior data on

projection accuracy is dependent on the availability of sufficient disease data.

In contrast, calibrations using the improper SEIR model exhibit non-monotonic change in

projection errors over time. Early stage calibration shows an 11% reduction in errors, but mid

stage calibration is 93% higher error than SEIRb’s early calibration. The SEIR model produces bet-

ter predictions in the early days when data is limited, but its structural deficiencies start affecting

projections as time progresses. Late-stage calibration with the SEIR model shows a 36% smaller

error, worse than SEIRb’s 82% reduction in error. Despite smaller errors in later stages of the pan-

demic, the SEIR model’s projections remain less accurate than those of the SEIRb model.

Overall, late-stage SEIRb calibration produced the smallest reduction in projection error

(82%) compared to early-stage SEIRb calibration.

Fig 9. Actual vs simulated deaths from all experiments. The black lines are 100 synthetic deaths data used for calibration. Green, red,

and blue lines are 100 simulated deaths from calibrating the SEIRb model, SEIR model, and SEIRb model with contact rate data,

respectively.

https://doi.org/10.1371/journal.pcbi.1011992.g009
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5.6. Results of sensitivity analysis

Our set of sensitivity tests shows that, overall, the main results are robust in a wide range of

conditions (see S1 Text for detailed results). First, the argument that at least one full wave of

disease data is required for accurate estimations holds for a wide range of perception delay

periods. This is consistently observable by varying delay periods from 20 to 200 days. The

main reason is that extending the delay to observe human response also influences the period

of first wave of the disease. Second, our three major structural changes also confirm that the

behavioral model is still fairly identifiable. The tests included adding seasonality, waning

immunity, and variant emergence in the behavioral epidemic model. This is especially helpful

given that these sub-structures can create additional oscillations in data, which can overlap the

effect of risk-response.

We also test the effects of masking more disease-related parameters in four sets of tests. The

results are in line with our main argument that during the early phases, estimating behavioral

Fig 10. Change in cumulative errors for next 365-day death projection. All values are normalized to the cumulative error of early-60 days calibration of

the SEIRb model i.e. the first bar on the left is 0%.

https://doi.org/10.1371/journal.pcbi.1011992.g010
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parameters is prone to error. Having more than one unknown on the disease side of the model

makes early estimation of disease parameters also challenging. We extend the tests to different

parameter values by changing the values of infectivity rate, sensitivity to death, and time to per-

ceive. Results remain consistent. Finally, we test the effect of having a smaller sample size of

contact rate data. The goal was to examine the extent to which behavioral data would be suffi-

cient and useful. Notably, smaller samples of contact rate data from the first wave still provide

considerable improvements, showing the significant gain of having any information about

public reaction to the disease.

6. Discussion and conclusion

We conducted a set of simulation experiments to assess challenges and uncertainties of param-

eter estimation in behavioral epidemic models with endogenous societal risk-response. Our

aim was to examine model identifiability and accurate joint estimation of disease and behavior

parameters. Specifically, we hypothesized that the reliability of behavioral parameter estima-

tion is limited before the first wave. Additionally, we investigated the accuracy of parameter

estimation under models that overlook behavioral responses. Furthermore, we tested the

hypothesis that the addition of data on public behavior, such as observed changes in contact

rates in response to the disease, enhances the accuracy of parameter estimates. We projected

deaths using the parameter estimates derived from all experiments to examine if the impact is

meaningful on projection errors, and to determine which experimental condition yielded the

lowest projection error.

Our findings reveal the difficulty in accurately estimating behavioral parameters prior to

the first pandemic wave, even in the presence of sufficient disease data and a sound model

structure. This challenge arises from the delayed human response to pandemic risks; before

the first wave, human reactions are insufficiently triggered, and the data are unaffected by

these responses. The societal risk-response takes longer to get triggered compared to other sys-

tem delays such as the incubation period or disease period [62]. The first waves of the pan-

demic are mainly driven by changes in risk responses, further complicating the calibration

process prior to experiencing the wave. In other words, pre-wave data offers limited insights

into people’s response to risks, hindering model calibration. However, a sufficiently extended

observation period capturing risk responses enables feasible parameter estimation even in

complex systems with additional oscillatory features like seasonality, waning immunity, or var-

iant emergence. This underscores the importance of the timing of societal risk-response delays,

setting a minimum data requirement for identifying behavioral parameters. Thus, modelers

should exercise patience in projections and explore alternative sources to obtain more direct

parameter information.

Furthermore, we find that while the accuracy of predictions improves over time when using

an accurate model that better represents reality, this is not the case with a model that improp-

erly neglects change in behavior. In the early days of a disease outbreak, before public reactions

have a significant impact on the disease’s state, the SEIR model produces smaller errors than

the SEIRb model, despite being an improper model (p<0.001). This is likely due to the fact

that the SEIR model has lower degrees of freedom which allows for reasonable estimates of

parameter values despite structural deficiencies. This finding suggests that, under certain con-

ditions, an improper model can produce reasonable results. However, the issue is that this can

misleadingly create overconfidence for modelers thinking that they can rely on SEIR-like

structures that lack behavioral feedback for too long. As time progresses and public behavior

changes in response to the disease, the SEIR model’s projection errors increase considerably.

The SEIR model cannot generate multiple waves of a pandemic without fine-tuning and
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changing infectivity rate exogenously. We observe that numerical methods or using larger

quantities of data cannot mitigate the impact of ignoring behavioral feedback in models’ struc-

ture. As the behavioral feedback in models with endogenous societal risk-response only

becomes apparent over time, its exclusion can lead to short-term prediction success but long-

term failure at later periods of disease outbreak. These findings emphasize the insufficiency of

solely relying on extensive data when models are not properly formulated to incorporate

change in human behavior.

While the use of observed data on public behavior has been suggested to enhance the accu-

racy of pandemic forecasts, our findings indicate that its impact is dependent on the availabil-

ity of sufficient disease data. Specifically incorporating behavior data in the early stages of a

pandemic results in improvements to projection accuracy, but the marginal benefits of having

behavioral data decline as the pandemic progresses. These findings emphasize the potential of

behavior data, even in limited quantities, for improving early-stage projection accuracy in

pandemics.

This study contributes to the growing body of research on behavioral system dynamics [63]

and specifically the integration of behavior into dynamic models of infectious diseases [11].

Our analysis, while resonating with several calls for improving validation of behavioral epi-

demic models [19, 24, 64], shows that the challenges go beyond data availability and include

model identifiability limitations.

We recognize several limitations to our approach that provide avenues for further research.

Our focus was on a single behavioral epidemic model, and we suggest future studies to analyze

parameter estimation in more complex behavioral epidemic models including agent-based

structures. Importantly, our study uses a known, true model, whereas in reality, structural

uncertainties are greater than what we have assumed, and the set of unknown parameters to be

estimated could be larger, posing a greater challenge for accurate parameter estimation. Addi-

tionally, inaccuracies in data arising from measurement errors, underreporting or overreport-

ing of cases and deaths were not considered. While we employed the least squares estimation

method, using scaled Gaussian and negative binomial methods may provide less biased esti-

mates [49]. However, the choice of estimation method is unlikely to affect the comparison of

errors across experimental conditions, which is determined by the model and data rather than

the fitting process [50].

Overall, this study points to the challenge of joint estimation of disease and behavioral

parameters in a behavioral epidemic model with endogenous societal risk-response. The chal-

lenges are related to the observation period, where in early stages it might be infeasible to pro-

vide accurate estimation of the parameter values, and to the use of improper models for model

calibration. While gathering extensive and accurate data is required, it is not sufficient for pro-

viding accurate projections.

Supporting information

S1 Text. Additional model details and results. S1 Text comprises ten sections: 1) model

equations; 2) list of parameter values used to generate synthetic data; 3) parameter estimation

method used in experiments; 4) performance metrics for deaths projection; 5) statistical test

results for main experiments; 6) sensitivity analysis to length of delay in human response to

risk; 7) sensitivity analysis to other oscillatory phenomena; 8) sensitivity analysis for other dis-

ease parameters; 9) sensitivity analysis to different parameter values, and 10) sensitivity analy-

sis to amount of contact rate data.
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