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The current COVID-19 pan-
demic affects billions of people 
worldwide, and its unprece-

dented scale and duration are causing 
extraordinary disruptions to lives and 
livelihoods. Policymakers have taken 
comparably extraordinary measures to 

mitigate the spread of the virus (SARS-
CoV-2) by implementing a range of 
nonpharmaceutical public health inter-
ventions (NPIs), from partial closings 
of business to complete lockdown and 
mask-wearing (Aledort et al., 2007). 
NPIs continue to be critically important 
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as new vaccines roll out in an attempt 
to reach herd immunity as quickly as 
possible. Several models have been de-
veloped to help policymakers compare 
interventions such as NPIs and vaccina-
tion. Such models attempt—dependent 
on various uncertain assumptions—to 
forecast cases, deaths, and medical sup-
ply needs; predict the timing of peaks in 
cases; and estimate if and when to ex-
pect additional waves or surges. How-
ever, a key limitation of many existing 
models is that they do not directly inte-
grate adaptive behavioral components 
to account for how risk perceptions, 
protective behaviors, and compliance 
with interventions change over time 
and ultimately influence transmission. 
Patterns of COVID-19 transmission 
shape the subsequent patterns of be-
havioral responses to the disease and, 
in turn,  are shaped by such responses. 
Changes in risk perceptions during the 
pandemic affect behaviors, including 
adherence to NPIs and willingness to 
vaccinate. Also, the effects that NPIs 
have on a population activities have 
led to pandemic fatigue and a decline 
in compliance with recommended re-
strictions (Alagoz et al., 2020; Crane 
et al., 2021; Kantor and Kantor, 2020). 
Moreover, perceptions of the risks and 
benefits of vaccination change, increas-
ing or decreasing the vaccine hesitancy 
that undermines attempts to reach herd 
immunity (Yaqub et al., 2014). Deci-
sion-makers are faced with the daunt-
ing task of interpreting model predic-
tions while simultaneously estimating 
how the behavioral responses should 
alter predictions. Despite considerable 
uncertainties, it may be possible to 

improve these estimates by explicitly 
modeling behavioral responses to in-
tervention, rather than merely varying 
parameters such as willingness to be 
vaccinated. Useful explicit modeling 
will require tapping new sources of data 
as we recommend in this article.

To elaborate, because the an-
ticipation of behavioral responses can 
change policy recommendations, new 
transmission models that factor in the 
interplay between behaviors and dis-
ease dynamics are needed. To proper-
ly investigate the trade-offs of different 
policies, models must be grounded in 
causal epidemiological and behavior-
al theory and data (Manheim et al., 
2016). Further, models need to factor 
in the many interacting uncertainties 
surrounding the virus and the vaccines, 
such as seasonal effects, the duration 
of natural and vaccine-based immuni-
ty,  and the emergence of more trans-
missible strains. Early evidence sug-
gests that immunity generated by the 
vaccines could be short-lived and that 
the vaccine is somewhat more effective 
at reducing severity than transmission 
(Hall et al., 2021; Tande et al., 2021). 
Emerging evidence also suggests that 
current vaccines may be less effective in 
protecting against specific variants, al-
though they effectively prevent the most 
severe reactions and death (Wibmer et 
al., 2021). Hence, it seems increasingly 
likely that the virus will enter long-term 
circulation and become endemic, and 
that people will need to be vaccinated 
regularly with updated vaccines, as for 
seasonal influenza (Kissler et al., 2020; 
Scudellari, 2020).
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Existing COVID-19 models use  
one of two general mathematical ap-
proaches for projections: statistics- 
based models that rely largely on data 
and curve fitting, and mechanistic 
models grounded in epidemiological 
micro-foundations and causal mech-
anisms. Purely data-driven statistical 
models (including those based on ma-
chine learning (ML) algorithms) gen-
erally have better short-term predictive 
performance, but limited capacity to 
explain counterfactual conditions and 
policy interventions. To explore and 
compare trade-offs of different policies 
and “what if ” scenarios relative to each 
other, models need to be grounded in 
causal epidemiological and behavioral 
theory and data (Pearl, 2009). 

Two types of mechanistic ep-
idemiological models are (i) popu-
lation-based models (PBM) and (ii) 
individual-level agent-based models 
(ABMs). Most of the COVID-19 mech-
anistic models have been deterministic 
PBM variants of the SEIR model, where 
the population is divided into such 
compartment classes as susceptible, ex-
posed (latent), infectious, and removed 
(e.g., recovered and died) (Adiga et al., 
2020). More recently, ABMs based on 
SEIR-type classes have been developed 
to explore intervention policies at the 
individual-level. Both the PBMs and 
the ABMs have been very useful for 
comparing policy interventions affect-
ing testing, tracing, NPI, and vaccine 
prioritization strategies.  

A PBM uses a top-down ap-
proach to depict disease dynamics at 
a macroscopic, system level. The ABM 

approaches have used less abstraction 
and been more bottom-up, consider-
ing each individual in the environment 
as an agent with its own infection state 
and behavior (Auchincloss and Garcia, 
2015). Deterministic PBMs are formu-
lated using coupled ordinary differ-
ential equations (ODEs) and are less 
computationally demanding, quicker to 
develop, and faster to run than ABMs, 
and their results are often easy to inter-
pret. PBMs are therefore valuable for 
exploring and comparing a large set 
of intervention policies. They also re-
late well to the macro-level factors that 
policymakers deal with. However, since 
they model aggregate groups of people, 
they are not well-suited to addressing 
individual-level disease transmission 
dynamics. A PBM’s disease transmis-
sion rate assumes the law of mass-ac-
tion (i.e., that rate is proportional to the 
product of relevant concentrations). It 
also makes assumptions about how dif-
ferent groups of people, or population 
strata mix and under what circumstanc-
es (e.g., home, school, work). These are 
generally modeled using mode-specific 
mixing-matrices that control the differ-
ent levels of homogeneous mixing be-
tween the population strata. In contrast, 
ABMs can better reflect a broader range 
of epidemiological heterogeneities that 
affect transmission patterns, such as 
the role of super-spreaders; important-
ly, they can explicitly model contact 
networks (Pastor-Satorras et al., 2015). 
Hence, ABMs allow individuals be-
longing to the same population group 
to have very different social mixing 
properties. Depending on data avail-
ability, ABMs can have better predictive 



Journal on Policy and Complex Systems 

24

power than PBMs and can be used to 
explore more targeted intervention pol-
icies (Bonabeau, 2002). However, this 
improved predictiveness depends on 
numerous assumptions and, thus, re-
quires more data. PBMs and ABMs can 
complement each other when used to-
gether in a multi-model approach and 
mitigate some structural uncertainties 
(Gambhir et al., 2015). Ideally, ABMs 
can generate simulated data permit-
ting recognition of developments that 
can then be abstracted for inclusion in 
the analytically convenient PBMs (Da-
vis and O’Mahony, 2019). Towards this 
goal, modelers have combined ABMs 
and PBMs into hybrid models of infec-
tious disease transmission (Bobashev et 
al., 2007). These hybrid models switch 
between the two approaches over time 
and allow integration across multiple 
scales of description. Hybrid models are 
computationally faster than pure ABMs 
but still allow for individual-level anal-
ysis of emerging population structures.

Despite the rapid advancements 
in COVID-19 models and forecast 
tools, very few models directly include 
adaptive behavioral effects and how 
risk perceptions influence transmis-
sion dynamics. Both PBMs and ABMs 
can be coupled with models describing 
behaviors that are affected by and af-
fect the disease transmission dynamics 
(Manfredi and D’Onofrio, 2013). For 
example, in PBMs behavioral changes 
that influence the contact rate during 
the epidemic can be modeled by allow-
ing the transmission rate parameter to 
change in response to observed epide-
miological state variables such as model 
outputs for reported cases and deaths 

(Kwuimy et al., 2020). Simple paramet-
ric models of behavior consider an ex-
ponential or a reverse-sigmoid decline 
in transmission rate with increasing 
deaths (Getz and Dougherty, 2018). 
These models consider how contact 
rate declines in the early stages of the 
epidemic. Other behavioral effects can 
be included to model increased mixing 
due to fatigue in complying with NPIs. 
However, PBMs models use equations 
intended to be descriptive of entire 
groups of people: individuals that be-
long to the same population group are 
described by the same behavioral equa-
tions and parameter values. Moreover, 
the adaptive behaviors of each popula-
tion group only respond to the current 
epidemiological state variables. Hence, 
PBMs do not allow for different behav-
iors to develop due to different histories 
of otherwise identical individuals that 
belong to the same population group. 
ABMs allow explicit specification of 
micro-level behavioral mechanisms 
that affect public risk perceptions and 
individual protective behaviors and at-
titudes. Moreover, similar individuals 
in an ABM develop different behaviors 
due to their different histories.

Whether people are willing to 
vaccinate strongly affects disease trans-
mission dynamics. Hence, modeling 
how vaccination willingness is affected 
by context, events, and policies is crucial 
in estimating a voluntary vaccination 
policy’s effectiveness. Coupling trans-
mission models of infectious diseases 
with models of vaccination decisions 
has been a growing field of research. 
Early models in behavioral epidemiolo-
gy considered rationally self-interested 
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individuals who use deductive reason-
ing and maximize their utility function 
when deciding to vaccinate for patho-
gens that provide permanent immuni-
ty (Bauch and Earn, 2004). Subsequent 
models considered influenza, where 
vaccination provides only temporary 
immunity and where individuals use in-
ductive reasoning to make their yearly 
vaccination-related decisions by adapt-
ing to the changing epidemiology that 
they, in part, help form (Vardavas et al., 
2007). For example, individuals choose 
to vaccinate based on their personal his-
tories with influenza and the vaccine. If 
they did not vaccinate in the previous 
year and think they contracted the flu, 
they are more likely to vaccinate in the 
current season. On the other hand, if 
they were vaccinated in the previous 
season but think that they contracted 
the flu anyway, or perceive a low risk of 
contracting the flu because unvaccinat-
ed friends did not get the flu, they will 
be less likely to vaccinate in the current 
season. These models showed how het-
erogeneities in vaccination behaviors 
could emerge in otherwise homoge-
neous populations and some authors 
conclude that influenza epidemics can-
not be prevented by voluntary vaccina-
tion without incentive-based programs 
(Breban et al., 2007). 

Researchers have since been 
adding more realism to these models 
by including important sources of het-
erogeneities. Most notably, they con-
sider how people’s behaviors spread 
over complex social contact networks 
and affect disease transmission chains 
(Bhattacharyya and Bauch, 2012; Wang 
et al., 2016). This is also partly due to 

how risk perceptions and protective be-
haviors are affected by social networks 
(Bruine de Bruin et al., 2019). For ex-
ample, through a process of imitation, 
influenza vaccination behaviors and 
hesitancy can spread over social net-
works, further affecting disease trans-
mission dynamics (Cornforth et al., 
2011). If COVID-19 becomes endemic, 
there will be a growing need for new 
COVID-19 models that consider how 
behaviors spread over networks and 
explore incentive-based policies that 
target key people to vaccinate. These 
could be a combination of the most vul-
nerable to severe COVID-19 and those 
identified as highly connected and most 
likely to spread the virus. Prevailing 
models that consider the current acute 
phase of COVID-19 disease transmis-
sion have favored targeting the most 
vulnerable (Bubar et al., 2021; Kohli et 
al., 2021). However, other studies have 
shown that under certain conditions 
(high vaccine availability, high vaccine 
effectiveness to prevent transmission), 
prioritization of vaccinating the highly 
connected could rapidly cut transmis-
sion chains and indirectly protect the 
most vulnerable (Gulden et al., 2021; 
Matrajt et al., 2020).  

Generally, disagreements be-
tween COVID-19 model projections 
and policy recommendations are due 
to differences in model architecture, 
assumptions and how data informs 
the models. A diverse set of publicly 
available data-sets have been used to 
inform COVID-19 models. These in-
clude time-series of case reporting and 
deaths, transmission estimation, and 
prognosis from epidemiological, de-
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mographic, and mobility data, as well 
as social media data used for sentiment 
analysis and knowledge-based semantic 
analysis from the collection of scholar-
ly articles covering COVID-19. Mixing 
matrices and the contact networks and 
how these change over time are critical 
model inputs. To better fit time-series 
data, modelers often use time-vary-
ing mixing parameters that are either 
informed by proxies to mixing (e.g., 
mobility data) or directly fitted to data. 
This approach allows modelers to fit 
case and death time-series. The reason-
ing behind this method is that infec-
tious mixing is an unobserved process 
affected by many time-varying vari-
ables such as individual preferences, 
policy, and fatigue. Therefore, instead 
of modeling the relevant processes that 
affect mixing endogenously, one should 
use the available data such that the ef-
fective mixing time-series fits observed 
time-series. However, this approach 
does not result in an endogenous ex-
planation of why the behavior changed 
in the past, and how it might change in 
the future. Moreover, if modelers are 
not careful, they may attribute changes 
in other parts of the system to changes 
in mixing. For example, if modelers use 
death time-series to calibrate a mixing 
parameter, they might attribute changes 
in mortality rates to changes in mixing. 
This problem, known as omitted vari-
able bias in causal inference, is often not 
discussed in papers employing mecha-
nistic models. 

Better data-sets containing be-
havioral information are required to 
address the pressing need for new re-
liable COVID-19 models that include 

adaptive responses. We argue that in-
terdisciplinary researchers should work 
together to design and field longitudinal 
surveys tailored to inform simulation 
models for this purpose. These surveys 
would capture how public perceptions 
of risk, protective and preparedness 
behaviors, public trust, knowledge, 
and misinformation change with the 
evolving epidemic, social network in-
fluences and personal experiences. In-
terdisciplinary research teams design-
ing the surveys should bring together 
behavioral scientists, epidemiologists, 
policy researchers, mathematicians, and 
statisticians. The RAND Corporation is 
using this approach to develop an ABM 
of influenza vaccination decision. It has 
conducted a 4-year, 8-wave longitudinal 
survey fielded from Fall 2016 to Spring 
2020 on the decision to vaccinate for 
influenza and influenza infection out-
comes. The study is called FluPaths 
and its data is freely publicly available 
through RAND’s American Life Panel 
(RAND Corporation, 2014). Pre-season 
questions included respondents’ inten-
tions to vaccinate, risk perceptions of 
catching influenza, and whether they 
received a recommendation to vacci-
nate from a health care professional. 
Post-influenza season questions includ-
ed whether respondents were vaccinat-
ed, whether vaccination resulted from a 
healthcare professional’s advice, whether 
they thought they caught influenza (and 
if so, whether they were tested for it and 
were prescribed antiviral medication). 
FluPaths surveys collected detailed in-
formation on each respondent’s social 
network structure (including alter-alter 
ties) and assessed the influence of net-
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work experiences on the respondent’s 
risk perceptions and attitudes regarding 
influenza and vaccination over time. 

Novel ML methods can gener-
ate network structures informing the 
ABM. For example, they can combine 
egocentric network data sets from the 
surveys like FluPaths containing the 
behavioral responses to socio-centric 
large-scale networks representing large 
U.S. cities with socio-demographic fea-
tures (Hartnett et al., 2020). Further, 
the surveys inform the adaptive behav-
ioral mechanism of the ABM, which 
can be based on an Adaptive Control 
of Thought - Rational (ACT-R) frame-
work. ACT-R provides a realistic and 
mechanistic behavioral model of hu-
man cognition grounded in reinforce-
ment learning (i.e., an area of ML), 
representing the evolution of individu-
als’ experiences, perceptions, and pref-
erences in disease protective measures 
(Ritter et al., 2019). It brings together 
multiple psychological theories that ac-
count for human perception, learning, 
memory, decision making, and action. 
ACT-R models memory activation, re-
trieval, and mismatch (i.e., retrieval of 
the wrong information) based on expe-
rience frequency and recency, which is 
well-aligned to modeling how behav-
iors change in response to changing ep-
idemiological outcomes, information, 
and risk perceptions. Hence, these tai-
lored surveys lead to a natural conver-
gence between computational simula-
tion modeling, large data, and ML. 

So far, in this paper, we have 
not addressed the pervasive problem 
of uncertainty. Even if the modeling 

improvements we suggest prove to be 
valid, there will be profound limita-
tions on how well they will predict the 
course of disease under alternative in-
terventions (Steinmann et al., 2020). 
Actual developments will depend on 
many factors such as actual infectious-
ness by pathogen variant, which pop-
ulation groups are most affected, the 
actual effectiveness of public-service 
announcements, government credibil-
ity, and world events. This will be an-
other instance when public policy rea-
soning is beset with deep uncertainty 
(Lempert, 2019; Marchau et al., 2019). 
Model-based analysis may still be very 
insightful for describing and under-
standing what has happened, the many 
possible ways in which matters may un-
fold under different interventions, and 
what intervention packages (including 
built-in monitoring and preparation for 
adaptation) will be most robust across 
the uncertainties. A variety of methods 
are now well developed for what is now 
called robust decision-making (RDM). 
However, they are most effective when 
the model being used is relatively sim-
ple, with perhaps ten rather than doz-
ens or hundreds of uncertain inputs. In 
such cases, it is possible to explore the 
consequences of all the combinations of 
input values and find relatively robust 
strategies. With this in mind, we see 
great value in pursuing the enhanced 
ABM approach that we have described 
above to represent better the compli-
cated cause-effect relationships among 
interventions, events, entities and their 
reasoning, agent networks, agent be-
havioral changes, and the course of 
the disease. However, we also urge that 
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experiments with such a relatively de-
tailed model be used to suggest a much 
simpler model useful for exploratory 
analysis of policy options (Davis, 2019). 
Even the simplified model might have 
aggregate agents, a primitive network 
or a simplified equivalent, and different 
contexts reflecting “phase transitions” 
in the more microscopic model. 

In summary, since public will-
ingness to embrace such measures as 
social distancing, mask-wearing, and 
vaccination will be so crucial in man-
aging the continuing COVID epidemic 
over time, and since deep uncertain-
ties afflict many assumptions about the 
models and their parameter values, we 
conclude that 

1. New agent-based COVID-19 mod-
els should include explicit causal 
mechanisms reflecting how policies  
affect public behaviors (in both 
desirable and undesirable ways), 
affecting subsequent disease epi- 

demiology; these models should be 
approximated by somewhat sim-
pler models that are amenable to 
wide-ranging uncertainty analysis; 

2. New tailored longitudinal surveys 
should be conducted and analyzed 
with novel machine-learning meth-
ods specifically designed to inform 
empirically these enriched models 
with difficult-to-predict adaptive 
behaviors;

3. Policy analysis should use the 
models and the methods of deci-
sion-making under deep uncertain-
ty (DMDU) to compare alternative 
COVID-19 policies—identifying 
robust policies, i.e., policies that 
seem likely to prove effective under 
a broad range of assumptions. 

Such improved models, data, and ana-
lytical methods could substantially im-
prove the ability to compare alternative 
intervention strategies.
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