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Setting effective healthcare policy is complex, particularly due to the dynamic and heterogeneous

nature of individual behaviors. While modeling studies offer valuable insights, their computational

complexity and calibration requirements can limit practical applications. An important question

when identifying optimal healthcare policies is how to consider heterogeneous individual health

behavior dynamics while at the same time find ways to consume less time and computational

resources.

This dissertation addresses three main objectives. The first objective aims to optimize public

health interventions to minimize the disease burden of the COVID-19 pandemic. An agent-based

model (ABM) is developed to evaluate non-pharmaceutical interventions (NPIs), and vaccination

policies under continuous virus mutation. This ABM simulates a heterogeneous population and

offers flexibility for addressing diverse policy questions. By addressing parameter uncertainty

through calibration and simulating multiple scenarios, the model identifies robust strategies, such

as periodic vaccination and adaptive social distancing, for effective disease control.

The second objective is to design optimal vaccination promotion campaigns that increase vac-

cination uptake and improve public health. This approach integrates coupled dynamics, social con-

tagion, and evolutionary game theory to model how vaccination behavior shifts within an ongoing

epidemic and with word-of-mouth vaccination campaigns. This model overcomes the limitations

of prior studies that assumed static vaccination willingness in vaccination allocation problem. The

study offers population-level insights into how resources and messaging should be targeted across



demographic groups while considering the societal contexts surrounding vaccination within com-

munities.

The final objective is to enhance calibration practices for simulation models by introducing a

representative calibration framework. This approach is particularly valuable for complex models

where uncertainties exist, and evaluation for policy analysis is computationally expensive. This

framework identifies minimal sets of parameter values to limit computational expense while cap-

turing diverse model behaviors. By focusing on representativeness in calibration, this research

yields reliable implications for real-world decision-making, filling a gap where other methods em-

phasize precision at the risk of not accounting for data and model uncertainty.

Overall, this dissertation advances healthcare policy modeling by addressing complex and het-

erogeneous individual behaviors, as well as addressing uncertainties arising from data limitations

and simulation complexity through calibration. This research will equip healthcare policymakers

to derive informed, data-driven insights from modeling studies, despite model uncertainties and

complexities.
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Chapter 1

INTRODUCTION

1.1 Overview

Healthcare policies must be carefully designed to consider individuals’ heterogeneous and dy-

namic responses. An urgent research question is how to identify optimal healthcare policies that

take into account the complex and dynamic individual behaviors for infectious diseases.

Modeling studies provide valuable insights to policymakers, particularly in unprecedented pub-

lic health crises like the COVID-19 pandemic. From projecting epidemic trajectories to evaluating

the effectiveness of interventions, compartmental and agent-based simulation models (ABMs) [3,

16, 76, 86, 87, 90, 110] informed crucial choices regarding mask mandates, social distancing

measures, and vaccine prioritization policy. These modeling studies have played a pivotal role in

informing policymakers’ decisions during controversies surrounding public health measures.

Specifically, ABMs are powerful simulation tools to understand and predict the outcomes of

policies in complex systems. They are particularly well-suited for health policy analysis because

they can model heterogeneous individual behaviors, dynamic decision-making, and the interactions

of individuals (“agents”) within realistic environments. These strengths allow ABMs to be applied

in various fields, including urban traffic simulation [99, 109], economic decision-making [130],

and rumor spreading [38].

However, ABMs present challenges. Their reliance on Markov Chain Monte Carlo (MCMC)-

type simulations introduces randomness, requiring multiple replications that can be computation-

ally demanding. Calibration to fit unknown parameters to observed data and validate the model

adds further complexity, potentially introducing uncertainty due to data limitations or an overly

flexible model structure. Appropriately addressing parameter uncertainty is crucial for understand-

ing how it impacts the clarity and reliability of policy insights derived from ABMs [3, 90, 110].

This dissertation presents two ABM studies that identify optimal COVID-19 policies, simu-

lating non-pharmaceutical interventions (NPIs) [86], and incorporating vaccination policies under

constant viral mutations [87]. This research contributes to the development of a flexible ABM
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framework adaptable to diverse policy questions. Parameter uncertainty is addressed by identifying

representative parameter sets for calibration and simulates a range of possible mutation scenarios.

With this approach, I find that mask wearing, adaptive social distancing, and periodic vaccination

are essential for robust COVID-19 control under diverse real-world scenarios.

While previous research highlights the need for periodic vaccination to control the COVID-

19 pandemic, low vaccination willingness remains a constant challenge. Modeling vaccination

behavior is complex due to its dynamic nature, as individuals’ decisions change in response to

evolving information about vaccine safety and effectiveness [71], disease severity, and perceived

risks and benefits [32]. These perceptions are further impacted by factors like misinformation [94]

and government campaigns [147]. Understanding and incorporating these dynamics into models is

crucial for designing effective campaigns.

Existing research on dynamic health-related behaviors employ approaches like coupled disease-

opinion dynamics [42, 95], social contagion [13, 68, 151], game theory [13, 151]. However, these

models often overlook the optimal resource allocation to maximize public health benefits. Current

allocation research primarily uses operations research techniques to address resource limitations,

often assuming static vaccination willingness [73, 89, 128]. This highlights the need for develop-

ing optimal vaccination campaigns that address the dynamic and varied vaccine willingness. While

other fields, like political campaigns and marketing [6, 45, 69], use resource allocation optimiza-

tion models to influence behavior, they often lack the dynamic elements and focus on simplified

network structures. This limits their applicability to health policy problem, where individual char-

acteristics such as demographics plays a crucial role in outcomes.

To address this research gap, this dissertation models the complex interplay between disease

transmission, dynamic vaccination behavior, and targeted vaccination campaigns across demo-

graphic groups. With the use of a networked compartmental model, this research contributes

to identify simple yet intuitive optimal vaccination campaign strategies. Findings highlight the

context-dependent nature of vaccination campaign effectiveness and allocation strategies, empha-

sizing that optimal regional and age-based targeting should depend on societal vaccination charac-

teristics.

Finally, model calibration, which is the process of fitting unknown model parameters to ob-

served data, is a challenge in both ABMs and compartmental models. Fitting a model to perfectly

match data, especially data with inherent uncertainty or error, can result in the model becoming

overly tailored to a specific dataset and losing its ability to generalize to unseen data, making it
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unreliable to represent real-world scenarios. To address this issue, there is a need for representative

calibration practices that capture a wide range of uncertainties, allowing models to better reflect

the variability inherent in real-world healthcare systems and enhance their generalizability.

Various calibration algorithms exist, including traditional methods like Latin hypercube sam-

pling [102] and more advanced techniques employing black-box optimization [34, 40] and Bayesian

optimization approaches [2, 63, 66]. While these methods prioritize computational efficiency and

accuracy in finding calibration parameters, they often overlook the importance of robustness and

representativeness of calibration results. Bayesian methods offer insight into parameter uncer-

tainty, but in policy analysis, the common practice of selecting top parameter sets based on data

matching score can limit representativeness. These calibration approaches can lead either to a small

number of optimal parameter sets that insufficiently reflect model variability, or a large number of

feasible sets that is computationally burdensome for policy analysis.

The final study of this dissertation tackles this problem by introducing a representative calibra-

tion framework. This approach aims to identify a minimal set of parameter sets that effectively

capture a wide range of potential model behavior. This approach is particularly valuable for com-

plex models where simulations are computationally expensive yet uncertainties remain high due to

data limitations. By ensuring diverse calibrations, models are empowered with greater reliability

and robustness for real-world decision-making.

1.2 Research Objective and Approach

The goal of this dissertation is to solve critical public health problems by applying and advanc-

ing healthcare research approaches, specifically considering complex dynamic and heterogeneous

behavior and data uncertainties. To achieve this goal, I address the following three objectives:

(1) Design optimal public health interventions to minimize disease burden of COVID-19 pan-

demic,

(2) Optimize vaccination campaigns to increase vaccination uptake and improve public health,

(3) Develop a calibration approach for complex simulation models that prioritizes representa-

tiveness to account for uncertainty.

In Chapter 2, the first objective is met by identifying optimal public health policies that mini-

mize the disease burden of COVID-19. A detailed agent-based simulation is developed that models
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the spread of the virus through a synthetic population network in King County, WA. The model is

calibrated against 2020 epidemic data and is used to simulate two scenarios. The first scenario ex-

plores the effects of NPIs and determine effective policies. These NPIs include social distancing,

mask usage, school closures, and testing and contact tracing. The second scenario incorporates

vaccination policies while considering the viral characteristics of SARS-CoV-2. Additionally, it

explores factors like immunity duration and vaccine effectiveness against emerging variants. The

goal is to identify long-term strategies for pandemic control.

This research offers several contributions. First, it develops a flexible ABM framework that can

be adapted to answer diverse policy questions. Unlike traditional methods that indirectly estimate

policy impact through disease parameter modification, this framework directly models specific

public health interventions. This allows for explicit analysis of the relationship between policies

and disease outcomes. Second, this model directly addresses parameter uncertainty and explains its

impact on policy outcomes. For example, we identify two parameter sets that demonstrate different

scenarios regarding daily interaction patterns, one with high interaction rates in households, neigh-

borhoods, and workplaces, and another with high interaction rates in schools. In both scenarios,

social distancing and face mask use consistently reduce disease burden, whereas school closure is

only effective in the latter case. Finally, this model was instrumental in identifying effective poli-

cies under the unique challenges of COVID-19. The results of this research were shared with local

public health leaders and modeling teams at the Washington State Department of Health, directly

informing policy decisions.

In Chapter 3, the second objective is met by designing targeted vaccination campaigns that im-

prove health outcomes. A model is designed that combines coupled dynamics, evolutionary game

theory, and social networks analysis to explore the complex relationship between disease trans-

mission, changing vaccination opinions, and word-of-mouth campaigns. This approach reveals

that societal factors, including perceived vaccine risk and whether individuals prioritize logic or

emotion, significantly impact campaign effectiveness and optimal allocation.

This research addresses a research gap in vaccination campaign design by developing a com-

prehensive networked compartmental model that incorporates dynamic vaccination behavior and

coupled dynamics to optimize vaccination campaigns. This approach enables the consideration

of changing individual behaviors for designing more effective and targeted vaccination campaign

allocations. Results highlight the context-dependent nature of vaccination campaigns, demonstrat-

ing the importance of allocating vaccine resources differently across demographic groups based
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on societal characteristics. This work has significant implications in the current context of vaccine

hesitancy, where tailored and strategic approaches are more crucial than ever.

In Chapter 4, the third objective is satisfied by developing a calibration approach for simulation

models that captures both model and data uncertainties, while being computationally efficient. This

approach has two-stages, designed to identify a set of parameter values whose model outcomes

closely match target data but also effectively capture the inherent uncertainty within the model.

The first stage is to apply a black-box optimization algorithm to minimize a loss function that

includes the predicted outcomes and data outcomes as arguments. This results parameter sets that

represent acceptable predicted outcomes. The second stage makes use of clustering methods to

identify a minimal subset of parameter sets that maximizes diversity for future analysis.

This framework offers a comprehensive calibration approach, enhancing model reliability and

robustness for complex problems with limited data and variable model behavior. Unlike many

existing methods that focus solely on speed and precision, this framework prioritizes representa-

tiveness to capture diverse model behaviors with computational efficiency. This ensures the model

reflects the full spectrum of potential outcomes with minimal efforts, addressing a critical limita-

tion in models with high uncertainty due to data limitations and model flexibility.

Finally, Chapter 5 concludes the dissertation and provides directions for future research.
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Chapter 2

OPTIMAL PUBLIC HEALTH INTERVENTIONS TO MINIMIZE
DISEASE BURDEN OF COVID-19 PANDEMIC

2.1 Introduction

Since the beginning of the COVID-19 pandemic, policymakers have been striving to balance

public health interventions to keep people safe and minimize social disruptions. In this chap-

ter, we address research objective (1) by identifying optimal public health interventions on the

control of COVID-19 pandemic in two situations. In the first study, we explore the effects of non-

pharmaceutical interventions (NPIs) without vaccination during the early stage of the pandemic.

The study has been published in Medical Decision Making [86]. In the second study, we explore

the effects of periodical vaccination and NPIs. In the study, we consider complex known uncertain-

ties about SARS-CoV-2 such as individuals’ heterogeneous immune responses to natural infections

and vaccination, and the emergence of more contagious or serious disease-causing viral variants.

The second study has been published in AJPM Focus [87].

To conduct this research, a large-scale agent-based model (ABM) is developed and calibrated

to COVID-19 outbreaks in the greater Seattle area, simulating the behavior of approximately 1.9

million individuals and their responses to policies based on demographics and health status. This

research contributes to the development of an adaptable ABM framework that can be effectively

applied to inform diverse policy decisions. This research addresses parameter uncertainty by iden-

tifying representative calibration parameter sets and simulating a range of possible mutation scenar-

ios. This approach highlights the importance of periodic vaccination and adaptive social distancing

as keys to robust COVID-19 control in complex real-world environments.

This chapter is organized as follows. Section 2.2 contains the first study that identifies the

impact of NPIs on reopening the society. Section 2.3 contains the second study that identifies the

impact of NPIs and vaccinations with viral variants and waning immunity. Finally, Section 2.4

summarises the conclusion and discussion of this chapter.
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2.2 Impact of Nonpharmaceutical Interventions on Reopening Society

2.2.1 Introduction

The COVID-19 pandemic caused many deaths, economic losses, and disruptions to American

society. As many parts of the United States effectively flattened the epidemic curve to control the

first wave of outbreaks and reduce hospital overflow through a combination of nonpharmaceutical

interventions (NPIs) in the spring and summer of 2020, stringent government policies such as

lockdowns incurred significant societal costs. The federal and many state and local governments

have been striving to ease restrictions while implementing other interventions such as expanded

testing, contact tracing, and face mask use. Unfortunately, many states experienced second or third

waves of infection after relaxing restrictions in the fall of 2020.

Modeling studies can provide policymakers with evidence to inform politically sensitive de-

cisions amid large uncertainty about SARS-CoV-2 transmission in the community. Forecasting

models and mechanistic models are the two main modeling approaches. The former focuses on

prediction in the short-term using statistical methods and fitting historical data, whereas the latter

focuses on simulating plausible scenarios of infection spread under various assumptions to ac-

count for nonlinear feedback and project long-term outcomes [61]. The ISPOR-SMDM Modeling

Good Research Practices Task Force provides a comprehensive overview and recommendations

for different modeling approaches [21]. A more detailed discussion of different types of models

for dynamic transmission can be found in Pitman et al [113]. The Centers for Disease Control and

Prevention (CDC) reports weekly national forecasts of new COVID-19 cases, hospitalizations, and

deaths from more than 35 mathematical and statistical models [22]. A number of mathematical

models have measured the effectiveness of public health interventions on SARS-CoV-2 transmis-

sion. The Institute for Health Metrics and Evaluation (IHME) [117] used a susceptible-exposed-

infectious-recovered (SEIR) model with statistical methods to forecast state-level estimates with

current social distancing, face mask use, and testing strategies. Eikenberry et al. [46] used an

SEIR model to explore the impact of face mask use by the general public. The COVID-19 Simula-

tor Consortium [39] combined a machine learning method with an SEIR model to consider various

features, including geographic and demographic data, and NPIs at the county level.

Agent-based simulation has been employed due to its ability to model detailed interactions

of NPIs in populations with heterogeneous demographics and contact networks [3, 81, 86, 92,

126]. Advantages of using an agent-based simulation model include increased flexibility to model
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individuals’ behaviors and their interactions with environmental constraints such as health sys-

tem capacities and the ability to incorporate tailored policy recommendations. Early work in the

COVID-19 context includes that of Kucharski et al. [81], who simulated the effectiveness of in-

dividual level interventions and physical distancing on reducing viral transmission in the United

Kingdom. Aleta et al. [3] simulated 2 social distancing relaxation strategies with increased testing,

contact tracing, and home quarantine in the Boston metropolitan area.

Finding optimal combinations of NPIs that can control the spread of SARS-CoV-2 is impor-

tant. Interventions that have been adopted include social distancing measures such as stay-at-home

orders, mass gathering bans, work-from-home orders, face mask use, school closures, home quar-

antine, testing, and contact tracing. However, after easing some restrictions, many regions are

experiencing new surges in infections. How to balance the combinations of interventions is chal-

lenging for policymakers as they try both to minimize social disruptions and to keep the population

safe. More specifically, it is important to study what combination of NPIs should be recommended

and when, where, and to what degree interventions are warranted to control the outbreak.

Our work aims to investigate the impact of NPI combinations on reducing SARS-CoV-2 trans-

mission and to identify optimal strategies to control outbreaks in a large urban area. In the United

States, Washington State and the City of Seattle have demonstrated some success in controlling

the spread of COVID-19 using a 4-phase approach to reopen society devised by the Washington

State governor’s office in consultation with public health leaders [145]. We develop and calibrate

an agent-based simulation model to represent the greater Seattle area, using a synthetic population

of King County, Washington. Next, we simulate various levels of NPIs and identify combinations

that can contain COVID-19, as well as a phase based plan through the first half of 2021, as vacci-

nations are not expected to be widely available before that time [105]. This research quantifies the

effects of NPI combinations to provide guidance for state and local governments in implementing

policy changes to reopen society.

2.2.2 Method

Agent-Based Simulation Model

Our agent-based model of SARS-CoV-2 transmission is a modification of the open-source

A Framework for Reconstructing Epidemic Dynamics (FRED) model [56]. The agents in the

model represent individuals and are based on population demographics and contact networks. Our
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COVID-19 disease model uses established epidemic parameters for disease progression [8, 12, 23,

41, 58, 82, 135, 152]. We incorporate NPIs (e.g., social distancing, face mask use, school closure,

testing, and contact tracing) that influence individuals’ behaviors and thus affect the viral transmis-

sion (Figure 2.1). To represent population demographics and contact networks, our model uses the

Synthetic Population Database developed by RTI International [146]. The synthetic population is

generated from the 2010 US census data of King County, Washington, and includes approximately

1.9 million individuals with demographic information (e.g., gender, age, and race) as well as con-

tact network information (e.g., location and size of house hold, neighborhood, workplace if the

person is employed, and school if the person is a student). For each day in the agent-based simula-

tion, individuals can interact with other individuals in their household, neighborhood, workplace,

and school. Specifically, each individual contacts household members with some probability and

contacts a random number of members (which we call “contact rates per day”) who are in the same

neighborhood, workplace, and school.

Inputs
• Population 

Demographics
• Contact 

Networks
• Epidemic 

Parameters Public Health Interventions
• Social Distancing

- Stay-at-home
- Work-from-home 

• Face Mask Use
• School Closure
• Home Quarantine
• Testing
• Contact Tracing

Outcomes
• Reproduction 

Number R0
• Total Infection
• Total Test
• Total Contact 

Trace
• Total Home 

Quarantine

COVID-19 Natural History Disease Model

Exposed

Presymp
tomatic

Asymptomatic 
or Paucisymptomatic

Severe 
symptomatic

Susceptible
Recovered

or Dead

Infectious 

Non-severe 
symptomatic

Figure 2.1: Model Overview.

The natural history and transmission of SARS-CoV-2 follows a modified SEIR model. When

a susceptible individual comes in contact with an infectious person, there is a transmission prob-

ability that the susceptible person becomes exposed to SARS-CoV-2. Once exposed, that person
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becomes infectious after a latent period. Depending on their age, the individual becomes presymp-

tomatic or asymptomatic/paucisymptomatic. A symptomatic individual is first in a presymptomatic

period, during which the individual is infectious but does not yet show symptoms. Then, the person

may have severe symptoms or non severe symptoms depending on their age. Once the infectious

period is over, the individual either recovers with assumed full immunity or dies. We did not

differentiate between recovered and dead individuals in the model as both types are not driving

viral transmission, and we can post calculate mortality. See Appendix A.1.1 for details on disease

parameters.

For an infectious individual, the probability that other susceptible members from household,

neighborhood, workplace, and/or school become infected depends on the transmissibility of SARS-

CoV-2, contact rates at the location, the infectious individual’s infectiousness, and the susceptible

person’s susceptibility to the virus. We modeled three NPIs that reduce contact rates or transmissi-

bility of SARS-CoV-2 and that have frequently been the focus of policy interventions in the United

States: social distancing, face mask use, and school closure. In our model, social distancing in-

cludes work-from-home and stay-at-home orders, as a result of which a percentage of workplaces is

closed and a percentage of individuals does not participate in neighborhood activities. In addition,

we considered the effects of face mask use in neighborhoods, workplaces, and schools. If infected

individuals wear masks, their infectiousness is reduced, and if susceptible individuals wear masks,

their susceptibility to SARS-CoV-2 is reduced. Last, we considered school closure or operating in

a hybrid model to decrease transmission among children. School closure becomes more effective

if children are the major contributors to community transmission [41]. The objective of these NPIs

is to reduce the overall contacts and degree of transmissibility within a community.

We also modeled NPIs related to symptoms or concern about exposure, which include home

quarantine, testing, and contact tracing. Without public health messaging about quarantines, some

symptomatic individuals may decide themselves to quarantine at home if they have symptoms.

Since the tendency to stay home when symptomatic may differ by regions, we calibrated this

behavioral parameter for King County (see parameter calibration in Appendix A.1.1). Testing and

contact tracing can identify infectious individuals and their close contacts, which may lead to an

increase in the home quarantine percentage of infectious and potentially infected populations. If

the close contacts are identified by case investigators, each person is recommended to get tested

and be home quarantined for two weeks since last exposure [25]. The effectiveness of contact

tracing depends on the ability to identify all contacts and the ability of those who are identified and
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contacted to comply with testing and home quarantine. In our model, a percentage of symptomatic

individuals is tested. If an individual tests positive (i.e., is a potential infector), the person is home

quarantined and the person’s recent close contacts may be traced and home quarantined, based on

compliance parameters. See Appendix A.1.1 for detailed model specification and data input.

The main outcome of the model is number of infections, including daily new infections and

total infections. Other outcomes include peak incidence, average daily testing and contact tracing

resource usage, and total number of home quarantines.

Calibration Procedure

We calibrated transmissibility of SARS-CoV-2, daily contact rate at each location (household,

neighborhood, school, and workplace), and default home quarantine percentage of symptomatic

individuals. We used a 2-stage approach to target the epidemic in King County from January

15, 2020, through May 31, 2020. We targeted parameter sets that satisfy the basic reproduction

number (R0) of COVID-19, infection fatality ratio (IFR), and infection fatality ratio of symptomatic

individuals (IFR-S) to known literature ranges. IFR is defined as “the number of individuals who

die of the disease among all infected individuals (symptomatic and asymptomatic),” and IFR-S is

defined as “the number of individuals who die of the disease among all symptomatic individuals”

[23]. See detailed description of the calibration procedure in Appendix A.1.1.

Intervention Parameters

We categorized governmental social distancing orders based on the severity of the order, where

open, low, medium, and high categories correspond to 0%, 20%, 50%, and 80% of coverage,

respectively. For example, when a low social distancing order is enacted, 20% of workplaces

remain closed and 20% of the population do not have neighborhood contact. In our scenario

analysis, we also considered phase-based social distancing in which the degree of social distancing

is decided based on the last 2 weeks’ diagnosed cases, and each policy change is maintained for at

least 3 weeks. For example, if a community was in phase 2 with medium social distancing for more

than 3 weeks and if the number of diagnosed cases per 100,000 remained between 10 and 25 in the

following 2 weeks, the community is allowed to progress to phase 3 with low social distancing.

Face mask use was modeled with two parameters, compliance and effectiveness. According to

Eikenberry et al. [46], if typical masks are worn, they reduce transmissibility by 50%. In our
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model, if an infector uses a face mask, the infector’s infectiousness is reduced by 50%, and if a

susceptible individual uses a mask, the individual’s susceptibility is reduced by 50%. Last, we

assumed that schools operate in a hybrid model from September with reduced contact rates. See

Appendixes A.1.3 and A.1.4 for additional details.

Furthermore, we assumed that all severely symptomatic individuals and some mildly symp-

tomatic individuals would get tested. Asymptomatic individuals are not tested unless contact

traced. We further assumed that all confirmed cases proceed to home quarantine and 90% of the

cases comply with providing their contacts for the last 2 weeks [145]. Contact tracing effectiveness

was defined as the probability that households, schools, workplaces, and neighborhood members

comply with home quarantine and testing when contact traced. We assumed the testing and con-

tact tracing capacity is sufficient. Anyone who is home quarantined has only limited household

activities (50% reduction in household contact). See Appendixes A.1.3 and A.1.4 for intervention

parameters and transmission equations.

Analyses

We simulated the model for 500 days since the first day of infection in King County (January

15, 2020) to May 28, 2021, as widespread coronavirus vaccinations are not expected to be available

until late spring of 2021.22 The interventions from January 15, 2020, through May 31, 2020, were

based on policies mandated in King County. From June 1, 2020, to May 28, 2021, we simulated

with parameter settings in Table 2.1, where the base case used the bolded parameter settings (see

Appendix A.1.2 for the timeline of the base case). For the base case and all scenario analyses,

we replicated 50 simulation runs with a different random seed. We reported outcomes including

median values of infection numbers and plotted 7-day moving-average values of daily infection

numbers.

We first conducted 1-way scenario analyses on compliance with NPIs, daily imported infec-

tions, and intervention parameters such as testing delay and face mask effectiveness. Next, we

conducted scenario analyses on 4 intervention parameters to determine optimal combinations of

interventions that can control the disease (Table 2.1). Specifically, we conducted 2-way scenario

analyses between 2 NPIs to observe their interactions in driving down total infections. Further-

more, we investigated all combinations of the 4 NPIs in a 4-way analysis of 300 policy scenarios.

Last, we considered phase-based social distancing in which social distancing measures are decided

based on the current epidemic trend, and we compared results from phase-based social distancing
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with low social distancing (the base case) and medium social distancing. When evaluating these

scenarios, we compared simulated total infections from June 1, 2020, to May 28, 2021. Specifi-

cally, we determined NPI combinations that satisfy Washington State’s objective of having fewer

than 25 diagnosed cases per 100,000 people per 14 days [145]. We translated this objective into

total infections from June 1, 2020, to May 28, 2021 (362 days), which resulted in identifying NPI

combinations with total infections under 30,600 cases during the period (see Appendix A.1.3 for

the calculation).

Parameter Settingsa

Social Distancing Open (0%), Low (20%), Medium (50%), High (80%)
Face Mask Use 0%, 25%, 50%, 75%, 100%
School Closure Open (0%), 25%, Hybrid (50%), 75%, Closed (100%)

Testing and Contact Tracingb Low, Medium, High
a Base case is in bold.
b See Appendix A.1.1 for details.

Table 2.1: Scenario analyses for levels of interventions

Model Validation

To ensure “face validity” of the model, we discussed model results with local public health

leaders and external modeling teams at a Washington State Department of Health meeting to review

for reasonableness and credibility of the model outputs. We also validated the simulated outbreak

trends against estimated real outbreak trends between June and October 2020.

2.2.3 Results

Calibration Result

The calibration process identified two clusters of parameters that both satisfy the calibration

target ranges but with different, both plausible, features. The calibrated values for transmissibility

of SARS-CoV-2, daily contact rate at each location, and default home quarantine percentage of

symptomatic individuals in clusters 2 and 6 are shown in Table A.1.2 in Appendix A.1.1. Cluster

2 represents higher contact rates in household, neighborhood, and workplace. Cluster 6 represents

higher overall transmissibility of SARS-CoV-2, school contact rates, and default home quarantine
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percentage when symptomatic. Because we could not choose between these 2 clusters of good-

fitting parameters, we present results from both and identify similarities/differences in the insights

of the analysis. More details can be found in Appendix A.1.1.

Base Case Result

With social distancing relaxed to low (20%) and schools partially reopened in the fall 2020,

a second surge is inevitable even if face masks are used and contact tracing is enabled (Figure

2.2). While we calibrated through May 31, 2020, our model’s simulated daily new infections show

similar trends to the estimated real number of daily new infections until the end of October 2020

in King County. We estimated the real number of daily new infections by dividing King County’s

reported deaths by the IFR (of 0.65%) and estimated the date of infection to be 21 days prior to

the date of death. The 21 days is to account for the median number of days from infection to

death [23]. Cluster 6’s simulated daily new infections show similar trends to real infections from

June to October 2020, while cluster 2 shows slightly higher infection numbers. The parameters of

cluster 6 and simulated NPIs illustrate King County’s steadily decreasing trend before fall 2020.

Although social distancing was relaxed starting in June, the schools remained mostly closed and

other NPIs such as face mask use and contact tracing controlled the epidemic during the summer,

with approximately 15 new cases per day at the end of August. However, as schools reopen in

September, new infections start to spike from October 2020 in cluster 6, with relatively high school

contact rates.

On the other hand, since cluster 2 has relatively higher neighborhood, workplace, and house-

hold contact rates, adding other NPIs could not offset the effects of relaxing social distancing in

the summer; the low level of social distancing results in a second surge of daily new infections.

Other outcomes such as peak incidence, average daily testing and contact tracing resource usage,

and total number of home quarantines are shown in Tables A.1.5 and A.1.6 in Appendix A.1.4

Without any NPIs, nonsymptomatic (pre- or asymptomatic) transmission accounts for 74%

and 75.2% of the entire transmission in clusters 2 and 6, respectively. The proportion increases

when NPIs are activated because more symptomatic individuals stay at home after testing or social

distancing. With NPIs, 84.3% and 89.1% of infection is caused by nonsymptomatic infectors in

clusters 2 and 6, respectively.
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Figure 2.2: Base case result for 2 clusters. The calibration period, from January 15, 2020, through
May 31, 2020, resulted in 2 parameters sets, cluster 2 and cluster 6. Our model’s simulated daily

new infections show similar trends to estimated real number of daily new infections (i.e., reported
death/infection fatality ratio [IFR]) until the end of October 2020 in King County.

One-Way Scenario Analysis

Social distancing levels and face mask compliance levels highly affect total infections. In both

clusters, medium and high social distancing or 75% and 100% face mask use could achieve Wash-

ington State’s objective (Figure A.1.7 in Appendix A.1.4). Additional school closure in cluster 6

satisfied Washington State’s objective due to its high contact rates in schools, but cluster 2 failed to

achieve this objective. In both clusters, testing and contact tracing could not substantially reduce

viral transmission. Other one-way scenario analyses, including varying daily imported infections

since June 1, 2020, and other intervention parameters (e.g., delays in testing and con tact trac-

ing) yielded similar results to the base case. Face mask effectiveness, on the other hand, had a

significant impact on viral transmission, which was similar to changing compliance in face mask

use. Since both face mask effectiveness and compliance with face mask use affect transmissibility

of SARS-CoV-2, we varied compliance with face mask use in the 2-way scenario analyses and

maintained face mask effectiveness at its base case value of 50%.
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Two-Way Scenario Analysis

The result of our 2-way scenario analysis between pairs of NPIs are shown in Figure 2.3. As the

effects of testing and contact tracing are marginal compared to other NPIs, we only present results

between face mask use, social distancing, and school closure. The result between face mask use

and social distancing shows that low social distancing and 50% of the population wearing face

masks are more effective than medium social distancing and no face mask use (0% compliance) in

cluster 6 (Figure 2.3B) and slightly more effective in cluster 2 (Figure 2.3A). High social distancing

and 25% face mask use, medium social distancing and 50% face mask use, low social distancing

and 75% face mask use, and open social distancing and 100% face mask use all satisfy Washington

State’s objective in both clusters.

As can be seen from Figure 2.3C,D, the level of social distancing is a stronger driver than

the degree of school closure except after a certain threshold; medium social distancing with base

case 50% of face mask use success fully controlled the transmission of infection in any degree

of school closure. In cluster 2, with open and low social distancing, the number of infections

gradually increases as schools become more open. However, cluster 6 satisfied Washington State’s

objective when social distancing is low and 75% of schools are closed. Therefore, if a community

can achieve low contact rates in school through mask use and distancing, safe reopening is likely

to be feasible.

Last, 75% or higher compliance of face mask use successfully controlled viral transmission

regardless of the degree of school closure (Figure 2.3E,F). In cluster 2, the effect of face mask use

is stronger than school closure. In this cluster, even if schools are completely closed, if the face

mask use is under 50%, larger outbreaks were observed in the simulation. On the other hand, in

cluster 6, school closure was an effective policy if the population used a face mask at 50% or less.

Still, except for 50% face mask use and 75% to 100% school closure, none of the combinations

met Washington State’s objective if less than 75% of the population used face masks. Additional

results between testing/contact tracing and other NPIs can be found in Appendix A.1.5.
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Figure 2.3: Effects of different combinations of social distancing, face mask use, and school
closure on total infections (1000s) from June 1, 2020, to May 28, 2021. Black lines indicate

combinations that first satisfy Washington State’s objective of 30.6 thousand total infections.

Four-Way Scenario Analysis

We simulated all 300 NPI policy scenarios and identified many NPI combinations that reduce

total infections to achieve Washington State’s objective for total cases. The key message is similar

to the 2-way scenario analyses. Overall, high compliance with face mask use is the most important

driver keeping total infections low, followed by social distancing level. Society and schools may

reopen if 75% to 100% of the population uses face masks. See Appendix A.1.6 for full details.
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Phase-Based Social Distancing

We found that phase-based social distancing can effectively eliminate large outbreaks in cluster

2 (Figure A.1.13(A) in Appendix A.1.7), whereas in cluster 6, there is still a second outbreak

(Figure A.1.13(C) in Appendix A.1.7). If we maintained medium social distancing from June 1,

2020, to May 28, 2021, then there is no second outbreak in both clusters. In cluster 2, phase-based

social distancing resulted in approximately 4 weeks of high social distancing and 3 more weeks

of medium social distancing after June 1, 2020 (Figure A.1.13(B) in Appendix A.1.7), which

controlled transmission and maintained daily new infections at 48 cases per day during August

2020. With the low prevalence, the phase-based social distancing was able to reduce total infections

since June 1, 2020, by 87% compared to the base case. In addition, the phase-based policy had only

slightly more infections than medium social distancing only, while neither produced a second wave.

In cluster 6, however, although daily new infections remained at 22 cases per day during August

2020 for phase-based social distancing, reopening schools triggered the emergence of a second

wave. The increased prevalence required high social distancing until the end of the simulation due

to the cluster’s higher school contact rates (Figure A.1.13(D) in Appendix A.1.7). On the other

hand, maintaining medium social distancing eliminated disease outbreaks before September 2020,

and thus no further transmission occurred.

2.2.4 Discussion

Policymakers continue to confront many uncertainties about the best way to control the spread

of the novel coronavirus, including when and how to reopen society in the absence of safe, ef-

fective vaccines. Our research estimated the impact of NPIs on SARS-CoV-2 transmission and

investigated the best policy combinations to control outbreaks in an urban setting. We constructed

an agent based simulation model and calibrated behavioral patterns. We found 2 plausible param-

eter clusters that produced distinct outcome scenarios. In the first scenario, we projected a second

wave that begins right after social distancing is relaxed due to high community and workplace con-

tact rates. In the second scenario, the second wave begins with the reopening of schools due to high

contact rate in schools. While simulating combinations of NPIs, we explored their interactions and

observed threshold combinations that can significantly reduce total infections. In both clusters,

medium social distancing and 50% face mask use, or low social distancing and at least 75% face

mask use from June 1, 2020, prevented large second waves when schools reopened in hybrid mode
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in September 2020. If low social distancing was practiced, at least 75% face mask use may enable

reopening of schools with low transmission.

We showed that face mask use played an important role in relaxing social distancing and school

closure. Even if social distancing was relaxed from medium to low, total infections remained low if

the face mask use was at 75% or higher. In communities with low school interactions, compliance

with face mask use is a more effective intervention than school closure. In communities with high

school interactions, 25% or more face mask use had more effects than 25% or more school closure.

Considering the high societal burden of social distancing and school closure, face mask use is a

low-cost and effective intervention. However, we note that implementing effective mask wearing in

younger school-age children has practical difficulties, leading to lower effectiveness in real-world

settings. Also, while we fixed the face mask effectiveness at 50%, which is considered typical mask

wearing14 in the base case analysis, we showed in 1-way scenario analyses that increasing face

mask effectiveness could be as effective as increasing face mask use. A recent systematic review

and meta-analysis has concluded that “face mask use could result in a large reduction in risk of

infection, with stronger associations with N95 or similar respirators compared with disposable

surgical masks or similar.” [36] However, in some countries where face mask use is high, there

was still a winter surge in infection numbers. Therefore, increasing face mask effectiveness, which

is influenced by the type of mask and frequency of usage, is very important. We have explored a

wide range of face mask effectiveness (25%–100%) in one-way scenario analysis (see Tables A.4.5

and A.4.6 in Appendix A.4).

Consistent with other findings [81, 106], our results showed that testing and contact tracing

alone are insufficient to contain COVID-19. Due to high levels of asymptomatic individuals

and transmission occurring without symptoms, even the most effective testing and contact tracing

strategies quarantined only 40% of infectious individuals in our simulation. However, compared to

the least effective testing and contact tracing strategies, the most effective strategies reduced total

infections and peak incidence by more than half. Therefore, ongoing efforts are needed to increase

the coverage of both testing and contact tracing.

Our analysis of phase-based social distancing policy highlighted the importance of timing in

relaxing social distancing measures. If a community interacts primarily at workplaces and neigh-

borhood venues, 4 weeks of high and 3 more weeks of medium social distancing can significantly

reduce total infections by 87% and safely reopen schools with low social distancing. This policy

produced effects that are similar to maintaining medium social distancing for the whole period.
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Another lesson here is the importance of finding the source of transmission in order to de-

termine the most appropriate NPIs. In cluster 6 with higher school interactions, school reopening

during a period of low COVID 19 prevalence could still rapidly spread the disease and require more

than 6 months of additional high social distancing. Nonetheless, stricter social distancing reduced

only 56% of total infections compared to the base case as the intervention only limited neighbor-

hood and work place activities and thus could not reduce transmissions occurring in households

and schools. In this case, rather than stricter social distancing, school closure was the more ap-

propriate measure. In partially open schools, eliminating certain types of activities (e.g., singing

or sports requiring close proximity) and/or modifying classroom settings could reduce the contact

rate (e.g., classes are outdoors or indoors in well-ventilated areas).

Several limitations exist in the model. Although we estimated disease parameters using the

best available knowledge, large uncertainties persist about disease parameters such as percentage

of asymptomatic infections and transmission occurring without symptoms. Although evidence

suggests immunity might decline substantially within a few months [93], recent data suggest that

it might last for substantial periods, and reinfections appear to be rare [98]. Thus, declining immu-

nity does not lead to major transmission in our simulation period, which is short term (500 days).

Death is postcalculated in our study since the model does not distinguish between recovered and

dead. As the medical community learns more about immunity with time, we could enhance our

model to separately account for recovered and death. In addition, combining recovered and deaths

may undercount transmission since more recovered individuals can block the chain of transmission

from an infectious individual, resulting in a lower probability of contacting susceptible individuals,

although this impact may be small considering the overall low IFR. The stress on hospital resources

and effects of hospital crowding on mortality are not included. We also did not consider virus mu-

tations, which could affect transmissibility and mortality. While we considered wide ranges of R0

in the calibration, a recent study [74] suggests the value could have been 4.5 early in the pandemic,

which is higher than what we used in calibration. In the intervention parameters, we discretized

compliance parameters for simplicity and calibrated to the early trend in the epidemic, but in real-

ity, the compliance values may change with the trajectory of the pandemic. Our assumptions about

having the same proportion of people in workplaces and people in neighborhood settings com-

plying with social distancing orders, as well as assumptions about everyone who uses face masks

using them similarly in neighborhoods, workplaces, and schools, should be reexamined in future

studies. We also did not tailor policies to sub populations with different social-economic status and
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comorbidity. We did not consider super-spreader events in King County. Last, we assumed that

testing and contact tracing capacity are sufficient, but this may not be the case in many regions of

the United States.

In summary, this research highlighted the importance of at least 75% face mask use if we want

to be able to relax social distancing and reopen schools while controlling SARS-CoV-2 transmis-

sion in a large urban area such as greater Seattle prior to large-scale vaccination. We also found that

increased testing and contact tracing alone may not be sufficient to control the epidemic without

other NPIs. We hope these findings can provide actionable insights on the best NPI combinations

to save lives and minimize social disruptions while effective vaccines are rolling out in 2021. This

research also highlights the need for continued NPIs as the US population is vaccinated throughout

2021 in light of limited vaccine quantities and anticipated challenges in vaccination scaleup.

2.3 Impact of Nonpharmaceutical Interventions and Vaccination with Viral Variants and
Waning Immunity

2.3.1 Introduction

The COVID-19 pandemic continues to ravage populations around the world. Several factors

influence this situation, including the emergence of SARS-CoV-2 variants of concern (VOC) such

as the Omicron variant that is highly infectious and immune evasive [26], changes in the level

of non-pharmaceutical interventions (NPIs), such as reduced mask use and social distancing, and

public reluctance to be vaccinated. Understanding the impact of vaccination and NPI policies on

COVID-19 incidence and deaths is needed to guide effective interventions.

The immune response to SARS-CoV-2, including VOCs such as Alpha, Delta, and Omicron

variants that have resulted in increased viral loads, disease severity, and/or resistance to immunity

conferred by previous infection or vaccination [26], is complex. Studies have shown that immu-

nity wanes over time and the degree of waning may differ by vaccine, time since vaccination or

infection, variant type, and demographic factors [9, 27, 54, 101, 129]. The immune response to

SARS-CoV-2 confers differential protection against infection, severe disease, or death [4, 107, 132,

148]. Protection against re-infection declines faster for the Omicron variant than for the original

Wuhan, Alpha, and Delta variants. However, protection against severe disease remains high for all

variants, including the Omicron variant [123].

Questions have been raised about the need for periodic COVID-19 vaccinations and which
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population groups should receive it. As of May 2024, CDC recommends the updated bivalent

COVID-19 booster vaccine to all individuals aged 12 years or older, with at least a 2-month interval

since their last dosage. Evidence has shown that it provides better protection against the Omicron

variant compared to older vaccines without additional safety concerns [31]. Nevertheless, repeated

vaccinations may result in reduced effectiveness and durability of protection [33, 123]. The effects

of periodic vaccination should be explored under various immune scenarios, especially given the

emergence of SARS-CoV-2 variants that may impact the efficacy.

In this article, our objective is to understand the role of emerging variants, vaccination, and NPI

policies on COVID-19 infections and deaths. We aim to identify scenarios in which COVID-19

can be managed such that the death rate from COVID-19 becomes comparable to the combined

annual mortality rate from influenza and pneumonia. As a case study for a large urban area, we

simulate COVID-19 transmission in King County, WA (greater Seattle) using an agent-based simu-

lation model. Calibrated to local epidemiological data, our study uses detailed synthetic population

data and includes interactions between vaccination and specific NPIs while considering waning

immunity and emergence of variants. Virus mutation scenarios include twelve combinations of

infectivity, disease severity, and immune evasiveness. A highly effective pan-coronavirus vaccine

that works against all strains is considered as an optimistic scenario.

2.3.2 Method

Model Overview

Agent-based simulation has been employed in studies [83, 121, 125, 137] to account for het-

erogeneous individual behaviors and contact networks. Our agent-based model is based on the

open-source A Framework for Reconstructing Epidemics Dynamics (FRED) model [56]. As in

Lee et al.[86], we modified the FRED model to simulate SARS-CoV-2 transmission in King

County, WA with approximately 1.9 million individuals. The NPIs that we model include so-

cial distancing, face mask use, school closures, home quarantine, testing and contact tracing as in

Lee et al.[86] Our natural history of COVID-19 follows a susceptible-exposed-infected-recovered-

susceptible (SEIRS) model framework, including SARS-CoV-2 variants, vaccination, and immu-

nity from natural-infection or vaccination. As shown in Figure 2.4, each disease compartment

is stratified by variant type as superscript x, individuals’ vaccination history as subscript v, and

previous infection history as subscript p. The model is also stratified by age and comorbidities.
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These factors affect disease progression, including the probabilities of infection, disease severity,

and death.

Values for all parameters and calibration are given in Appendix A.2.1, and detailed transmission

equations are given in Appendix A.2.2.

Figure 2.4: Natural history model of COVID-19. In each compartment (S, E, IPS, IS, IA, R, D),
the superscript x implies a variant type, and subscripts v and p imply most recent vaccination and

previous infection date, respectively.

SARS-CoV-2 Variants We consider SARS-CoV-2 variants that show different infectivity, dis-

ease severity, and/or immune evasive properties following previous infection or vaccination. We

sequentially introduce three variants that are the most widespread SARS-CoV-2 VOC, specifically,

the Alpha, the Delta, and the B.1.1.529 Omicron variants. The variants have evolved to be more

infectious while either decreasing or increasing disease severity [44, 49, 51, 67, 133]. The level of

natural and vaccine immunity against the Alpha and the Delta variants is assumed to be the same

as that of the original Wuhan strain, while the B.1.1.529 Omicron variant has been found to more

easily evade the immunity acquired from vaccine or prior infection [64]. We refer to the original

Wuhan, the Alpha, and the Delta variant as pre-Omicron strains. In the scenario analyses presented

in Section 2.3.2, we introduce potential new variants that mutate every 6 months after the B.1.1.529

Omicron variant, based on data indicating that the previous VOC appearance interval is between 4

and 8 months [142]. See Appendix A.2.1 for details.

Vaccination Vaccination parameters including effectiveness in preventing infection and death

are primarily based on the first-generation Pfizer-BioNTech COVID-19 vaccine. In the primary

vaccination series (available from January 1, 2021), two doses are administered, with the second

dose following the first dose by 21 days. Additional vaccines after the second dose may be ad-
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ministered every 6 months. We introduced vaccines to the simulation using age-specific eligibility

dates and prioritization policy in Washington State [143, 144]. See Appendix A.2.1 for details.

Immune Response SARS-CoV-2 variants may evade the immune system and increase the

probability of infection [97]. We refer to this as ‘immune evasion’. Immunity gained from natural

infection or vaccination wanes over time and differs by variant types [48, 54, 64]. From clinical

studies, we fit a linear regression model to estimate immune evasion [5, 52, 122, 129, 132]. The

immunity level has a continuous value ranging from 0 to 1 that depends on individuals’ latest

infection date, vaccination date, and variant type. In estimating immune evasion, we distinguish

whether the immunity was obtained from previous infections or from vaccinations, as research [4,

54, 129] shows that levels of immune evasion vary depending on its source. When an individual has

immunity from both previous infection and vaccination, we multiplied their effects based on studies

[17, 54, 107] that a hybrid immunity increases protection against reinfection. If an individual

is infected, the severity of the disease (probability of dying from disease) may be reduced with

previous infection or vaccination. We refer to this as ‘immune protection’. We fit a linear regression

model to estimate immune protection against death [48, 131, 132]. See Appendix A.2.1 for the

equations.

Mortality Deaths from COVID-19 and background mortality are considered. We assume that

the infection-fatality ratio of COVID-19 depends on individuals’ age and comorbidity status [1,

37]. The ratio can decrease when an individual has immune protection against death from previous

infections or vaccinations (Appendix A.2.2). In the agent-based simulation, once an individual

dies, the person is removed from each active location (household, neighborhood, school, and/or

workplace) and no longer influences future transmission. Background death rate is based on gender

and age [50].

Calibration Procedure

We calibrate the model to data for the greater Seattle area from January 15, 2020 to Decem-

ber 31, 2020 by targeting basic reproduction number (R0) and reported deaths. We fit previous

compliance history to NPIs by observing Seattle’s sequence of interventions. Parameters that we

calibrate include COVID-19 transmissibility, contact rates at each location (household, neighbor-

hood, school, and workplace), and default home quarantine percentage of symptomatic individuals.

See Appendix A.2.1 for the calibration procedure and detailed model description.
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Parameter Settings for Scenario Analysis

Our simulation period spans four years, from January 15, 2020 (reported first day of infection

in King County) to December 31, 2023. The period from January 15, 2020 to December 31,

2020 is used to calibrate parameters. From January 1, 2021 to December 31, 2023 (three years),

we perform a scenario analysis by simulating different virus mutations as in Table 2.2 and policy

scenarios as in Table 2.3. In all analyses and calibration, we replicate 50 simulation runs. The

scenario analysis used common random seeds for variance reduction.

Mutation parameters As listed in Table 2.2, we introduce twelve new variants with mutation

scenarios labeled S1 to S12 that vary in infectivity, disease severity, and immune evasion in June 4,

2022 after the B.1.1.529 Omicron variant. We label each mutation scenario as S1 to S12. For ease

of explanation, we name the three immune evasion parameter settings as “pessimisti”, “neutral”,

and “optimistic” immune evasion. In the optimistic scenario, we assume that a pan-coronavirus

vaccine is always available for all strains, and the vaccine effects always show the same level as

against pre-Omicron strains. This provides stronger and more lasting immune protection than our

base, first-generation vaccine which is less effective against B.1.1.529 Omicron strains.

Once one of the 12 new variants is introduced to society, we mutate it every 6 months. The

mutation parameters follow the same pattern with every 6 months for simplicity. For example,

if the virus evolves to increase infectivity by 50% with the same disease severity and immune

evasiveness, then 6 months later, the second generation (Dec. 2022 – June 2023) of the new strain

will have a 50% further increase in infectivity compared to the first generation (June 2022 – Dec.

2022) of the mutated strain. A third generation (June 2023 – Dec. 2023) mutates once more after

6 months. See Appendix A.2.1 for details.

Vaccination parameters After the 3rd vaccine dose, a periodic vaccination program (4th or

higher) is scheduled for every 6 months until the end of simulation. The periodic vaccination

program runs from January 23, 2022 to December 31, 2023. When receiving periodic vaccinations,

vaccine willingness may decline by 50%, 25%, or remain constant for each additional vaccination

in the scenario analyses, as listed in Table 2.3. Individuals’ vaccine willingness for primary and

booster vaccination depends on their age from King County data [143]. It is assumed that vaccine

supply is enough to cover the population, although there may be some delays due to daily limits.

NPI parameters NPIs include social distancing, face mask use, school closure, home quaran-

tine, testing and contact tracing. We simulate different levels of compliance to social distancing,
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Mutation
Scenarios

Changes in infectivity
compared to previous
variant

Changes in disease sever-
ity compared to previous
variant

Changes in immune evasion
compared to previous vari-
ant

S1

50% more infectious

Same
Pessimistic immune evasion

S2 Neutral immune evasion
S3 Optimistic immune evasion
S4

50% less severe
Pessimistic immune evasion

S5 Neutral immune evasion
S6 Optimistic immune evasion
S7

Same

Same
Pessimistic immune evasion

S8 Neutral immune evasion
S9 Optimistic immune evasion
S10

50% less severe
Pessimistic immune evasion

S11 Neutral immune evasion
S12 Optimistic immune evasion

Table 2.2: Parameter settings for virus mutation scenario analyses. The changes in immune
evasion compared to previous variant have three characterizations: Pessimistic immune evasion

indicates that the virus mutates to be 25% more immune evasive than is acquired from vaccination
or previous infection, Neutral immune evasion indicates that the virus mutates to have the same
immune evasiveness as B.1.1.529 Omicron, and Optimistic immune evasion indicates that the

virus mutates to have the same immune response as B.1.1.529 Omicron when it is acquired from
previous infection but enhanced immune response when it is acquired from vaccination. See

Appendix A.2.1 for details.

school closure, and face mask use by aggregating the three factors under one concept—NPI stage

(Figure 2.5). As illustrated in Figure 2.5, we consider four levels of NPIs ranging from a fairly

closed society (stage 1) to a fully open society (stage 4). We consider three NPI policies as listed

in Table 2.3 that consist of different stages and timing as shown in the left panel of Figure 2.5.

Timeline 1 gradually opens from 2021 to a fully open society in 2022, whereas Timeline 2 is a

moderate NPI policy that opens more slowly and maintains some level of NPIs through 2023. We

also introduce a Threshold NPI policy in which the NPI stage is dynamically determined by the

last 2 weeks’ diagnosed infection cases. Under this policy, the society is in stage 1 if diagnosed

cases are higher than 350 cases per 100K population for a 14-day rolling period, in stage 2 if there

are 200 to 349 cases per 100K, in stage 3 if there are 100 to 199 cases per 100K, and in stage 4

if there are fewer than 100 cases per 100K. We fix compliance parameters for home quarantine,

testing, and contact tracing at the same level as those at the end of 2020.

Combining the nine policy scenarios with the twelve mutation scenarios yields 108 scenarios,
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with parameter values given in Tables 2.2 and 2.3.

Policy Scenarios Parameter Settings

Reduction in vaccine willingness for each addi-
tional dose (4th or higher)

50% less severe, 90% less severe

NPI policy Timeline 1, Timeline 2, Threshold

Table 2.3: Parameter settings for scenario analyses

Figure 2.5: Definitions of NPI stages and timeline NPI policies. Date is in month/year.

Output Metrics

We explore the impact of viral mutation, vaccination, and NPI policies on SARS-CoV-2 infec-

tions and deaths due to COVID-19. Because new variants after B.1.1.529 Omicron are introduced

from June 4, 2022, we focus on deaths that occur from June 4, 2022 to December 31, 2023. Given

that the severity of the disease influences public perception and response, we identify scenarios for

which COVID-19 deaths can be reduced to or below the mortality rate from influenza and pneumo-

nia, which was 12.6 per 100K population in Washington State in 2017 [28]. This number converts

into 374 total deaths from June 4, 2022 to December 31, 2023, or 0.65 person deaths per day in the

region.

2.3.3 Result

Increased infectivity and immune evasion are the main drivers of new variants’ capacity to

dominate other strains.[43, 83] Figure 2.6 presents the number of daily infections by variants under
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mutation scenarios S1 to S3 with increased infectivity, and S10 to S12 with reduced disease severity

from 2.2. The first row of Figure 2.6 shows that when variants mutate to increase infectivity, the

new variants dominate the previous strain. When the variants become more immune evasive (S1,

pessimistic immune evasion), the outbreak size is much higher than the outbreak from B.1.1.529

Omicron (Figure 2.6A). If the immune evasion scenario is neutral (S2) or optimistic (S3), the

outbreak size is reduced, and its peak is delayed (Figure 2.6B and C). When variants retain the

same infectivity with reduced disease severity, dominance of new variants depends on evolution in

immune evasion (Figure 2.6D-F). With pessimistic immune evasion (S10), the new variants slowly

dominate its previous strain with lower peak size than B.1.1.529 Omicron (Figure 2.6D). However,

if variants show the same infectivity and immune evasiveness as B.1.1.529 Omicron (S11, neutral

immune evasion) or with better vaccination immune protection (S12, optimistic immune evasion),

new variants do not dominate B.1.1.529 Omicron (Figure 2.6E and F).

Figure 2.6: Impact of viral mutation on SARS-CoV-2 infections while varying infectivity and
immune evasion. Virus mutation scenarios are listed in the upper left corner of each graph.

Colored lines in each graph indicate the first imported date of each variant. Periodic vaccination
willingness is assumed to reduce by 25% for each additional dose. NPI policy is assumed to be

Timeline 1 policy. See Appendix A.2.3 for the results of twelve mutation scenarios from January
15, 2020.

Figure 2.7 presents simulated results for total deaths. The twelve graphs in Figure 2.7 rep-

resent mutation scenarios S1 to S12 in 2.2 where the four rows represent changes in infectivity
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and disease severity and the three columns represent immune evasion characteristics. Each of the

twelve graphs has three markers (squares, circles, and triangles) for vaccine willingness impacting

periodic vaccination rate. The three NPI policies are plotted on the horizontal axis, and total deaths

(in 1,000s) are plotted on the vertical axis.

Impact of viral mutation on SARS-CoV-2 deaths

In most cases, increased infectivity yields more deaths than mutations that maintain the same

infectivity. When the variants’ disease severity remains the same and infectivity increases, total

mortality increases by 44.7% (Figure 2.7, A vs G), 93.1% (Figure 2.7, B vs H), and 112.7% (Figure

2.7, C vs I) when averaged over vaccine willingness and NPI policies. When the virus mutates to

reduce disease severity and the immune evasion scenario is pessimistic, total deaths increase by

16.7% (Figure 2.7, D vs J). On the other hand, when the immune evasion scenario is neutral or

optimistic, the total number of deaths decreases by 7.0% (Figure 2.7, E vs K) and 8.3% (Figure

2.7, F vs L), respectively. This is because the new variants with higher infectivity dominate the

previous strains, resulting in more infections, but the reduced disease severity leads to fewer deaths.

Similarly, reduced disease severity typically leads to fewer deaths than the same severity. When

the virus mutates to increase infectivity, reduced disease severity decreases total mortality by 59.4%

(Figure 2.7, A vs D), 52% (Figure 2.7, B vs E), and 56.9% (Figure 2.7, C vs F) when averaged over

vaccine willingness and NPI policies. Although the reduced disease severity decreases total deaths

by 51.1% (Figure 2.7, G vs J) in the pessimistic immune evasion scenario, the impact of reduced

disease severity is negligible when infectivity is the same and immune evasion scenario is neutral

or optimistic. The mortality reduces by 0.3% (Figure 2.7, H vs K) in neutral immune case and

increases by 0.1% (Figure 2.7, I vs L) in optimistic case. This is because the new variants, which

do not mutate to increase infectivity or immune evasiveness, do not replace previous variants as

demonstrated in 2.6E and F. Thus, the decreased disease severity of these new variants does not

result in a reduction of deaths.

In all instances, increased immune evasion results in a higher death toll. Viruses with a pes-

simistic immune evasion strategy (first column of Figure 2.7) cause 3,867 average deaths. When

the viruses exhibit neutral immune evasion (second column of Figure 2.7), the average total mor-

tality rate decreases by 14.9% from the first column setting. With optimistic immune evasion (third

column of Figure 2.7), the death toll further decreases by 30.9% from the second column setting.
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Impact of periodic vaccination rate on SARS-CoV-2 deaths

The effect of increasing periodic vaccination coverage heavily depends on new variants’ im-

mune evasion property. An effective pan-coronavirus vaccine (S3, S6, S9, S12) and the most

optimistic periodic vaccination rate (same vaccination willingness as the booster vaccination rate)

yields 1,590 average total deaths, reducing total deaths by 44.6% compared to the most pessimistic

periodic vaccination (50% reduction in vaccine willingness for each additional dose). If such a

pan-coronavirus vaccine does not exist, and a virus shows neutral immune evasion (second column

of Figure 2.7), the average total death reduction is 27.2%. If the virus mutates to evade immunity

more easily (first column of Figure 2.7), the death toll reduction is 6.5% when comparing the most

optimistic to the most pessimistic vaccination rate. Figure 2.8 illustrates the impact of periodic

vaccination on daily deaths when the virus mutation scenario is S1 to S3 with increased infectiv-

ity and S10 to S12 with reduced disease severity. The figure illustrates an example in which the

benefit of increased periodic vaccination is more apparent when the immune evasion scenario is

optimistic.

Impact of NPI policies on SARS-CoV-2 deaths

NPI policies always reduce the death toll regardless of mutation scenarios, as shown in Figure

2.9. Compared to the Timeline 1 NPI policy which fully opens the society from January 2022,

the Timeline 2 policy maintains NPI stage 3 from January 2022 to the end of 2023 (see Figure

2.5). With constant moderate NPI policies in Timeline 2, the average total death toll is reduced

by 33.6% compared to Timeline 1. The reduction ranges from 21.8% to 47.2% depending on the

mutation scenarios. The Threshold policy, which dynamically decides the NPI stage according

to the number of cases in a 14-day rolling period, reduces the death toll by 71.3% compared to

Timeline 1. The reduction ranges from 55% to 85% depending on mutation scenarios. When the

Threshold policy is applied, the NPI stage 1 policy is selected in early 2022 with the rapid spread

of B.1.1.529 Omicron variant and remains in NPI stage 1 in most virus mutation scenarios. Even

in the case where the virus mutates to be milder, exhibit the same infectivity, and a pan-coronavirus

vaccine is available (S12), the society is generally in NPI stage 2, which involves a medium level

of social distancing. See Appendix A.2.5.
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Figure 2.7: Impact of periodic vaccination rate and NPI policies on deaths from June 4, 2022
(first date viral mutation after B.1.1.529 Omicron is imported to the society), to December 31,

2023, with varying mutation scenarios on infectivity, disease severity, and immune evasion. Virus
mutation scenario numbers are listed in the upper left corner of each graph. Error bars represent

the 25th and 75th percentile values of total deaths, with the dot at the 50th percentile. In each
virus mutation graph, red dotted lines represent the number of total deaths from influenza and

pneumonia in Washington state in 2017, which is calculated to be 374 deaths during the
simulation period. Scenarios with error bars that overlap the objective are circled.

Reducing annual deaths from SARS-CoV-2 to the level of influenza and pneumonia

Our objective is to find scenarios that reduce COVID-19 deaths to the level of influenza and

pneumonia, which is 374 total deaths during the simulation period in the region. Out of 108
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Figure 2.8: The impact of periodic vaccination rate on daily deaths when the virus mutation
scenario is S1 to S3 and S10 to S12. The NPI policy is assumed to follow Timeline 1. The shaded

area in each line indicates 25th and 75th percentile values of daily deaths. In each graph, the
vertical grey line indicates the first imported date of each variant (the B.1.1.529 Omicron, and a
new variant that mutates twice more). The red dotted lines represent the number of daily deaths

from influenza and pneumonia in Washington state in 2017, which is calculated to be 0.65 deaths
per day. See Appendix A.2.4 for the results of all twelve mutation scenarios from January 15,

2020.

scenarios, nine scenarios (with virus mutations S5, S6, and S8 to S12) satisfy the objective within

the error bar limits, as indicated by the circled markers in Figure 2.7. All nine scenarios have

Threshold NPI policies. Out of the 9 scenarios, 7 scenarios have the same periodic vaccination

willingness as the rate of the third booster vaccination. The remaining two scenarios have a 25%

reduced periodic vaccination rate (with virus mutations S9 and S12). In Figure 2.9F, in which the

virus mutation is S12, the periodic vaccination rate is reduced by 25%, and Threshold NPI policy is

applied, the lower error bar also satisfies the objective when converted to daily numbers, equating

to 0.65 daily deaths in the simulation period.

2.3.4 Discussion

In this study, we explore the role of hypothetical virus mutation, periodic vaccination, and NPI

policies on COVID-19 in a large urban area, King County, WA using an agent-based simulation
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Figure 2.9: The impact of NPI policies on daily deaths when the virus mutation scenario is S1 to
S3 and S10 to S12. Periodic vaccination willingness is assumed to reduce by 25% for each

additional dose. Shaded area in each line indicates 25th and 75th percentile values of daily deaths.
In each graph, the vertical grey line indicates the first imported date of each variant (the B.1.1.529

Omicron, and a new variant that mutates twice more). Red dotted lines represent the number of
daily deaths from influenza and pneumonia in Washington state in 2017, which is calculated to be

0.65 deaths per day. See Appendix A.2.4 for the results of twelve mutation scenarios from
January 15, 2020.

model. Our study highlights that the effect of increased periodic vaccination coverage on mor-

tality is heavily dependent on the concomitant evolution of immune evasion and is not significant

when SARS-CoV-2 mutates to substantially increase immune evasion. In contrast, the effect of

strengthening NPI policy is robust to viral mutation. Few scenarios meet the objective of reducing

COVID-19 mortality to or below the influenza and pneumonia mortality level by the end of 2023.

This raises concerns about managing ongoing COVID-19 community spread using strategies anal-

ogous to those for seasonal influenza.

Consistent with other modelling studies [43, 83], our results demonstrate that a novel SARS-

CoV-2 strain dominates its previous strain and drives new waves of infections when it has suffi-

ciently increased infectivity or immune evasiveness. Our model indicated that changes in relative

infectivity and immune evasiveness determine the dominance of new SARS-CoV-2 strains, irre-

spective of the mutation scenario. Furthermore, even with changes in vaccination rates and NPIs,
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the same dominance was observed, although the time to domination varied.

Our study finds that the majority of deaths comes from people aged 65 years or older, account-

ing for 67.4% to 81.9% of all deaths in our scenarios. This is in line with CDC’s initial decision to

recommend the 4th booster vaccine to individuals at high health risk. Furthermore, we observed

that increasing the rate of periodic vaccination can reduce the death toll by 27% to 45% as long as

the immune evasiveness of new variants remains the same or less than that of the B.1.1.529 Omi-

cron variant. An effective pan-coronavirus vaccine can reduce immune evasiveness and improve

protection. The implementation of updated bivalent COVID-19 vaccines, which are believed to

provide improved immune response [31, 91], is likely to contribute to reducing the death toll to

some extent.

As the COVID-19 pandemic continues, many are fatigued and reluctant to follow restrictive

NPI measures, such as social distancing and mask wearing. Now that the COVID-19 pandemic

is in its fourth year, our Threshold NPI policy that mostly returns to NPI stage 1, a strict policy,

or from late 2022 is likely to be impractical. The criterion in our Threshold policy is based on

the number of diagnoses suggested by the WA government before the widespread distribution of

vaccination [141]. Now that the disease severity of SARS-CoV-2 is lower, easing the threshold

criteria to implement a more relaxed Threshold policy might be a practical alternative.

Agent-based simulation has been employed in studies [83, 121, 125, 137] to account for hetero-

geneous individual behaviors and contact networks. Our model accounts for real-world evidence

of immune response to SARS-CoV-2 so that individuals’ level of immune response depends on

previous infection and vaccination history as well as variant type and disease outcomes (i.e., in-

fection or death). Moreover, our agent-based model captures individual heterogeneity in behaviors

such as mask wearing and compliance with social distancing, and risk factors such as age and co-

morbidity. Rather than approximating the effects of NPIs as a single variable that changes the force

of infection, a method commonly used in mathematical models for simplicity [18, 116, 136], we

separately model specific NPIs including social distancing, face mask use, school closure, testing,

contact tracing, and home quarantine.

Limitations exist in our model. Some of the virus mutation scenarios may not be biologically

feasible. For example, our most pessimistic mutation scenario (S1) that assumes the virus keeps

mutating to increase infectivity, increase immune evasiveness, and has the same disease severity

may be considered extreme. Our model assumes that the virus follows the same mutation path

every 6 months ignoring interactions between other factors. Research shows that high SARS-CoV-
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2 incidence rates [127] or infections in immunocompromised individuals [35] could impact the

pace and nature of mutation. Recent research has challenged our assumption that hybrid immunity

provides stronger protection than immunity generated through either infection or vaccination [30,

139]. Another study suggests that the presence of neutralizing antibodies, i.e., exposure to the

current strain of the virus, is a crucial determining factor in the level of immunity [57, 96].

Our model has simplified some individual behaviors. Individuals’ compliance with NPIs such

as face mask use or social distancing are assumed to be independent of vaccination behavior which

might not be true in reality [19, 29]. Future research should consider dynamic human behavior for

vaccination and NPIs. Our individuals’ vaccine willingness were based on their age and location,

but inclusion of other demographic characteristics such as educational status, sex, and political

affiliation may be beneficial for a more comprehensive analysis. While some research [104, 120].

highlights sex difference in behavioral responses and clinical characteristics, our study primarily

focused on age as a predominant factor influencing human behavior, including vaccination and

disease progression [37, 41, 79]. Due to the vast number of possible individual NPI scenarios, we

had to aggregate the NPIs to manage a feasible number of scenarios for analysis. We used our

previous research [86] to create reasonable aggregated NPIs and timelines.

While we count deaths due to COVID-19 in the simulation, counting excess deaths may give

different insights. Our results could overestimate mortality if better antiviral treatments are de-

veloped. Seasonal changes in transmissibility or contact patterns might affect the shape of the

infection waves. Our calibration was based on the original Wuhan virus and other variants’ disease

characteristics were based on literature review. We did not calibrate to the current time since our

objective was to deliver a broad message on the impact of changes in virus mutation scenarios and

vaccination and NPI policies on death toll, rather than predicting the exact outcomes in an urban

area.

In summary, our study provides estimated impacts of virus mutation, SARS-CoV-2 vaccination,

and NPI policies on COVID-19 outcomes using an agent-based simulation. The development of

pan-coronavirus vaccines with increased durability and protection has high potential in reducing

the death toll. NPIs are important not only because of their direct effect on reducing COVID-19

infections and deaths but also because of their indirect effect on hindering the emergence of variants

by reducing transmission. A dynamic, threshold approach to NPI policy is more effective than fixed

policies, implying the need to strengthen surveillance systems for timely reporting of SARS-CoV-2

infections and other communicable diseases with pandemic potential. Few scenarios reduce deaths
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from COVID-19 to or below the level of influenza and pneumonia by the end of 2023. However,

periodic vaccinations coupled with dynamic NPI policies may succeed in managing COVID-19 as

an endemic disease that is similar to seasonal influenza.

2.4 Conclusion

In this chapter, we developed and applied a large-scale agent-based simulation to identify op-

timal public health interventions that contains the COVID-19 pandemic while capturing hetero-

geneity in individual health behaviors and viral characteristics. To increase validity, our model

is parameterized with epidemiological data and is calibrated to a large urban area (e.g., greater

Seattle area) in 2020. In the first study, simulation results highlight the importance of high face

mask use compliance and social distancing in the absence of vaccination. Without widespread

distribution of vaccination, NPIs should be carefully relaxed to keep infections low. In the second

study, we identify optimal vaccination and NPI strategies, considering potential mutations. Our

findings highlight the advantages of pan-coronavirus vaccines that provides enhanced and longer-

lasting immunity. Regardless of viral mutations, the implementation of threshold NPIs, such as

mask mandates and social distancing, adaptively control the COVID-19 mortality risk. Reaching

influenza-level mortality remains challenging due to highly contagious variants in our scenario, but

combining improved pan-coronavirus booster shots with consistent stricter NPIs shows potential.

This research contribute to inform vaccination, NPI, and overall pandemic preparedness decisions.

Throughout the chapter, our first objective on designing optimal public health interventions to

minimize disease burden of COVID-19 pandemic is satisfied.
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Chapter 3

OPTIMIZING VACCINATION CAMPAIGN STRATEGIES
CONSIDERING SOCIETAL CHARACTERISTICS

Chapter 2 reinforced the importance of periodic vaccination, especially with vaccines demon-

strably effective in preventing infections and reducing disease severity. Yet, vaccine hesitancy

continues to be a significant public health challenge. While governments and pharmaceutical com-

panies invest in educational campaigns to promote vaccination, the impact of these campaigns is

variable and depends on target population characteristics and messaging strategies. This chapter

addresses research objective (2) by identifying optimal vaccination campaigns that may increase

vaccination uptake and improve public health.

I develop a networked compartmental model that integrates disease transmission dynamics,

evolving vaccination opinions, and targeted campaigns. This approach employs coupled dynamics,

evolutionary game theory, and social networks analysis to capture the complex interplay between

disease spread and shifting public attitudes toward vaccination. This work advances the modeling

of complex individual behavioral responses to vaccination campaigns, expanding upon research

that often assumes static vaccination behavior.

Results highlight that campaign effectiveness can range from highly effective to ineffective,

or may be unnecessary. This variability depends on societal characteristics like perceived vaccine

risks and how individuals balance evidence and social influence in their decision-making. Target

demographic groups also adapt to these societal characteristics. This study uses its compartmental

model to derive simple yet interpretable optimal campaign strategies, offering actionable insights

for real-world practice. The research highlights the importance of understanding societal dynamics

to maximize the impact of vaccination campaigns. This research is under review at the Health Care

Management Science journal as of May 2024 [84].

This chapter is organized as follows. Section 3.1 provides background on recent vaccination

campaign practices and reviews the literature on modeling vaccination behavior within the context

of disease epidemics. Section 3.2 provides an overview of the coupled dynamics, optimal vacci-

nation campaign formulation and algorithmic approaches, the numerical experiment setting, and
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a sensitivity analysis. Section 3.3 presents the findings of the sensitivity analysis regarding the

optimal vaccination campaign allocation and its effectiveness. Finally, Section 3.4 summarizes the

findings and discusses limitations and potential improvements for further research.

3.1 Introduction

Although vaccines are effective in preventing infections or reducing disease severity [62], en-

couraging individuals to get vaccinated is challenging. Individuals hesitate to receive vaccines

for various reasons, including effectiveness and safety concerns of vaccination, the inconvenience

associated with the vaccination process, and/or the impact of social influencers [88, 118].

In efforts to increase vaccine confidence and willingness, governments often launch public edu-

cation campaigns to promote vaccination. The impact of these campaigns, however, is not uniform

and depends on audience and messaging considerations. According to Steinert et al. [124], random-

ized controlled survey experiments revealed that the effectiveness of a vaccination campaign varies

across eight European countries due to different socio-demographic characteristics and country-

level factors. For example, in societies with high levels of misinformation and conspiracy beliefs,

messages emphasizing medical benefits may not be effective. In such cases, providing incentives

for vaccination or restricting the behavior of non-vaccinated individuals might be more successful.

Their findings highlight the importance of tailoring public messaging strategies to specific groups

based on their societal characteristics.

The communication channel (e.g., broadcasts, posters, social media influencer, and direct calls)

itself can impact the campaign outcomes as well. In the 2021 COVID-19 vaccination rollout, the

success of personalized approaches and word-of-mouth strategies in rural U.S. communities illus-

trates how tailored channels can be impactful in unique populations [14]. In a modeling study, Ho

et al. [59] demonstrates that optimizing vaccination incentives based on population characteristics,

such as cost sensitivity, can amplify the effectiveness of healthcare insurance incentive programs.

These examples emphasize the need for understanding ideal message, channel, and audience for

successful vaccination campaigns.

Modeling studies have explored the complex health-related behaviors, such as vaccination deci-

sions, in relation to disease epidemics [13, 42, 68, 72, 95, 151]. These models capture the interplay

between human behavior and epidemic, where disease outbreaks influence how people behave,

and changes in their behavior, in turn, affect the course of the epidemic. A common approach



39

to model this dynamic is recognizing that individuals make decisions based on multiple epidemic

factors, including perceived disease susceptibility and severity, and the health behavior’s perceived

benefits and barriers [32]. For example, Durham et al. [42] developed a mask-wearing decision

model during the 2003 Hong Kong SARS epidemic, which considered individuals’ perceptions

on susceptibility and severity to the epidemic, along with the perceived benefits and barriers of

mask-wearing.

Social interactions, alongside disease epidemic, influence health behaviors. This influence is

modeled by several approaches, often within the framework of social contagion, where individuals

imitate behaviors observed through their social connections [13, 68, 69, 151]. This theory assumes

that behaviors spread through networks similar to biological transmission. Consequently, estab-

lished disease transmission frameworks such as the Susceptible-Infectious (SI) or Susceptible-

Infectious-Susceptible (SIS) models are applied. For instance, Kandhway et al. [69] applied the

SIS and Susceptible-Infectious-Recovered (SIR) framework to model information spread with the

goal of maximizing diffusion. Their study tested campaigns like direct recruitment (converting

susceptible individuals directly into information-aware) and word-of-mouth incentives (encourag-

ing information-aware individuals to spread the message). Despite optimizing information spread

on simplified networks, the approach did not consider individual willingness to accept information.

Some studies integrate social contagion with game theory, where behaviors are contagious,

yet individuals have decision-making rationale in their adoption [13, 68, 150, 151]. Bauch [13]

introduced an evolutionary game-theoretic model where individuals mimic the decisions of vacci-

nated individuals through an SI process, and the vaccination behavior change probability is game-

theoretic, dependent on perceived risks of illness and vaccine side effects. This approach combines

social influence and individual rationality in vaccination decision. Building upon this, Yin et al.

[151] refined the model by considering their social neighbors’ vaccination decisions within the

game-theoretic component. Kabir et al. [68] further expanded the model by considering social

influence across individual, neighborhood, and societal levels.

Studies above do not account for how to best distribute resources for optimal vaccination cam-

paigns. Current allocation research focuses on applying and advancing operations research meth-

ods to manage resource constraints, but assumes individuals’ willingness to vaccinate remains

constant [73, 89, 128]. This approach overlooks the importance of dynamic vaccination behavior

in designing effective resource allocation strategies. While areas like politics and marketing use

models to optimize resource allocation and influence behavior [6, 45, 69], these models often lack
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the evolving behavior dynamics and are optimized for simple, randomly generated social networks.

This limits their applicability to health policy problems, where individual characteristics such as

demographics play a crucial role in outcomes.

Our model integrates the coupled dynamics of disease transmission and vaccination opinion

propagation. Given an initial lack of interest in vaccinations, our campaign, similar to word-of-

mouth incentives proposed by Kandhway et al. [69], incentivizes vaccinated individuals to promote

vaccination within their social networks. This sharing, whether through conversations or social me-

dia posts, aims to stimulate consideration of vaccination. While this sharing can trigger thoughts

on vaccination, the persuasiveness of the pro-vaccination message that leads to vaccination behav-

ior change depends on multiple factors, such as the current epidemic, vaccination risk perceptions,

and vaccination coverage.

Our objective is to identify optimal vaccination campaigns targeting specific geographic regions

and age ranges that maximize overall health benefits. While the model is applicable to any infec-

tious disease and vaccination setting, we evaluate and calibrate it specifically for the COVID-19

bivalent booster vaccination campaign in King County, WA in 2023. We discuss societal char-

acteristics that make the model’s vaccination campaigns most effective. We also identify optimal

demographic targets and emphasize the critical role of tailoring messaging and campaigns to vary-

ing societal conditions.

3.2 Methods

3.2.1 Coupled dynamics model on disease transmission and vaccination opinion propagation

The dynamics of disease transmission and vaccination opinion propagation are modeled using

a compartmental model, as illustrated in Figure 3.1. The model is based on ordinary differential

equations as in Eqs. (3.1).

The model is stratified by four disease compartments, two vaccination opinion compartments,

and n demographic groups, resulting in a total of 8n compartments. The disease compartments

include susceptible (S), infectious (I), recovered (R), and deceased (D) individuals. The vaccina-

tion opinion compartments are represented as A, indicating individuals who are anti-vaccination

and therefore not vaccinated, and P, representing individuals who are pro-vaccination and have

received the vaccination. The n demographic groups combine geographic regions and age ranges.

The state variables are represented as the number of susceptible/infectious/recovered/deceased
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(S, I,R,D) individuals who hold either anti- or pro-vaccination opinion (A,P) in group i, where

i = 1, . . . ,n. Table 3.1 lists the state variables and aggregations.

The dynamics of disease transmission follow a Susceptible-Infectious-Recovered-Deceased-

Susceptible (SIRDS) model. In group i, susceptible individuals (SA
i (t) and SP

i (t)) can become

infected (IA
i (t) and IP

i (t)) at the force of infection λ A
i (t) and λ P

i (t), respectively at time t. Recovered

individuals (RA
i (t) and RP

i (t)) can lose their immunity and revert to a susceptible state (SA
i (t) and

SP
i (t)) at immunity loss rates ζ A

i and ζ P
i , respectively. Infected individuals (IA

i (t) and IP
i (t)) may

recover (RA
i (t) and RP

i (t)) at recovery rates γA
i and γP

i , respectively, or die (DA
i (t) and DP

i (t)) at

mortality rates µA
i and µP

i , respectively.

Opinion propagation in the model occurs via transitions from anti-vaccination (A) compart-

ments to pro-vaccination (P) compartments. We conceptualize this process as a social contagion,

where individuals’ vaccination opinions change through social interactions. Similar to infection

spread, our model uses an SI mechanism, where “S” represents anti-vaccination individuals and

“I” represents pro-vaccination individuals who share opinions. The force of opinion propagation

indicates the rate at which anti-vaccination individuals become pro vaccination through opinion

sharing. In this context, individuals holding anti-vaccination opinions in group i (SA
i (t) or RA

i (t))

can become pro vaccination (SP
i (t) or RP

i (t)) at the force of opinion propagation θi(x, t) at time

t given a vaccination campaign x. Here, x = (x1, . . . ,xn) ∈ Zn represents a vaccination campaign

where xi is the number of incentivized pro-vaccinators in group i that share their opinion with their

neighbors. We use game theory to capture the dynamic force of opinion propagation θi(x, t) in

vaccination opinions. Further details in the formulation of θi(x, t) are discussed in Section 3.2.1.

We additionally assume that individuals do not change their vaccination opinion while they

are infectious (IA
i (t)). We also assume that the supply for vaccines is sufficient so that individuals

who switch from anti- to pro-vaccination immediately receive the vaccine. Once vaccinated, the

probability of getting infected, recovering, or dying from the disease is reduced, with respective

rates of λ P
i (t), γP

i , and µP
i . We further assume that individuals who have adopted a pro-vaccination

stance do not transition to an anti-vaccination stance within our time horizon.

Details on both disease and opinion progression parameters are explained in their respective

sections (Sections 3.2.1 and 3.2.1), with corresponding notation provided in Table 3.2.
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SA
i (t) IA

i (t) RA
i (t)

DA
i (t)

λ A
i (t) γA

i

µA
i

SP
i (t) IP

i (t) RP
i (t)

DP
i (t)

λ P
i (t) γP

i

µP
i

θi(x, t) θi(x, t)ζ A
i

ζ P
i

Figure 3.1: Diagram of the coupled dynamics model for group i given vaccination campaign x at
time t. Notation is given in Tables 3.1 and 3.2.

The differential equations modeling the coupled dynamics are

dSA
i (t)
dt

=−λ
A
i (t)S

A
i (t)−θi(x, t)SA

i (t)+ζ
A
i RA

i (t),

dSP
i (t)
dt

=−λ
P
i (t)S

P
i (t)+θi(x, t)SA

i (t)−ζ
P
i RP

i (t),

dIA
i (t)
dt

= λ
A
i (t)S

A
i (t)− γ

A
i IA

i (t)−µ
A
i IA

i (t),

dIP
i (t)
dt

= λ
P
i (t)S

P
i (t)− γ

P
i IP

i (t)−µ
P
i IP

i (t),

dRA
i (t)
dt

= γ
A
i IA

i (t)−θi(x, t)RA
i (t)−ζ

A
i RA

i (t),

dRP
i (t)
dt

= γ
P
i IP

i (t)+θi(x, t)RA
i (t)+ζ

P
i RP

i (t),

dDA
i (t)

dt
= µ

A
i IA

i (t),

dDP
i (t)

dt
= µ

P
i IP

i (t)

(3.1)

where 0 ≤ t ≤ T and x ∈ Zn.

Disease transmission parameters

Disease transmission parameters are given in Table 3.2. The force of infection for unvaccinated,

anti-vaccination individuals in group i at time t, denoted as λ A
i (t), is the rate at which susceptible
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SA
i (t),I

A
i (t), RA

i (t), DA
i (t) Number of susceptible, infectious, recovered, deceased

individuals that have anti-vaccination opinion in group i
at time t

SP
i (t), IP

i (t), RP
i (t), DP

i (t) Number of susceptible, infectious, recovered, deceased
individuals that have pro-vaccination opinion in group i
at time t

Ai(t) Number of anti-vaccination individuals in group i at time
t, i.e., Ai(t) = SA

i (t)+ IA
i (t)+RA

i (t)
Pi(t) Number of pro-vaccination individuals in group i at time

t, i.e., Pi(t) = SP
i (t)+ IP

i (t)+RP
i (t)

Ni(t) Total population in group i at time t,
i.e., Ni(t) = SA

i (t)+ IA
i (t)+RA

i (t)+SP
i (t)+ IP

i (t)+RP
i (t)

Table 3.1: Description of state variables and aggregations

individuals become infected. Similar to literature [53, 154], the rate is formulated as

λ
A
i (t) =

n

∑
j=1

β ·Ci j ·
∑

n
k=1Ck j(IA

k (t)+ IP
k (t))

∑
n
k=1Ck jNk(t)

(3.2)

where β is the transmission rate of infectious individuals (i.e., average number of infected individ-

uals per infectious individual), and Ci j is the probability that an individual in group i comes in phys-

ical contact with an individual in group j. The force of infection for vaccinated, pro-vaccination

individuals in group i at time t, denoted as λ P
i (t), is formulated as

λ
P
i (t) = vβ λ

A
i (t)

where vβ is the susceptibility reduction factor when vaccinated.

Individuals acquire immunity through natural disease or vaccination. The immunity loss rate

is assumed to be the same for vaccinated and unvaccinated individuals. The rate is given as

ζ
A
i = ζ

P
i = τ

−1
m

where τm is the average number of days from recovery to become susceptible.

The recovery rate for unvaccinated individuals in group i, denoted as γA
i , is assumed to be the
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same for vaccinated individuals, and is given as

γ
A
i = γ

P
i = (1−αri) · τ−1

r

where α is the infection-fatality rate of a reference group (e.g., ages 18 to 29 years), ri is group i’s

mortality risk compared to the reference group, and τr is the average number of days from infection

to recovery.

The mortality rate for unvaccinated individuals in group i, denoted as µA
i , is given as

µ
A
i = (αri) · τ−1

d

where τd represents the average number of days from infection to death. The mortality rate for

vaccinated individuals in group i, denoted as µP
i , is given as

µ
P
i = vdµ

A
i

where vd is the mortality reduction factor when vaccinated.

Force of opinion propagation θi(x, t)

We model opinion propagation as an SI process, where unvaccinated, anti-vaccination individ-

uals in group i transition to vaccinate, pro-vaccinators at a force of opinion propagation θi(x, t) at

time t with a vaccination campaign x. The force of opinion propagation is modeled to parallel the

force of infection (Eq. (3.2)). That is,

θi(x, t) =
n

∑
j=1

(o ·ηi(t)) ·Oi j ·
∑

n
k=1 Ok j(φPk(t)+ xk)

∑
n
k=1 Ok jNk(t)

(3.3)

where o is the average daily vaccination opinion sharing contacts per individual, ηi(t) is the prob-

ability of accepting pro-vaccination opinions for individuals in group i, and Oi j is the probability

that an individual in group i comes in communication contact with an individual in group j. We let

φ denote the proportion of pro-vaccinators who voluntarily share their opinions. Within a vacci-

nation campaign vector x = (x1, . . . ,xn), xk represents the number of incentivized pro-vaccinators

in group k that share opinions with their neighbors. Thus, (φPk(t)+ xk) indicates the number of
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Disease related parameters

Disease transmission parameters

λ A
i (t) Force of infection for disease transmission when unvaccinated in group i at time t

λ P
i (t) Force of infection for disease transmission when vaccinated in group i at time t

ζ A
i Immunity loss rate when unvaccinated in group i

ζ P
i Immunity loss rate when vaccinated in group i

γA
i Recovery rate when unvaccinated in group i

γP
i Recovery rate when vaccinated in group i

µA
i Mortality rate when unvaccinated in group i

µP
i Mortality rate when vaccinated in group i

Input disease parameters

Ci j Probability that an individual in group i comes in physical contact with an individual in group j
β Average number of infected individuals through contact with one infectious person
vβ Susceptibility reduction factor when vaccinated
vd Mortality reduction factor when vaccinated
τm Average days from recovery to become susceptible
τr Average days from infection to recovery
τd Average days from infection to death
α Infection-fatality rate of a reference group
ri Relative mortality risk ratios in group i compared to a reference group

Opinion related parameters

θi(x, t) Force of opinion propagation in group i at time t with campaign x

Intermediate parameters used in force of opinion propagation θi(x, t)

ηi(t) Opinion persuasiveness of an individual in group i accepting pro-vaccination opinion at time t
JR

i (t) Vaccination probability of group i due to evidence-based factor at time t
JE

i (t) Vaccination probability of group i due to social influence factor at time t
Bi(t) Perceived benefits of vaccination in group i at time t

Input opinion parameters

Oi j Probability that an individual in group i comes in communication contact with an individual in group j
o Average daily vaccination opinion sharing contacts per individual
φ Initial proportion of pro-vaccine individuals who voluntarily share opinions
ρ Relative weighting on social influence factor in vaccination decision (ranges from purely evidence-based

at 0 to purely driven by social influence at 1)
ν Perceived risk of vaccination
kR Sensitivity of evidence-based factor to vaccination probability
kE Sensitivity of social influence factor to vaccination probability

Table 3.2: Description of disease and opinion related parameters



46

pro-vaccinators in group k who share their opinions with their neighbors at time t.

While Eq. (3.3) shares a similar structure with Eq. (3.2), both capturing a contagion process,

there exists a distinction. Unlike disease transmission, which is typically modeled with a constant

transmission rate β , individuals’ decisions to vaccinate involve complex considerations beyond a

single transmission rate. To account for this complexity, we introduce ηi(t), the probability that

an anti-vaccinated individual in group i is persuaded by opinion sharing to change their stance

and get vaccinated. We term this concept “opinion persuasiveness,” which parallels the notion of

susceptibility to infection in disease models.

The opinion persuasiveness ηi(t) is modeled by both evidence-based and social influence fac-

tors in vaccination behavior. This approach draws inspiration from the evolutionary game theoretic

framework presented in Yin et al. [151], and is expressed as

ηi(t) = (1−ρ) · JR
i (ν , t)+ρ · JE

i (t) (3.4)

where ρ is relative weighting on social influence factor in vaccination decisions, JR
i (ν , t) is the

probability of an individual in group i choosing vaccination due to evidence-based factor at time

t, and JE
i (t) is the probability of an individual in group i choosing vaccination due to social influ-

ence factor at time t. Thus, when ρ = 0, individuals rely solely on evidence-based factor in their

vaccination decision, whereas when ρ = 1, they base the decision purely on social influence factor.

When ρ = 0.5, individuals consider both both evidence-based and social influence factors.

The vaccination probability due to evidence-based factor JR
i (ν , t) is modeled by comparing the

perceived benefits and risks of vaccination. We model that the primary benefit lies in the reduction

of mortality risk from the current epidemic, driven by the vaccine’s effectiveness in preventing both

infection and deaths. Perceived vaccine risk includes direct risks (the probability of experiencing

vaccine side effects) and indirect risks (factors like vaccination costs and potential supply issues).

To translate this risk-benefit assessment into a probability between 0 and 1, a logistic regression

transition is employed. That is,

JR
i (ν , t) =

1
1+ exp{−(1/kR) · (Bi(t)−ν)}

where kR is the sensitivity of evidence-based factor, with a higher value indicating a greater respon-

siveness to changes in evidence-based factor, Bi(t) is the perceived benefit, and ν is the perceived
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vaccine risk that we assume is constant in the model. The perceived benefit in [151] focuses on

infection risk, whereas our model focuses on the difference in mortality risk between vaccinated

and unvaccinated states in the current epidemic, and is formulated as

Bi(t) =
µA

i ·
(
λ A

i (t)S
A
i (t)+ IA

i (t)
)

Ai(t)
−

µP
i ·

(
λ P

i (t)S
P
i (t)+ IP

i (t)
)

Pi(t)
.

The vaccination probability due to social influence factor JE
i (t) considers social influence,

where individuals are more inclined to vaccinate if others within their demographic group do so.

Thus, JE
i (t) is expressed as

JE
i (t) =

1
1+ exp{−(1/kE) · (Pi(t)−Ai(t)/Ni(t))}

where kE is the sensitivity of social influence factor, with a higher value indicating a greater respon-

siveness to changes in social influence factor. The expression Pi(t)−Ai(t) measures the difference

between the pro-vaccination and anti-vaccination population within the group. This difference is

then normalized by the group’s total population, Ni(t), to determine its relative size.

Using our evidence-based and social influence model, when individuals rely solely on evidence-

based factor (ρ = 0), vaccination opinion persuasiveness ηi(t) increases with higher vaccination

benefits, through greater reductions in mortality risk and lower perceived risks of vaccination. With

purely social influence factor (ρ = 1), persuasiveness increases with rising vaccination rates within

their demographic group. In a balanced approach (ρ = 0.5), persuasiveness increases with reduced

mortality risk, lower perceived risk, and greater vaccination rates within their social group.

3.2.2 Optimal vaccination campaign

With the coupled dynamics of disease transmission and vaccination opinion propagation, we

seek an optimal vaccination campaign by incentivizing pro-vaccinators in specific demographic

groups to share opinions. With a vaccination campaign x, the opinion sharing population increases,

as in Eq. (3.3), which directly strengthens the force of opinion propagation θi(x, t), and thus

increases the pro-vaccination population.

Our goal is to maximize the overall health benefits in a community by strategically allocating

vaccination campaign resources across different groups. We denote the health objective function

as f (x), and quantify this as the increase in the overall pro-vaccination population percentage by
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the end of the time horizon. The increase in pro-vaccination population in group i is denoted as

∆Pi(x;T ), and is defined as the difference between the pro-vaccination population of group i with

campaign x at time T (Pi(x;T )) and the pro-vaccination population at the same time point with no

campaign Pi(nc;T ). That is,

∆Pi(x;T ) = Pi(x;T )−Pi(nc;T ).

We denote the total population in group i at time T under campaign x as Ni(x;T ). Therefore, our

health objective is expressed as

f (x) =
∑

n
i=1 ∆Pi(x;T )

∑
n
i=1 Ni(x;T )

. (3.5)

Finally, the optimization problem is formulated as follows:

max
x

f (x) (P)

s.t.
n

∑
i=1

xi =C

x ∈ Zn

where C is the total number of pro-vaccinators that is incentivized to share their opinion with

neighbors, and x is a vector of integers.

Policy identification

The vaccination campaign problem involves nonlinear dynamics with integer decision vari-

ables. After experimenting with various black-box optimization approaches, including the trust-

region algorithm and genetic algorithm for constrained optimization (as implemented in scipy

package [138]), we found that a two-stage coarse grid search was easily explainable and con-

sistently produced the same or better solutions. Therefore, we have opted for this approach in our

analysis.

In the two-stage coarse grid search approach, we leverage the fact that our group is stratified

by geographic region and age ranges. In the first stage, we optimize allocation for each geo-

graphic region and age group independently. The total budget C is discretized into 10% units. In

the region-wise approach, we evaluate all possible allocation schemes within the budget, and for
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each geographic region, distribute the allocation evenly across age ranges within that region. We

then identify the top 10 strategies in the region-wise approach that maximize the problem in Eq.

(P). Similarly, all possible age-wise allocations are evaluated, assuming equal allocation across

geographic regions, and identify the top 10 age-wise allocation strategies.

In the second stage, we take the cross product of the top 10 allocation schemes for region-wise

and the top 10 allocation for age-wise allocation, generating 100 potential allocation strategies.

Thus, each demographic group’s final allocation is determined by multiplying its relative weight-

ings derived from both geographic region and age factors. To ensure comprehensiveness, we in-

clude additional allocations that fully dedicate the campaign budget C to a single demographic

group, adding at most n additional potential strategies. All potential allocation schemes are then

evaluated to determine the best vaccination campaign allocation.

This approach effectively reduces the problem complexity, which would have a significantly

larger number of potential solutions if we had to consider all region and age combinations.

3.2.3 Numerical experiment

Model setting We conduct numerical experiments using data from King County, Washington

in the context of the 2023 COVID-19 epidemic with the bivalent booster vaccination. The model

runs for one year (T = 365) from January 1, 2023, to December 31, 2023 with a daily transition

time t. The first two months (January and February) are the calibration period. The remaining

months from March to December 2023 are simulated with a vaccination campaign x. The total

campaign resources are C = 20,000 individuals to incentivize for opinion sharing, which is around

1% of the total population in King County.

The population is segmented into n = 25 groups (5 geographic regions and 5 age ranges).

King County’s ten county subdivisions [108] were grouped into five geographic regions based on

both population size and geographic proximity. Ordered by population size, the region groups are

Seattle, Seattle East, Federal Way-Auburn-Vashon Island, Issaquah Plateau-Tahoma-Maple Valley,

and Enumclaw Plateau-Snoqualmie Valley. The population is also divided into five age ranges:

under 18, 18-34, 35-49, 50-64, and 65 and over. For clarity, results are presented using ‘region,

age’ group pairs instead of numeric group i. For example, group (1,3) represents Seattle region and

age range 35-49 population.

The interactions among these groups are captured by two parameters: physical connectedness

(Ci j), governing disease transmission, and opinion sharedness (Oi j), governing opinion propaga-
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tion. To model physical connectedness, a 25×25 matrix CBase
i j was constructed using the Kronecker

product of 5× 5 regional contact matrix GBase and 5× 5 age-wise contact matrix ABase. The re-

gional contact matrix GBase was derived from SafeGraph’s mobility phone data [70, 119], and the

age-wise contact matrix ABase was based on the United States age-to-age contact patterns sourced

from literature [114]. Due to a lack of data on shared opinions across regions and age groups, the

base case opinion sharing matrix OBase
i j was assumed to generally follow the structure of CBase

i j , with

the exception that the opinions of children (under 18) do not influence those of older individuals.

For more in-depth details on these calculations, refer to Appendix B.1.

Model calibration During the calibration period (January-February), we calibrate four disease

related parameters (α,β ,τm,s(0)) and two opinion related parameters (o,φ ). The parameter s(0)

is the initial susceptible population percentage and is assumed to be the same across all groups

(i.e., s(0) = SA
i (0)/NA

i (0) = SP
i (0)/NP

i (0) for all i). The target data comprises eight weekly data

on bivalent booster vaccination rate by three age ranges [24], infectious percentage [11, 65, 140],

and cumulative deaths [140]. We employed Latin Hypercube Sampling [102] to explore 5,000

parameter sets and identify parameter sets that minimize the mean absolute errors between model

outcomes and observed data. Figure 3.2 shows the calibration results. As another check, the 6.7%

increase in the simulated vaccination uptake at the end of October without any campaign is similar

to observed data of 6.1% increase [24].

Figure 3.2: Calibration results.

Model execution The model was solved using the deterministic ordinary differential equation

solver odeint in the Python scipy package [138]. The data and model used in this research are

available on GitHub (https://github.com/serinlee/Vaccination-Campaign). For further

details regarding the model settings and calibration, please refer to Appendix B.

https://github.com/serinlee/Vaccination-Campaign
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3.2.4 Sensitivity Analysis

Our model includes several parameters that are meaningful but were estimated or calibrated

due to limited real-world data. Thus, we conduct a sensitivity analysis on these parameters, as

outlined in Table 3.3.

A crucial parameter influencing vaccination behavior is the force of opinion propagation, de-

noted as θi(x, t). This rate, as shown in Eq. (3.3), is directly affected by opinion persuasiveness

ηi(t) which in turn depends on four key societal vaccination opinion parameters: perceived vac-

cine risk ν , weighting on social influence factor ρ , sensitivity to evidence-based factor kR, and

sensitivity to social influence factor kE . We place particular emphasis on the key roles of ν and ρ

in opinion formation. To explore their combined impact, we conduct a two-way sensitivity anal-

ysis for these parameters. Separate one-way sensitivity analyses are performed for the remaining

parameters kR and kE .

Two-way sensitivity analysis of ν and ρ

We perform a two-way sensitivity analysis of ν and ρ across the ranges in Table 3.3 while

setting other parameters at their base values. We ensure realistic experiments by assuming that

the upper limit of the perceived risk of vaccination (ν) is set below the initial mortality risk for

vaccinated individuals in all groups (i.e., ν ≤ maxi∈[1,n]
[
µP

i ·
(
λ P

i (0)S
P
i (0)+ IP

i (0)
)
/Pi(0)

]
).

Parameter Base Sensitivity Analysis

Lower Upper

ν 0.00015 0 0.0003
ρ 0.5 0 1
C 20,000 10,000 50,000
kR 1/20000 1/25000 1/15000
kE 1/12 1/15 1/9
Oi j OBase

i j OOnline
i j

Objective func-
tion to maximize
in Eq. (P)

Vaccination rate in-
crease (Eq. (3.5))

Averted deaths (Eq. (3.6))
Minimum vaccination rate increase
across groups (Eq. (3.7))

Table 3.3: Parameters influencing vaccination opinion dynamics, including base values and
ranges for sensitivity analysis.
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One-way sensitivity analysis

In the one-way sensitivity analysis, we vary the parameter values specified in Table 3.3, includ-

ing the campaign budget (C), vaccination judgment sensitivity parameters (kR, kE), the opinion

sharing matrix (Oi j), and the objective function to maximize in Eq. (P).

Since the base case value of C = 20,000 was chosen as approximately 1% of the population of

King County, we examine C = 10,000 and C = 50,000 in the one-way sensitivity analysis. The

lower and upper values of kR (1/25000 to 1/15000) and kE (1/9 to 1/15) are adjusted to ensure

plausible 5-10% vaccination increases under a “no campaign” scenario at the end of 2023.

Considering that the campaign can target online social media, we replace the base case opinion

sharing matrix OBase
i j with a new matrix OOnline

i j . This new matrix incorporates online social network

data, including the Facebook Social Connectedness Index [10] for regional connectivity GOnline

and social media usage statistics by age range [20, 112] to construct an age-wise contact matrix

AOnline. The alternative opinion sharing matrix reveals a stronger opinion influence in Region 1

and among age ranges 18-49, but a weaker influence in Region 2 and among age ranges 0-17 and

65+ compared to the original opinion sharing matrix. See Appendix B.1 for details.

In addition to the original objective function of the overall vaccination rate increase, Eq. (3.5),

we introduce two additional objective functions. The objective function of overall averted deaths

is expressed as
n

∑
i=1

∆Di(x;T )

where ∆Di(x;T ) = Di(x;T )−Di(nc;T ).

(3.6)

Another objective function is the minimum increase in vaccination uptake rate across all groups

to ensure equitable outcomes. This objective function is formulated as

min
i∈[1,n]

{∆Pi(x;T )
Ni(x;T )

}. (3.7)
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3.3 Result

3.3.1 Two-way sensitivity analysis of ν and ρ

Optimal vaccination campaign effects

Societal characteristics like perceived risk ν and the weighting on social influence factor ρ im-

pact vaccination uptake increase, a measure of campaign effectiveness defined by Eq. (3.5). Figure

3.3 shows how these characteristics affect the changes in the vaccinated population over time, both

with and without an optimal campaign. The shaded region in Figure 3.3 visually represents the

difference in vaccination rates between scenarios with and without the campaign. The difference

between these quantities at the end of the simulation’s time horizon directly indicates the optimal

campaign’s effectiveness Eq. (3.5).

The campaign is most effective when society has moderate levels of perceived vaccine risk

and balanced considerations on both evidence-based and social influence in their decision-making

(Figure 3.3e). In this case, the campaign leads to a 19.7% absolute increase in the total vaccinated

population percentage by the end of the time horizon. When individuals base decisions solely on

social influence factor (Figures 3.3c, 3.3f, 3.3i), the optimal campaign boosts vaccination rates by

10.6% in societies. Since these decisions depend entirely on group vaccination rates, perceived

vaccine risk becomes irrelevant, explaining the identical results across the values of ρ .

There are two circumstances where the campaign has limited impact. The first case is when the

vaccination uptake is high without any campaign effects, in which case a campaign is unnecessary.

In our model, this occurs when the perceived risk is low and evidence-based factor is considered

(Figures 3.3a, 3.3b). In this case, the voluntary opinion sharing activity from φ percentage of pro-

vaccinated individuals in persuasiveness is sufficient to convince most anti-vaccinated individuals

to vaccinate, limiting the campaign’s potential for additional impact.

The second case when a vaccination campaign is ineffective occurs when the perceived vaccine

risk is high and individuals only consider evidence-based factor (Figure 3.3g). In this case, indi-

viduals are less likely to be persuaded with vaccination opinions due to high concerns regarding

vaccination. Since the campaign increases the opinion sharing population by giving incentives, if

the persuasiveness is low, simply promoting vaccination has limited impact on changing behavior.

This highlights the need to reduce perceived vaccine risk through messaging.
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Figure 3.3: Vaccinated population percentage without any campaign and with optimal campaign
while varying perceived vaccine risk (ν) and social influence importance (ρ), as in Table 3.3.
Dashed lines represent values with no campaign, solid lines represent the optimal campaign

results, and the shaded area between them visually represents the changes in values.

Optimal vaccination campaign allocation

As described in Section 3.2.2, our resource allocation strategy combines region-wise and age-

wise factors, using a cross-product approach to determine the percentage of campaign resources

dedicated to each region and age range. Figure 3.4 illustrates the allocation outcomes using this

structure, with the same parameter settings in ν and ρ as in Figure 3.3. For example, in Figure

3.4a, when ν = 0 and ρ = 0, the group (Region 1, Age 0-17) receives 25% of the total resources

(50%×50% = 25%), while the group (Region 3, Age 35-49) receives 0% (10%×0% = 0%). With

C = 20,000 total resources, the group (Region 1, Age 0-17) gains 5,000 opinion sharers, whereas

the group (Region 3, Age 35-49) gains none.

As the perceived vaccine risk increases, the campaign’s optimal targeting shifts from 50% of

Age 0-17 and 50% of Age 18-34 to 100% of Age 35-49. This allocation leverages the higher

opinion persuasiveness of the individuals aged 35-49, stemming from their increased mortality

risk and vaccination rate, compared to individuals under age 35. Additionally, this age range have
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strong opinion sharing connections with those aged 35 and over (see Figure B.1.2 in Appendix

B), amplifying their influence on older demographics. While individuals under age 35 have strong

opinion sharing networks, these connections are largely concentrated within their own age range,

limiting their ability to influence older individuals. Due to the increasing difficulty of persuading

those under 35 as perceived risk rises, campaign resources focus on the 35-49 age range where the

potential for vaccination behavior change is greater. Although the 50-64 and 65+ age ranges do not

receive direct campaign allocations due to their limited opinion sharing connections, focusing on

the 35-49 age range indirectly promotes vaccination uptake within these older age ranges through

social connections.

Overall, Region 1, with the highest population density, naturally receives the largest share of

resources. However, when vaccination opinions are highly persuasive, such as in Figures 3.4a,

3.4b, resources are shifted towards lower-density Regions 2 and 3. In such contexts, Region

1’s high social connectivity leads to faster vaccination uptake without needing all the resources.

Meanwhile, less-populated regions need additional support to boost their vaccination rates through

increased opinion sharing activities. Even though these regions might have lower influence on

opinion spreading, directly allocating resources to these regions ultimately leads to the greatest

overall increase in vaccination coverage.

Similarly, distributing resources between Regions 1 and 2 is more advantageous over focusing

on Region 1 in some scenarios (Figures 3.4c, 3.4f, 3.4h, 3.4i). With Region 2 representing a 28%

of the total population in King County, compared to Region 1’s 51%, directing some resources

to Region 2 facilitates a notable increase in vaccination uptake within that region. This strategic

approach effectively balances the needs of both regions, leading to a greater overall improvement

in vaccination rates rather than focusing exclusively on Region 1.

3.3.2 One-way sensitivity analysis

Figure 3.5 displays the results of one-way sensitivity analysis on parameters C, kR, kE , Oi j

and objective function, as listed in Table 3.3. The left panel shows the absolute percent change in

vaccination rates compared to a base case (see Table 3.3). This base case is illustrated in Figure 3.3e

and Figure 3.4e, where baseline campaign effectiveness is 19.7% and 100% of campaign resources

are allocated to group (Region 1, Age 18-34). The right panel shows the optimal allocation by

geographic region and age ranges with varying parameters.

Impact of campaign budget (C) Reducing the campaign budget from 20,000 to 10,000 re-



56

Figure 3.4: The optimal campaign resource allocation by region and age ranges, respectively,
while varying societal vaccination opinion characteristics outlined in Table 3.3. The final

allocation for each group is calculated by multiplying its region distribution percentage by its age
distribution percentage. For example, in (a), the group (Region 1, Age 0-17) receives 25% of the

total resources (50%×50% = 25%), while the group (Region 3, Age 35-49) receives 0%
(10%×0% = 0%).

duces the campaign effectiveness by 11% while the original allocation strategy is maintained. In-

creasing the budget to 50,000 boosts vaccination uptake by 12% more than the base case. With

greater resources available, 40% of the budget is allocated to Region 2 in regional distribution, and

10% is allocated to the age group of 0-17 in age-wise distribution. This allocation strategy aligns

with the approach in Figures 3.4a and 3.4b, where allocating resources to less effective groups

maximizes overall uptake.

Impact of sensitivity to evidence-based factor (kR) and social influence factor (kE) When

society is more sensitive to changes in evidence-based factor (kR = 1/15000), the population is

more easily persuaded towards vaccination as the vaccine offers high benefits, owing to high vac-

cine effectiveness in our setting. In this scenario, vaccination campaigns can boost the vaccination

rate by an additional 3% compared to the base case. When sensitivity to evidence-based factor

is low (kR = 1/25000), overall opinion shifts more slowly, particularly among those aged under

35. This leads to a slower vaccination uptake, with an 8% decrease compared to the base case. In

such scenario, resources are reallocated to prioritize older age ranges, who are more likely to be

persuaded and get vaccinated.

Similarly, with high sensitivity to social influence factor (kE = 1/9), vaccination uptake nat-

urally increases at a faster rate even without a campaign. An optimal campaign, with 40% of
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resources allocated to Region 2, benefits from this faster vaccination uptake trend, leading to an

additional 2% campaign effectiveness. Low sensitivity to social influence factor (kE = 1/15) re-

sults in slower overall vaccination uptake change. With the the same resource allocation as in the

base case, the campaign effectiveness decreases by 4% from the base case.

Impact of changing opinion sharing matrix Oi j Leveraging online social network data for

the opinion sharing matrix OOnline
i j reveals stronger opinion sharing power of group (Region 1, Age

18-49) compared to the baseline OBase
i j . While both matrices yield the same budget allocation,

using the online sharing matrix results in a 2% increase in campaign effectiveness, due to a greater

opinion influence.

Impact of changing objective functions When the objective shifts towards maximizing averted

deaths, the allocation shifts towards the 35-49 age range, as they actively spread opinion to older

individuals (50 and over). Despite a decrease in overall vaccination uptake (2%), this allocation

change results in slightly more lives saved (0.7 person deaths averted).

When the objective is to maximize the minimum vaccination rate increase among groups, the

total vaccinated population decreases by 16% compared to the base case. Although overall cam-

paign effectiveness decreases, this approach ensures a more equitable distribution of campaign

benefits between groups. The base case allocation results in uneven health benefits. Group (Re-

gion 1, Age 18-34) gains the biggest vaccination uptake increase (52.4%), while groups (Regions

4 and 5, Age 0-17) experience minimal gains (0.5% increase). To address this disparity, resources

are distributed more broadly across geographic regions and age ranges using the objective function

Eq. (3.7). This redistribution leads to more equitable campaign benefits, with a largest vaccina-

tion uptake increase of 25.7% in group (Region 2, Age 50-64) and a smallest vaccination uptake

increase of 1.4% in groups (Region 4 and 5, Age 18-34).

3.4 Conclusion

Our research explores the dynamic interplay between disease transmission, opinion dynamics,

and the effectiveness of vaccination campaigns. By accounting for dynamic vaccination behav-

ior, we aim to develop more effective and targeted strategies for allocating vaccination resources.

We find that understanding societal characteristics like perceived vaccine risk and the public’s

decision-making approach (evidence-based or social influence) is essential for successful cam-

paigns. Results predict that the model’s campaigns can influence vaccination decisions but the
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Figure 3.5: One-way sensitivity analysis results with parameters C,kR,kE , Oi j, and the objective
function, as shown in Table 3.3. The left panel shows the absolute percent changes in vaccination
population uptake and the right panel illustrates the optimal allocation by geographic region and

age ranges when varying the parameters.

campaign effectiveness depends heavily on societal conditions. To maximize the impact of cam-

paigns, it is imperative to customize campaign strategies and target geographic regions and age

ranges to align with the societal conditions.

The success of the model’s vaccination campaigns hinges on societal characteristics that shape

the inherent persuasiveness of pro-vaccination opinions within a society. When initial persuasive-

ness is high, such as with low perceived risk (Figures 3.3a and 3.3b), natural uptake is already

high, limiting the impact of the campaign. When initial persuasiveness is low, such as with high

perceived risk (Figure 3.3g), natural uptake is low. Yet, our campaign, which focuses on increasing

opinion sharing, is ineffective because the underlying persuasiveness towards vaccination is low.

This implies that simple encouragement alone is insufficient if there is low societal trust in vac-

cination. The campaign is most effective in societies with moderate levels of opinion persuasive-

ness, such as those with moderate perceived risk and where individuals balance social influence

and evidence-based decision-making factors (Figure 3.3e). In this case, stimulating discussions

through the campaign significantly boosts vaccination rates by building upon existing persuasive-
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ness.

The optimal target demographic for campaigns also depends on the societal characteristics

that influence initial level of opinion persuasiveness. To maximize health benefits, campaigns

initially prioritize group (Region 1, Age 18-34), as this group has a high potential for opinion

changing impact. However, in societies with high opinion persuasiveness (Figures 3.3a and 3.3b),

highly populated areas quickly achieve sufficient vaccination coverage due to their strong social

interactions. When this occurs, campaign resources shift to rural areas to ensure these regions

benefit directly. In scenarios where campaigns are likely to be ineffective due to low persuasiveness

(Figure 3.3g), targeting the 35-49 age range is a better strategy. This approach indirectly promotes

vaccination among 50 and over age range, who are more persuadable due to their higher mortality

risk. This observation is consistent in our one-way sensitivity analysis results.

Limitations exist in our model. Our model relies on several simplifying assumptions regarding

how vaccination opinions spread. The model assumes that anti-vaccination individuals only change

their opinion through social interactions. In reality, individuals may adjust their views in response

to new information or personal experiences. Our model assumes a direct link between vaccination

opinions and behavior, in that all pro-vaccination individuals receive a vaccine immediately. In

reality, there is a gap between belief and action, due to insufficient vaccine supply or poor access

to vaccines. Pro-vaccinators maintain their view during our one-year time horizon. Our grouped

compartmental model sacrifices the details of individual heterogeneity. This includes variations in

levels of social connections and opinion characteristics that may differ by individuals.

Our vaccination campaign model focuses on increasing the number of pro-vaccination opinion

sharers via word-of-mouth effects. We have not tailored messages to the diverse demographics

and individual preferences that can impact persuasiveness. However, our findings suggest this is

a promising approach, such as emphasizing safety concerns for evidence-based thinkers or com-

munity vaccination rates for those who are more socially influenced. We also did not consider

direct recruitment incentives as tested by other studies [69, 111]. While we explored communi-

cation channels with modifications to the opinion sharing matrix, the campaign primarily relied

on word-of-mouth methods. An alternative to this method would be other communication meth-

ods, such as broadcast media. This might require adjustments to the force of opinion propagation

θi(x, t), where the campaign introduces new influences to stimulate thoughts on vaccination, ex-

tending beyond opinion sharing within a social network. To account for this, data on how different

demographics interact with these channels will be needed.
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The model draws on real-world data on demographics, social networks, and disease and opinion

parameters that are calibrated to 2023 COVID-19 epidemic data. Changes in disease characteristics

or demographics could change the optimal target groups and campaign approaches. The model

is flexible and can accommodate any population grouping (e.g., by political stance, occupation,

social interest) provided there is sufficient data. Further, while we use a specific definition of

perceived vaccine benefits and risks, alternative definitions could yield different insights, though

overall trends may remain similar.

Our two-stage coarse grid search approach effectively identified optimal target groups within

the chosen objective function. Our initial comparisons with global optimization approaches suggest

consistency in outcomes. However, more sophisticated algorithms could be needed when exploring

high-dimensional formulation.

Future research should refine the model in several key areas. First, we should account for in-

dividual heterogeneity in social connectedness and decision-making processes through individual-

level models. While offering a more detailed model, this approach might require more complex

optimization techniques and encounter data-related challenges compared to our network-based

compartmental model. Second, opinion dynamics should be improved by exploring models like

complex contagion (i.e., requiring multiple exposures) or threshold-based models (i.e., triggering

rapid spread at a critical threshold value) [153]. Third, future research should explore details on

campaign interventions, including the impact of varied campaign content and channels. Lastly, an-

alyzing the spread of misinformation and fake vaccine effects would provide crucial insights into

their role in hesitancy.

In conclusion, our coupled dynamics model highlights the critical need for societal-specific

vaccination campaigns. These include understanding perceived vaccine risk and importance of

recognizing social influence or evidence-based reasoning. Our findings call for future research

delving deeper into individual differences and diverse messaging that can effectively achieve a

safer community.
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Chapter 4

REPRESENTATIVE CALIBRATION

Model calibration, the process of estimating model parameters with observed data, is a fun-

damental step across various modeling methodologies. In Chapters 2 and 3, where large-scale

agent-based models (ABMs) and compartmental models were employed, considerable effort was

dedicated to the calibration procedure. This involved the careful selection of data and the identifica-

tion of key parameters for calibration. Furthermore, we recognized the importance of determining

the optimal number of parameter value sets needed to adequately represent model behavior under

real-world uncertainties.

Driven by the challenges of calibration, this chapter addresses research objective (3) proposing

a calibration framework that addresses model representativeness under data uncertainties. The

two-stage approach focuses on efficiently identifying multiple diverse parameter sets to represent

target data. In the first stage, a black-box optimization algorithm generates near-optimal parameter

sets. The second stage then clusters these sets, reducing the number of parameter value sets while

representing diverse model behaviors. This study has been published in 2023 Winter Simulation

Conference [85].

4.1 Introduction

Calibration, or parameter estimation to fit a model to data, is essential for ensuring the validity

of a model and model outcomes (e.g., simulation results). Model calibration typically involves four

steps: identify the parameters to be calibrated, select target data to compare with model outcomes,

determine a goodness-of-fit (GOF) measure between target data and model outcomes, and choose

parameter search strategies [134].

Previous research on model calibration considers two main approaches: i) identifying a single

optimal parameter set, and ii) determining a large number of feasible parameter sets. Relying

solely on a single parameter set may not account for uncertainty in the target data and may limit

the range of future model predictions beyond the calibration period. A large number of parameter
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sets may be a better representation of uncertainty, but has a high computation cost.

In our previous study [86] (Chapter 2), we developed an agent-based model where we calibrated

the model for 152 days and then predicted policy outcomes for 348 days. During the prediction

period, we conducted a 4-way sensitivity analysis on policy interventions, resulting in over 300

policy scenarios for each calibration set. Due to the complexity and stochastic nature of the model,

each policy run took around 500 CPU minutes on the Hyak supercomputer system at the Univer-

sity of Washington. To mitigate the computational resources needed, we employed a clustering

approach, reducing the number of parameter sets to two. This enabled us to obtain valuable policy

insights while avoiding excessive use of computer resources.

Inspired by our previous study, we propose a two-stage process that we call representative

calibration. This approach aims to identify multiple diverse parameter sets that are both computa-

tionally efficient and “good enough” to represent the target data. Our calibration approach involves

a two-stage process. In the first stage, we leverage well-known black-box optimization algorithms

for parameter search and identify good-enough parameter sets. In the second stage, we apply a

clustering approach to the selected parameter sets to obtain representative parameter sets. This

two-stage approach balances computation efficiency with sufficient coverage of potential future

model outcomes.

In this study, we evaluate the effectiveness of our proposed calibration approach and compare

the performance of several parameter search algorithms. In Section 4.2, we review relevant litera-

ture on model calibration. Section 4.3 explains the concept of representation calibration, including

black-box optimization algorithms and clustering. We describe the numerical comparison plan in

Section 4.4.1, and present a disease-opinion compartmental model [84] in Section 4.4.2 to illus-

trate the two-stage calibration process. Finally, we present the study’s findings in Section 4.5 and

provide a discussion in Section 4.6.

4.2 Literature Review

In recent years, various calibration techniques have been proposed across different fields such

as epidemics, economics, engineering, and neuroscience. As models become more complex, data

availability increases, and methodology advances, calibration techniques have become more effec-

tive and efficient. Most of these techniques focus on time efficiency and precision of the model to

target data, with little attention given to the robustness or representativeness of the calibration.
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Latin hypercube sampling has been commonly used in calibration due to its simplicity and

coverage of a parameter space [102], and is still in use today ([86, 115]). Black-box optimization

methods, such as simulated annealing and genetic algorithms have also been applied to calibra-

tion ([34, 40]). Bayesian optimization methods, such as the Sequential Model-based Algorithm

Configuration (SMAC) [63] and Optuna [2] have been used for hyperparameter tuning and calibra-

tion ([77, 100]). Our study explores these well-known calibration algorithms within the proposed

two-stage representative calibration framework.

Several Bayesian calibration methods address parameter uncertainty by approximating a pos-

terior distribution. Kerr et al. [77] used Optuna to calibrate an agent-based epidemiological model.

The study derived a posterior distribution of parameters by using more than 15,000 parameter sets.

The top ten best-fitting parameter sets were used for scenario analyses. Jalal et al. [66] combined

Bayesian calibration with an artificial neural network as a surrogate model. By generating 10,000

parameter sets, they derived a posterior distribution of parameters while accounting for data un-

certainty through the use of threshold values. The paper improved accuracy and computation time

compared to an importance sampling algorithm.

A Gaussian process metamodel was used in Xie et al. [149] to obtain the posterior distribution

of parameters, and quantified a credible interval to account for parameter estimation uncertainty.

Unlike our approach which aims to capture uncertainty of the model, the calibration performance

was focused on reducing the width of credible intervals and prediction intervals. Nevertheless, it

remains unclear whether these approaches represent diverse uncertainty in model outcomes, since

the top parameter sets were selected solely based on GOF measure.

A clustering approach was adopted in Krauledat et al. [80] to reduce the calibration process for

Brain-Computer Interfaces. The calibration parameters consist of prototypes of a Common Spatial

Pattern algorithm used to classify brain states. Although this study uses clustering for calibration,

the focus of the study is to reuse previously calibrated clustering from previous data for new data.

This is slightly different from our objective in that our main interest lies in efficiently calibrating a

model to given data, and then predicting future trajectories, instead of reusing clustered results to

new data.

Most of the algorithms focus on time efficiency and precision of the model to target data.

The calibrated parameter sets are usually presented as each individual parameter’s posterior dis-

tribution. Little attention has been given to the information or representativeness of the whole

calibration parameter space on the model outcomes.
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4.3 Representative Calibration

We propose a two-stage process, where the first stage is to optimize the GOF using an op-

timization algorithm and the second stage is to apply clustering to the results of the first stage

optimization, obtaining representative parameter sets.

In the first stage, we use a black-box optimization algorithm to search for parameters and

identify parameter sets that minimize the goodness-of-fit measure between model outcomes and

target data. The first stage optimization problem is stated as,

min
x

GOF( f (x),y)

li ≤ xi ≤ ui for i = 1, . . . ,n
(4.1)

where the target data y is a vector in m dimensions, y = [y1, . . .ym], and the model outcome, f (x),

may also be m-dimensional to correspond to the target data. The calibration parameter vector

x = [x1, . . . ,xn] denotes a calibration parameter set in n dimensions, and typically has lower and

upper limits li and ui, respectively, for i = 1, . . . ,n. The goodness-of-fit measure is defined by the

user to be appropriate to the model and data (e.g., Mean Square Error, Mean Absolute Error, or

Total Sum of Squares).

In the second stage, we apply a clustering technique to the parameter sets obtained from the

first-stage to identify representative parameter sets. After identifying the representative parameter

sets, the model is run for a period longer than the calibration period to observe the diversity of

predicted future model trajectories.

4.3.1 Stage 1: Parameter Search using Black-Box Optimization

This section describes the black-box optimization algorithms used in the first stage of repre-

sentative calibration. The algorithms include Latin Hypercube Sampling, Sequential Model-based

Algorithm Configuration, Optuna, Simulated Annealing, and Genetic Algorithm.

Latin Hypercube Sampling (LHS)

Latin hypercube sampling is a quasi-random sampling method that is often favored in computer

experiments because of its simplicity and coverage of the parameter space [102]. LHS divides each

parameter into equally probable intervals and samples once from each interval. Such even spacing
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of samples reduces sampling variance and can be applied to high-dimensional problems. However,

when the sample size is not large enough, LHS may not be as effective as other algorithms at

minimizing GOF.

Sequential Model-based Algorithm Configuration (SMAC)

SMAC is a Bayesian optimization framework that is applied in various areas, ranging from

hyperparameter tuning in machine learning to global optimization of black-box functions [63].

SMAC creates a random forest surrogate model and updates it as the algorithm proceeds. SMAC

combines a local search with random sampling to balance exploration and exploitation [7]. Al-

though SMAC’s Bayesian approach may find near-optimal solutions with a small number of model

runs, it may take a long time to build the random forest, making SMAC appropriate for computa-

tionally expensive models.

Optuna

Optuna is an optimization framework actively used in hyperparameter tuning that uses a dy-

namic approach to explore the search space [2]. It employs a combination of sampling and pruning

algorithms to improve the efficiency of the optimization algorithm. The default sampling method

for Optuna uses the Tree-structured Parzen estimator (TPE), which generates two probability den-

sity functions for “good” and “bad” subsets [15]. As default, the median pruning technique is used,

which terminates a model if its best performance is inferior to the median of all model outcomes

[55]. Similar to SMAC, Optuna may require only a small number of model runs, but the additional

effort required to build the TPE and median pruning may result in computational overhead.

Simulated Annealing (SA)

Simulated annealing is a metaheuristic global optimization algorithm that randomly samples

from a domain and accepts a candidate point based on a “cooling schedule” that gradually de-

creases over time [103]. This approach helps the algorithm escape local minima and find approx-

imate global optima, which is difficult for other optimization techniques such as gradient descent.

However, the performance of simulated annealing depends on the method for generating sequential

points and the tuning of the cooling schedule.
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Genetic Algorithm (GA)

Genetic algorithms are metaheuristic global optimization algorithms that mimic natural evolu-

tion by utilizing the survival of the fittest, selection, and mutation [60]. GA evaluates solutions

based on a fitness function, selects the best ones, and generates new populations using genetic

operators like crossover and mutation. GA can dynamically change the search process by varying

crossover and mutation probabilities, but it can be computationally expensive for complex prob-

lems that require large population sizes and high numbers of generations. Results can also be

sensitive to the initial population.

4.3.2 Stage 2: Clustering

In the second stage, we reduce the number of parameter sets by clustering a set of good-enough

parameter sets that satisfy a GOF threshold. Our method for determining the optimal number of

clusters, inspired by the elbow method introduced by [78], involves identifying the value of K at

which an additional cluster (i.e., increasing the number of clusters from K to K +1) does not lead

to a reduction of more than 5% in the total within-cluster sum of squares (WSS).

Next, the Partition Around Medoids (PAM) algorithm [75] is applied to identify K-medoid

points as representative parameter sets. Unlike the centroid method that calculates the mean of all

points within a cluster, the medoid is the actual point in the cluster that is most centrally located. It

is less susceptible to extreme values that may skew the mean in the centroid approach. Additionally,

since the medoid is an actual data point, it has a more straightforward interpretation and can be

more easily related to the original data. While other clustering methods could be employed, the

robustness of PAM to outliers and its focus on representative data points align well with our goal

of identifying a representative parameter sets.

4.4 Computational Study

4.4.1 Experimental Setup

Our computational study aims to explore a two-stage representative calibration process with

five different first-stage optimization algorithms namely, LHS, SMAC, Optuna, SA and GA. We

solve the calibration optimization problem (4.1) with mean absolute error as our goodness-of-fit

measure. We run each algorithm for 50,000 function evaluations. For each algorithm, instead of
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executing 50,000 function evaluations in one run, we run 10 replications of the algorithm with

5,000 function evaluations in each replication. This scheme, from our observation from numeri-

cal experiment, balances exploration with exploitation to some extent. For simulated annealing,

our numerical experience is that the solution plateaus after about 5,000 function evaluations. So

repeating simulated annealing with 10 different starting points (associated with the initial random

seed), we hope to identify more good points. Hence, our experiment runs each algorithm for 50,000

function evaluations total, but is the result of 10 repetitions with 5,000 function evaluations each.

After the 50,000 function evaluations, we filter the 50,000 points to obtain those with MAE < 2,

which we consider good-enough parameter sets.

In the second stage, we employ the Partition Around Medoids algorithm to identify medoid

points that represent clusters of the good-enough parameter sets. We then simulate the model for

100 days (59 days for the calibration period and 41 days beyond the calibration period) with the

clustered parameter sets and evaluate the result.

All experiments are performed on a high-performance computing cluster equipped with 10

CPU cores and 20GB of memory, using an Intel Xeon processor.

4.4.2 Model Description

In this section, we define the parameters to be calibrated, the target data, and the goodness-of-

fit measure to evaluate the similarity between target data and model outcomes. We illustrate our

calibration method using a disease-opinion compartmental model on COVID-19. This example

is a previous version of Chapter 3. The calibration approach remains largely similar with the

exception that in the newer version, parameters x7 through x13 are fixed rather than calibrated.

Moreover, the newer version explicitly sets confidence intervals for each dataset by measuring data

trustworthiness from literature. See Appendix B.3 for the updated calibration procedure.

We calibrate thirteen unknown parameters, denoted as x = (x1, . . . ,x13), where each parameter

xi has a lower bound and an upper bound, li ≤ xi ≤ ui, as presented in Table 4.1. The calibra-

tion parameters consist of four disease-related parameters (x1,x3,x4,x5) and nine opinion-related

parameters (x2,x6, . . .x13).

Figure 4.1 displays the target data y which consists of eight weekly data points from January

to February 2023 and comprises five types of data. We use the notation yk,t to represent the target

data, where k refers to the type of health outcome k ∈ {1, . . . ,5} and t denotes each week during the

period t ∈ {1, . . . ,8}. Specifically, k = 1,2, and 3 correspond to the percentage of the population
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Parameter (xi) Description Lower bound (li) Upper bound (ui)
x1 Transmission rate of infectious individuals 1.5 2.5
x2 Average number of opinion sharing contacts per day when sharing opinion 0.1 0.5
x3 Infection-fatality rate of reference age range (18 to 29 years) 0.0002 0.0003
x4 Average number of days from recovery to become susceptible 150 250
x5 Proportion of initially susceptible individuals for all groups 0.4 0.8
x6 Initial proportion of pro-vaccinators that share vaccination opinion 0.01 0.05
x7 Emotional judgment importance for vaccination in age range 0-17 0.01 0.99
x8 Emotional judgment importance for vaccination in age range 18-34 0.01 0.99
x9 Emotional judgment importance for vaccination in age range 35-49 0.01 0.99
x10 Emotional judgment importance for vaccination in age range 50-64 0.01 0.99
x11 Emotional judgment importance for vaccination in age range 65 and over 0.01 0.99
x12 Sensitivity of rational judgement to vaccination probability 0.1 1.0
x13 Sensitivity of emotional judgement to vaccination probability 0.1 1.0

Table 4.1: 13 calibration parameters (xi) and their corresponding lower bounds (li) and upper
bounds (ui).

Figure 4.1: Target data consisting of eight weekly data points on vaccination, infectious, and
dead population from January to February 2023.

that is vaccinated in age group 0 to 17, 18 to 64, and over 65, respectively; k = 4 denotes the

percentage of the population that is infectious; and k = 5 represents the running cumulative number

of deaths. Additionally, we use fk,t(x) to represent the five model health outcomes at the eight

weekly dates, that correspond to the calibration parameter set x.

Our GOF measure between target data yk,t and model outcomes fk,t(x) is calculated as the sum

of mean absolute errors (MAE), which is then normalized by the average of each target data. We

use MAE instead of mean squared error (MSE) because our normalized measure ranges between

0 to 1, so the absolute difference provides an estimate of the absolute error, whereas MSE tends

to underestimate larger differences in the 0 to 1 range. The calibration optimization problem is

formulated as follows:
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min
x

GOF( f (x),y)

GOF( f (x),y) =
5

∑
k=1

8

∑
t=1

∣∣ fk,t(x)− yk,t
∣∣

ȳk

s.t. li ≤ xi ≤ ui for i = 1, . . . ,13

(4.2)

where yk,t , fk,t(x) ∈ R for k = 1, . . . ,5 and t = 1, . . . ,8, and ȳk = (1/8)∑
8
t=1 yk,t for k = 1, . . . ,5.

4.5 Results

4.5.1 Parameter Search Results using Black-Box Optimization

This section presents the results from the first stage of representative calibration. As shown in

Table 4.2, SMAC, SA, and GA have a higher number of good enough points (MAE < 2) out of

50,000 points (10 runs with 5,000 function evaluations each). This indicates that SMAC, SA, and

GA can identify good solutions quickly and more than two-thirds of the solutions found have MAE

< 2. The computation time of SMAC and Optuna is about twice that of LHS, SA, and GA, due to

the overhead of computing a random forest and TPE, respectively.

Algorithm LHS SMAC OPTUNA SA GA
Best MAE 1.613 1.350 1.455 1.346 1.378
Number of good enough points (MAE < 2) 318 37,505 7,331 31,562 47,093
Total Time (seconds) 12,157 29,631 13,479 12,296 26,612

Table 4.2: Performance measures for each of five algorithms including, the best incumbent MAE
value of 50,000 points, number of good-enough points (MAE < 2) out of 50,000 points, and total
computation time in seconds.

Figure 4.2 shows the incumbent function values averaged over 10 runs of each algorithm, as

well as the maximum and minimum value over 10 replications represented by vertical bars at

selected numbers of function evaluations. Observe that the result of this plot supports why we did

10 replications of 5,000 function evaluations in each run instead of 50,000 sequential iterations.

The plot clearly demonstrates that the algorithms progress in the initial iterations, followed by

a slowdown and eventual plateauing, signifying a diminishing return on subsequent iterations.

Observe that, in Figure 4.2, SMAC and SA outperform Optuna and GA in terms of minimizing

MAE. Table 4.2 also shows that the best incumbent MAE value for SMAC and SA is lower than
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the others.

Figure 4.2: Incumbent function value plots for the average, maximum and minimum MAE over
10 runs of the five algorithms (LHS, Optuna, SMAC, SA, and GA) applied to the disease-opinion

compartmental model.

Figure 4.3 shows histograms of the two most important parameters, x1 and x2, from the filtered

solutions (MAE < 2) over 50,000 function evaluations from the five algorithms. The distribution

of parameter values within their lower and upper bounds differs by algorithm. LHS provides a

spread of possible values over the lower and upper bound range, whereas SA and GA are highly

concentrated around the near-optimal values. The parameter values from Optuna are nearly as

spread out as LHS, but still concentrate on near-optimal values. The distribution is one aspect of
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representative parameter sets.

(a) Histogram of parameter x1

(b) Histogram of parameter x2

Figure 4.3: Histograms of parameters x1 and x2 illustrate the distribution of good enough
solutions (MAE < 2) from all the five algorithms (LHS, Optuna, SMAC, SA, and GA) over all

50,000 function evaluations.

4.5.2 Clustering Results

The Partition Around Medoids algorithm is used to identify K-medoid points as representative

parameter sets. For each algorithm, the PAM algorithm is applied to the filtered set of good-

enough parameter sets over 50,000 points. We plot the cluster results on the two most important

parameters, namely, x1 and x2. Figure 4.4 illustrates the clustering of good enough parameter sets

from LHS, SMAC, Optuna, SA, and GA. Each dot in the 2-dimension plot represents a good-

enough parameter set, and the large circle represents the medoid point of a cluster. Since the

number of clusters K is determined by observing changes in the total within-cluster sum of squares,

each algorithm has a different number of clusters, as a result, a different number of medoid points,

i.e., LHS has 4 clusters, SMAC has 10 clusters, Optuna has 7 clusters, SA has 12 clusters, and

GA has 7 clusters, as shown in Figure 4.4. In Figure 4.4, the good-enough points of LHS and

Optuna were scattered over both parameter ranges. On the other hand, points from SMAC, SA,

and GA focus on a narrower range. Additionally, Optuna was able to provide a higher density of

good enough solutions than LHS, with a wide range of representative medoid points. Note that
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the clustering results from Figure 4.4 are plotted for two parameters, x1 and x2, out of thirteen

parameters. The visualization of the nearest medoid in two dimensions does not illustrate the full

thirteen dimension space.

Figure 4.4: Cluster results on parameters x1 and x2 out of 13 parameters, with medoid points for
each algorithm.

4.5.3 Model Trajectories for 100 Days

Finally, for each black-box optimization algorithm, we run the disease-opinion compartmental

model, using the K-medoid parameter sets for 100 days (59 days used for calibration and 41 days

for prediction). We then evaluate the diversity of model trajectories by plotting health outcomes

for each representative parameter set. Figure 5 presents the five health outcomes from the compart-

mental model: the vaccinated population by age group (Figure 4.5a), infectious population (Figure

4.5b), and dead population (Figure 4.5c). In each plot, a single line represents the model trajectory

using a medoid point for the parameter set. As such, the number of lines corresponds to the number

of clusters from each algorithm. Therefore, LHS, SMAC, Optuna, SA, and GA have 4, 10, 7, 12,

and 7 lines, respectively.

LHS (with 4 medoid points) and Optuna (with 7 medoid points) show diverse results in in-

fectious population and dead population from the span of the trajectories. The trajectories for the

vaccinated population in the 65+ age group match the target data and are more diverse with SMAC,

SA, and GA than for Optuna and LHS. This is helpful in representing the uncertainty of the target

data and impact on health outcomes. On the other hand, SMAC, SA, and GA, with multiple con-

centrated medoid points (10, 12, and 7, respectively) tend to show trajectories that lie close to each

other.
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(a) Vaccinated population

(b) Infectious population

(c) Dead population

Figure 4.5: Health outcomes from the disease-opinion compartmental model, (a) vaccinated
population, (b) infectious population and (c) dead population, using the medoid parameter sets for

all five algorithms, LHS, Optuna, SMAC, SA, and GA respectively (from left to right).

4.6 Discussion

In this paper, we evaluate a representative calibration approach that identifies multiple diverse

parameter sets in order to represent the uncertainty of predicted model outcomes while being com-

putationally efficient. The approach involves a two-stage process, (1) apply black-box optimization

algorithms to search for good parameter sets, then (2) apply a clustering approach to obtain repre-
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sentative parameter sets.

We observe that in the first stage, most algorithms find good-enough solutions that have rela-

tively low MAE. Considering the best MAE value discovered, SA achieves the lowest MAE, fol-

lowed by SMAC, GA, Optuna, and LHS, respectively. SMAC converges to a good value faster in

the early iterations, as the algorithm uses a random forest surrogate model and a Bayesian approach

combining a local search and random sampling. This allows SMAC to find optimal solutions with

comparatively few function evaluations. However, SMAC requires the most computation time as

shown in Table 4.2.

In the cluster analysis from stage 2, each black-box optimization algorithm provides slightly

different cluster formations. The LHS algorithm, which divides each parameter into equally proba-

ble intervals, shows more variety in the solutions. Hence, the solutions from LHS are scattered over

the parameter range and are not concentrated on near-optimal areas. On the other hand, SMAC and

SA, which perform the best in terms of minimizing MAE, provide multiple clusters of solutions,

however, the location of each cluster is in a narrower range of solutions. Optuna also allows more

exploration, as evidenced by the histogram and cluster results.

While SMAC and SA achieved the smallest GOF relatively quickly, we do not necessarily

consider the algorithms as the best calibration method. Our rationale is that the target data has

uncertainty so achieving the sole minimization of GOF may be less crucial for robust modeling.

Instead, we aim to identify a broad range of good-enough parameter sets, as this is more important

in enhancing model robustness. Thus, we find the results from LHS and Optuna more aligned with

our goal, as they offer a wider variety of parameter sets and future trajectories.

We attribute the differences in algorithmic outcomes to the strategies employed for exploration

and exploitation. SMAC and SA excel at exploiting and finding optimal solutions, whereas LHS

and Optuna excel at exploring and uncovering a wide range of good-enough solutions. We rec-

ommend that modelers explore more regions once good-enough solutions are found, which can

be achieved through strategies such as having enough different starting points instead of a single

long-run, or adjusting algorithmic parameter settings to explore other regions once a threshold is

met.

Another consideration for calibration is the choice of GOF measures. When the target data

consists of multiple types, such as our model’s target data type (i.e, vaccination rates across differ-

ent age groups, infectious and dead population), the GOF measure may be aggregated to a single

value. In our study, we assigned equal weights to each target data type. As shown in Figure 4.5a,
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the calibration trajectories exhibit a closer match with the red and blue lines, while relatively less

alignment with the green line. Hence, we recommend modelers to carefully select appropriate

GOF aggregate metrics based on their specific context and priorities. While we aggregated the

GOF scores and selected a threshold value (i.e., MAE < 2), when individual target data have dif-

ferent implications, importance, or reliability, it may be advisable to set different threshold values

for each target data type. We will pursue this avenue in the future.

One reason for clustering is to reduce the computation time when performing model analysis.

This is especially beneficial in cases where the computation time of the model after the calibration

period is longer than the computation time during the calibration period. As an example, in [86],

the model runtime for the calibration period (152 days) was approximately 500 minutes, whereas

the runtime for the prediction period (348 days) took over twice that. Additionally, the model

was used to analyze 300 policy scenarios over the prediction period. In this type of situation, it

is desirable that a few selected parameter sets are representative to reflect uncertainty in the target

data and corresponding model outcomes.

Limitations exist in our model. While we constrained each calibration parameter with box

constraints (li and ui), this may limit the parameter space. As the choice of these bounds may

impact the model performance, careful consideration is needed in choosing the bounds. While

we chose the PAM algorithm to identify K-medoid point, other clustering algorithms should be

explored.

In summary, we propose that modelers consider parameter calibration from various perspec-

tives. Instead of solely aiming to minimize the goodness-of-fit quickly, they should 1) recognize

that data inaccuracies may exist and allow a certain level of error between the data and model

outcomes, 2) formulate the calibration problem with GOF and threshold to identify a range of

good-enough parameter sets, 3) explore a broad range of parameter sets so that the model cap-

tures the variability of possible future trajectories, and 4) find a sweet spot between exploration

and exploitation, wherein exploration promotes broad range of parameter sets while exploitation

enhances accuracy in aligning with the target data.
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Chapter 5

CONCLUSION AND FUTURE WORK

This dissertation research addresses critical public health problems by applying and advancing

healthcare policy modeling approaches. It develops methods that incorporated complex individual

behaviors and addresses uncertainties inherent in data and simulations. The dissertation focuses on

challenges such as identifying optimal NPIs and vaccination policies during COVID-19 pandemic

and tackling vaccine hesitancy through targeted vaccination promotion campaigns. To enhance

model generalizability and account for data uncertainty, a calibration framework is developed to

identify minimal sets of parameter values that capture a diverse range of model behaviors.

During the COVID-19 pandemic, policymakers were in rapid need to identify effective public

health interventions that balance safety with minimal social disruption. In Chapter 2, agent-based

simulation models are developed to identify optimal NPI and vaccination policies. This model’s

ability to directly model public health policies such as face mask use and social distancing en-

able explicit interpretation of their impact on disease outcomes. In collaboration with local public

health experts, this was especially valuable during the early pandemic when data was limited. This

research investigates policy impacts under parameter uncertainties by employing either represen-

tative calibration or simulation of a wide range of viral mutations. By analyzing the results, the

studies provide insights that can guide policy decisions across diverse epidemic scenarios, demon-

strating the adaptability and practical value of modeling for pandemic response.

While this research offers valuable contributions, there is potential to advance the agent-based

modeling in public health. Instead of assuming individuals’ steady compliance to public health

policies, future studies might benefit from considering dynamic human behavior, where individ-

uals’ responses to policies may evolve over time. Future research could also apply and test the

model in diverse regional settings, exploring how variations in the demographics and social net-

works might influence policy impacts. In order to provide robust policy analysis, methods for

addressing the inherent stochasticity of agent-based models, particularly in the early phases of an

outbreak, should be considered.

Although vaccines have been proven effective in preventing infections or reducing disease
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severity, vaccine hesitancy remains a persistent public health challenge. Chapter 3 tackles this

challenge by modeling the coupled dynamics of disease transmission and vaccination opinion prop-

agation, and the impact of word-of-mouth vaccination campaigns. This research employs an evo-

lutionary game-theoretic framework to model dynamic human behavior, overcoming limitations in

my earlier work of static behavior. Leveraging real-world data on population demographics and

social connections, our findings offer valuable insights for policymakers at the population level.

A key finding is that optimal targeting and messaging strategies must be tailored to specific de-

mographic groups within a community. This approach acknowledges that individuals’ vaccination

behaviors are shaped by both evidence-based factors (like risk-benefit assessment) and social influ-

ence factors (such as the vaccination decisions of their social networks). By developing a flexible

model that accommodates various population groupings (e.g., by political stance, occupation, so-

cial interest), this research provides actionable guidance applicable to diverse real-world scenarios.

In the face of growing vaccine hesitancy, this research is particularly valuable.

To enhance the model’s practical applications in real-world policy decisions, future research

could refine several parts. This includes modeling individual-level heterogeneity in social connec-

tions and decision-making, exploring alternative opinion propagation models (e.g., complex con-

tagion, threshold-based models), and analyzing the impact of misinformation. Research could also

analyze the effectiveness of diverse messaging content and communication channels for targeted

vaccination campaigns. Refining the policy identification approach by developing and integrating

constrained nonlinear optimization algorithms will be crucial as a coarse-grid approach may be

insufficient to handle the added complexities within the model.

In complex simulation models, achieving reliable outcomes while maintaining computational

efficiency is an ideal goal. Well-designed calibration practices are essential to ensure this. In

Chapter 4, I propose a two-stage approach where black-box optimization algorithms and clustering

are applied to efficiently select representative parameter subsets. Unlike methods focused solely

on speed or precision, this approach prioritizes representativeness, capturing the model’s full range

of potential outcomes and enhancing its generalizability.

The research goal is to provide a multifaceted calibration framework that balances speed, accu-

racy, and representativeness. This work offers an initial step, but identify two key areas for future

research. First, a more concrete method is needed to define “representativeness” of selected pa-

rameter sets. Borrowing diversity and representativeness metrics from Emmerich et al. [47] is a

good starting point. Computing the hyperplane of model outcomes from the selected parameter
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sets is another potential approach. While their metrics offer value, they do not account for individ-

ual parameter influence on model outcomes. Future work could incorporate parameter distances

weighted by their importance to model behavior, which might be determined through statistical

modeling. Principal component analysis could be applied to evaluate the parameter importance.

Additionally, efficient algorithms for selecting representative parameter subsets are necessary. Pos-

sible strategies include greedy approaches (starting with the best-fitting set and adding points for

representativeness), clustering (using elbow methods to determine optimal clusters and selecting

representative points), and regression trees to classify parameter sets.

This dissertation advances healthcare policy modeling by addressing heterogeneous individ-

ual behaviors and uncertainties arising from data and simulation complexities. Ultimately, this

research provides healthcare policymakers with the tools to make informed, data-driven decisions,

enhancing their capacity for effective policy making.
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A.1 Appendix of Section 2.2, Impact of nonpharmaceutical interventions on reopening so-
ciety

A.1.1 COVID-19 Model Specification and Data Input under Original Wuhan Strain

Disease Parameters

We estimated COVID-19 disease parameters from published literature and reported data. As

shown in Table A.1.1, we considered values of R0 between 1.5 to 3.5 [5] and calibrated transmis-

sibility of SARS-CoV-2. We used a lognormal distribution with median of 5.1 days [28] for the

incubation period. We set the infectious period to 15 days [20, 53]. For symptomatic individuals,

the infectious period consists of 2 presymptomatic days [20] and 13 symptomatic days [43]. See

Figure A.1.1 for details. Asymptomatic individuals have the same infectious period of 15 days

as symptomatic individuals. As suggested in the literature [3, 20, 53], we used a sigmoid curve

to model the daily infectivity that peaks on first symptom onset day and then steadily decreases.

Also, asymptomatic individuals’ infectiousness is assumed to be 75% that of symptomatic individ-

uals [5].

The probability of an individual being asymptomatic is by age group [11], and the probability of

severe symptoms is by age group [5]. The probability that an infectious individual dies (infection

fatality ratio) is based on [5] and the probability that a symptomatic individual dies (infection

fatality ratio among symptomatic) is based on [4].
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Value Reference

Disease Parameters

Reproduction number (R0) 1.5-3.5 [5]
Transmissibility of SARS-CoV-2 5.1% (Cluster 2), 8.9% (Cluster 6) Calibrated
Incubation period distribution Lognormal with median of 5.1

days, dispersion of 1.52 days
[28]

Symptomatic period 13 days [43]
Pre-symptomatic period 2 days [20]
Infectious period 15 days [20, 53]
Daily infectivity 0.5, 0.69, 0.94, 0.8, 0.61, 0.47, 0.35,

0.27, 0.2, 0.16, 0.12, 0.09, 0.07,
0.05,0.04

[3, 20, 53]

Infectiousness of asymptomatic individuals rel-
ative to symptomatic

0.75 [5]

Age group for asymptomatic infection† 0-9, 10-19, 20-29, 30-39, 40-49,
50-59, 60-69, 70+

[11]

Probability of asymptomatic infection by age
group†

0.71, 0.79, 0.73, 0.67, 0.6, 0.51,
0.37, 0.31

[11]

Probability of severe symptoms by age group 0-49:0.017, 50-64:0.045, 65+:0.074 [5]
Probability of acquiring immunity after recov-
ered

1 Assumed

Days from symptom onset to death 15 days [5]
Infection fatality ratio 0.005-0.008 (Best estimate:

0.0065)
[5]

Infection fatality ratio among symptomatic 0.005-0.061 [4]
† For example, 10 year-old individuals have 79% chance of becoming symptomatic.

Table A.1.1: COVID-19 Disease Parameters.

Figure A.1.1: Natural history of SARS-CoV-2 infection.
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Parameter Calibration

We calibrated six unknown model parameters, which are transmissibility of SARS-CoV-2,

daily contact probability between household members, daily contact rates of neighborhood, school,

and workplace, and default home quarantine percentage of symptomatic individuals. In the first

step, we used the Latin hypercube sampling method to sample 1,000 candidate parameter sets. We

initially infected 10 random persons and simulated for 30 days, which is a period long enough

for the initial infectors to complete their incubation and infectious period. We then calculated the

average number of secondary infections caused by the initial infectors, that is, R0. This resulted in

selecting 65 parameter sets that achieved a R0 between 1.5 and 3.5 [5].

Using Minitab 19.2020.1 (Minitab LLC), we performed complete-linkage clustering of the 65

selected parameter sets to identify clusters. The complete-linkage clustering is one of the methods

of hierarchical clustering. The method starts with 65 clusters, and iteratively combines two clusters

that have the farthest pair among all pairs of parameter sets as it decreases the number of clusters.

It is recommended to stop when combining another pair of clusters results in an abrupt decrease of

similarity level within each cluster [32]. In our model, this resulted in identifying 7 clusters.

In the second step of our calibration process, we simulated public health interventions in King

County from January 15, 2020 through May 31, 2020 following Washington State government’s

“Stay Home, Stay Healthy” emergency order (Figure A.1.6). We then selected clusters that met

both the reported Infection Fatality Ratio (IFR) and reported Infection Fatality Ratio among symp-

tomatic cases (IFR-S) using ranges found in the literature [4, 5] (Table A.1.1). IFR was calculated

as the ratio between the reported deaths and simulated total infections, while the IFR-S was calcu-

lated as the ratio between the reported deaths and simulated symptomatic infections. This resulted

in selecting clusters 2 and 6. Although we only targeted cumulative deaths until May 31, 2020,

Figure A.1.2 shows that the trends in daily projected deaths using IFR are similar to daily reported

deaths until May 31, 2020. Cluster 2 represents higher contact rates in household, neighborhood,

and workplace. Cluster 6 represents higher overall transmissibility of SARS-CoV-2, school contact

rates, and default home quarantine percentage when symptomatic (Table A.1.2).



101

Calibrated parameters First step
calibration result

Second step
calibration result

Cluster
Transmissibility

Daily household
contact probability

Daily contact rate
in neighborhood

Daily contact
rate in school

Daily contact rate
in workplace

Home quarantine percentage
when symptomatic R0

Total Infections
until May 31th

Symptomatic infections
until May 31th

1 7.2% 33% 4.71 3.34 1.56 64% 2.50 7,218 2,570
2 5.1% 81% 4.18 4.00 5.08 57% 2.40 113,989 40,905
3 16.9% 58% 1.53 4.06 1.20 78% 3.10 667,975 236,648
4 5.4% 36% 5.59 7.20 2.77 45% 2.45 56,613 20,374
5 9.0% 58% 1.75 4.51 1.28 26% 2.20 16,393 5,556
6 8.9% 52% 2.39 6.64 1.82 78% 2.40 82,073 28,173
7 7.8% 22% 2.19 3.56 5.19 53% 2.60 158,032 59,902

Calibration ranges 1-100% 10-100% 0.5-7 1.5-9 0-7 0-100%
References Assumed [31] [31] [31] [31] [31]

Table A.1.2: Calibration Result.

Figure A.1.2: Calibration to reported deaths. 50% confidence interval was obtained
from calculating 25%th and 75%th percentile at each time step. IFR: Infection

Fatality Ratio
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Intervention Parameters

Base Case Value Reference

Intervention Parameters

Social distancing level 20% Assumed
Total diagnosed cases per 100K population in
two weeks to enter phase 2,3,4†

Under 50, 25, 10 [50]

Face mask compliance 50% Assumed
Effectiveness of wearing face mask 50% [13]

School closure 50% Assumed

Home quarantine percentage when
symptomatic#

57% (Cluster 2), 78% (Cluster 6) Calibrated

Home quarantine duration when contact traced 14 days since last exposure [7]

Percent tested of severe symptomatic
individuals§

100% Assumed

Percent tested of non-severe symptomatic
individuals§

60% Assumed

Delay from onset to testing 2 days [34]
Delay to receive test results 1 day [34]
Test sensitivity 0.9 Assumed

Infector’s compliance with contact tracing 0.9 [50]
Contact tracing effectiveness (Household,
school, workplace, neighborhood member’s
compliance with home quarantine and testing
when contact traced)§

0.9, 0.72, 0.16, 0.10 Assumed

Delays in reaching contacts 2 days [50]
† Applied for phase-based social distancing. If the value is over 50, phase 1 is applied. We assumed that phase 1,2,3, and 4 corresponds
to high, medium, low, and no social distancing.
# We applied the same probability of staying home when symptomatic to severe and non-severe symptomatic individuals. Because
symptom-severity gradually increases, severe symptomatic individuals may have mild symptoms initially but suffer longer and have
more severe symptoms later on
§ See text for calculation details.

Table A.1.3: Intervention Parameters.

To calculate percent tested for severe and non-severe symptomatic individuals, we defined

testing effectiveness based on the testing percentage of non-severe symptomatic individuals; low

(30%), medium (60%), and high (90%). The baseline value for the testing percentage (medium,

60%) was calculated based on King County’s testing history. We assumed severe symptomatic

individuals were all tested since March 1, 2020, and some percentage of non-severe symptomatic

individuals were tested since March 20, 2020. To calculate the percentage, we compared case fa-

tality rate with estimated infection fatality ratio among symptomatic cases until May 31, 2020 in

King County. We assumed that King County only tested symptomatic individuals and all deaths
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caused by COVID-19 were reported. In this case,

Case fatality rate =
Reported death
Reported cases

=
Deceased individuals

(Symptomatic individuals)∗P(test for symptomatic individuals)

=
IFR-S

P(test for symptomatic individuals)
.

Then, P(test for symptomatic individuals) = IFR-S/Case fatality rate. Using this equation, we cal-

culated that 65% of symptomatic individuals tested positive. As we assumed around 3.4% of

symptomatic individuals are severe [5], we concluded that around 60% of non-severe symptomatic

individuals are tested.

As seen from Figure A.1.3, the effects of increasing contact tracing compliance are marginal

compared to other NPIs such as social distancing, face mask use, and school closure. We did not

observe clear red or green combinations that result in a surge of second wave or elimination of the

pandemic. Therefore, for simplicity, we combined these two interventions into one intervention

with three levels; low testing and low contact tracing, medium testing and medium contact tracing,

and high testing and high contact tracing.

Contact tracing effectiveness was defined as the compliance rate for home quarantine and test-

ing when contact traced. We calculated this based on [27] through multiplying the probability

that contacts are acquaintances and the probability that the contacts are traceable for each place

that the contact occurred. Contact tracing effectiveness was categorized as low, medium, and high

where low effectiveness means tracing only household members, medium level means tracing most

household and school members but limited tracing to workplace and neighborhood members, and

high effectiveness means tracing most acquaintances of household, schools, workplace, and neigh-

borhood (Table A.1.4).
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High effective contact tracing P(Acquiantances) P(Traceable) Home quarantine and testing compliance when contact traced
Household 100% 100% 100%

School 90% 95% 86%
Workplace 79% 95% 75%

Neighborhood 52% 95% 49%

Medium effective contact tracing P(Acquiantances) P(Traceable) Home quarantine and testing compliance when contact traced
Household 100% 90% 90%

School 90% 80% 72%
Workplace 79% 20% 16%

Neighborhood 52% 20% 10%

Low effective contact tracing P(Acquiantances) P(Traceable) Home quarantine and testing compliance when contact traced
Household 100% 90% 90%

School 90% 0% 0%
Workplace 79% 0% 0%

Neighborhood 52% 0% 0%

Table A.1.4: Values used to calculate the contact tracing effectiveness equation

Figure A.1.3: Effects of different combinations of testing and contact tracing on total
infections (1,000s) from June 2020 to May 2021



105

1 𝑟
𝑎𝑛
𝑑𝑜
𝑚
	𝑛𝑢
𝑚
𝑏𝑒
𝑟≤

𝑠𝑖𝑐
𝑘_
𝑝𝑟
𝑜𝑏
	If 

p h
as

 be
en

 ho
me

 qu
ara

nt
ine

d, 
sic

k_
pr

ob
= 1

. O
th

er
wi

se
, s

ick
_p

ro
b=

 ho
me

 qu
ara

nti
ne

 pe
rce

nt
ag

e w
he

n s
ym

pt
om

at
ic.

2 I
f j’

s s
ym

pt
om

 se
ve

rity
 ≥

te
st 

th
re

sh
old

 va
lue

 on
 th

e d
at

e o
f j’

s s
ym

pt
om

 on
se

t, j
 qu

ali
fie

s f
or

 te
sti

ng
. S

inc
e J

un
e 1

st,
 20

20
, 6

0%
 of

 no
n-

se
ve

re
 sy

mp
to

ma
tic

 an
d a

ll s
ev

er
e s

ym
pt

om
ati

c 
ind

ivi
du

als
 qu

ali
fy 

fo
r te

sti
ng

.  
3 j

’s 
te

sti
ng

 da
te

 d’
 = 

j’s
 sy

mp
to

m 
on

se
t d

at
e +

 de
lay

s f
ro

m 
on

se
t to

 ge
t te

st.
4 T

es
t p

os
itiv

e w
he

n r
an

do
m 

nu
mb

er
 ≤

te
st 

se
ns

itiv
ity

.
5 I

f i2
 ha

s n
ot

 be
en

 co
nt

ac
t tr

ac
ed

 be
for

e,
 th

e c
on

ta
ct 

tra
cin

g p
oli

cy
 is

 pr
ac

tic
ed

 on
 da

te 
d”

 = 
te

st 
da

te
 d 

+ d
ela

y t
o g

et
 te

st
re

su
lts

 + 
de

lay
s i

n c
on

tac
t re

ac
he

d

Da
y d

Up
da

te
 In

fe
cti

ou
s 

ind
ivi

du
als

’ s
ta

tu
s

Sp
re

ad
 In

fe
cti

on
Te

st 
eli

gib
le 

ind
ivi

du
als

Co
nt

ac
t t

ra
ce

 el
igi

ble
 

ind
ivi

du
als

Fo
r e

ac
h i

nfe
cti

ou
s 

pe
rso

n i

Is 
iin

 fi
rst

 
sy

m
pt

om
at

ic 
da

y?

Ho
m

e Q
ua

ra
nt

ine
 iu

nt
il 

re
co

ve
ryYe

s

ih
om

e 
qu

ar
an

tin
e 

wh
en

 sh
ow

 sy
m

pt
om

1 ?

Ye
s

Up
da

te
 i’s

 be
ha

vio
r

No No

Fo
r e

ac
h i

nfe
cti

ou
s p

er
so

n i
,

in 
pla

ce
 p,

co
nta

ct 
pe

rso
n j

Up
da

te
 j’s

 be
ha

vio
r

If 
j is

 pr
es

en
t i

np
lac

e p
,

ad
d c

on
ta

ct
 in

fo
rm

at
io

n o
f 

pe
rso

n j
to

 i’s
 lis

t

Is 
j in

fe
cte

d 
an

d 
qu

ali
fie

s f
or

 te
sti

ng
2 ?

jg
et

s t
es

te
d o

n
da

y d
’3Ye

s

No

Fo
r e

ac
h p

er
so

n i
2,

wh
o a

re
 te

ste
d o

n d
ay

 d

i2
is 

inf
ec

tio
us

 o
n 

da
yd

an
d 

te
st 

po
sit

ive
4 ?

 

i2
qu

ali
fie

s f
or

 
co

nt
ac

t t
ra

cin
g5

?

i2
ge

ts 
co

nt
ac

t t
ra

ce
d 

on
 da

y d
”5Ye

s

No

i2
is 

dia
gn

os
ed

.
Ex

te
nd

 H
om

e 
Qu

ar
an

tin
e 

un
til

 re
co

ve
ry

No

Ye
s

Fo
r e

ac
h p

er
so

n i
3,

wh
o a

re
 co

nta
ct 

tra
ce

d o
n d

ay
 d

Ho
m

e Q
ua

ra
nt

ine
 jf

or
 14

 
da

ys
 si

nc
e l

as
t e

xp
os

ur
e a

nd
 

giv
ej

te
sti

ng

Ge
t  i
3’s

 re
ce

nt
 tw

o w
ee

ks
 

of
 co

nt
ac

ts.

Ye
s

No

Fo
r e

ac
h c

on
ta

cte
ej

, g
et

 
co

m
pli

an
ce

 ra
te

 by
 

co
nt

ac
t p

lac
e

j c
om

pl
y w

ith
 

ho
m

e q
ua

ra
nt

in
e 

an
d t

es
tin

g ?

Figure A.1.4: Daily flowchart for viral transmission and interventions. Blue texts
identify public health interventions. Purple texts indicate individuals’ daily behavioral

decisions that are impacted by NPIs, and are expanded in Figure A.1.5.
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§ Not applied in household contact. + Workplace contacts include office contact which is a smaller mixing network
with twice of the workplace contact rate per day. Same policy is applied for school which includes classroom contact.
‡ Both infectious and contact person may not have neighborhood contact, which can have double-effect on reducing
viral transmission. # Do home quarantine when symptomatic individuals feel sick (by default), get diagnosed, or
contact traced. * Before March 1, 2020, there is no reduction in household contact.

Figure A.1.5: Effects of NPIs on individuals’ behavior.

SARS-CoV-2 Transmission Equations

For an infectious person i, we consider his or her household transmission for each dth infectious

day. For each susceptible household member j, j becomes infected with Household infection

probability (i, j,d):

Household infection probability (i, j,d) = (daily household contact probability)× (1 - reduction

in contact if i is home quarantined)

× (transmissibility of SARS-CoV-2)

×daily infectivity(i, d)× (reduced infectiousness

if i is asymptomatic).
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In a neighborhood, a workplace, or a school, if an infectious person i is present at the place p on

dth infectious day, the expected number of contacts is the Contact count (i, p, d):

Contact count (i, p, d) = (daily contacts per day (p))× (1 - reduction in contact if in partially-open

school)× (transmissibility of SARS-CoV-2)×daily infectivity (i, d)

× (reduced infectiousness if i is asymptomatic).

If Contact count (i,p,d) is not integer, stochastic rounding is needed. If Contact count (i,p,d) = x,

then

Actual contact count(i,p,d) = Round(x) =

{
⌊x⌋ with probability 1− (x−⌊x⌋)
⌊x⌋+1 with probability (x−⌊x⌋)

For example, if x = 2.7, Actual contact count(i,p,d) would be 2 with probability 0.3 and 3 with

probability 0.7. We randomly select Actual contact count (i,p,d) individuals in place p on day d.

For each contactee j in the place p, if j is susceptible and present in the place, j becomes infected

with Non-household infection probability (i, j):

Non-household infection probability (i, j) = (1 - effectiveness of wearing face mask if i uses mask)×

(1 - effectiveness of wearing face mask if j uses mask).

A.1.2 Base Case Timeline

We assumed the first infection occurred on January 15, 2020 by a man who lived in Snohomish

County and commuted to Seattle, and thus impacted King County. We set the initial infector’s

age and isolation date to this man’s profile [21]. We also made a conservative assumption in the

base case that this is the only non-local transmission and all other transmissions are community

transmissions in King County.
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* Stronger home Quarantine: 50% reduction in household contact.

Figure A.1.6: Diagram of Simulated Interventions for Base Case.

A.1.3 Scenario Objective Calculated from Washington State’s Objective

We translated Washington State’s objective of having less than 25 diagnosed cases per 100,000

people per 14 days into total infections from June 1, 2020 to May 28, 2021 (362 days) using

Equation (A.1). The equation consists of King County’s population in the model (1,893,508),

maximum total diagnosed cases (25) in 14-day period, and the assumption that 40% of infections

that are diagnosed as estimated in the base case result.

Objective in total infections from June 2020 to May 2021=
1,893,508
100,000

× 25×362
14

÷0.4≈ 30,600

(A.1)
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A.1.4 One-way Scenario Analysis Result

Figure A.1.7: Results of one-way scenario analyses from NPIs only. Total infections
from June 1, 2020 to May 28, 2021. Red lines indicate Washington State’s objective

value and dotted lines indicate the base case result.
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Cluster 2 Value
Total Infection
June 1 2020 to May 28 2021 Peak Incidence Peak Incidence date

Quarantine percentage
for infectious person Average daily test

Average daily
contact trace

Average daily
quarantine

Base case 245,448 1,428 2020/09/29 33% 717 233 7,969
Base case - 50% Interval [135,576, 336,192] [847, 1,899] [2020-08-13, 2020-10-20] [33%,33%] [398, 1006] [130, 328] [4,465, 11,095]
Daily imported infections since June 1 2020 0 245,448 1,428 2020/09/29 33% 717 233 7,969

1 259,810 1,450 2020/09/26 33% 760 248 8,382
10 283,009 1,610 2020/10/02 33% 822 268 9,057

Intervention parameters
Social Distancing Open 690,835 10,805 2020/07/25 42% 3,110 1,205 28,980

Low 245,448 1,428 2020/09/29 33% 717 233 7,969
Medium 25,289 728 2020/05/26 32% 85 27 1,013
High 7,922 713 2020/05/26 31% 134 48 1,310

School Closure 0% 375,206 2,653 2020/10/21 32% 1,102 351 11,948
25% 302,879 1,844 2020/10/15 32% 886 285 9,742
50% 245,448 1,428 2020/09/29 33% 717 233 7,969
75% 214,673 1,291 2020/09/18 33% 626 206 7,034
100% 196,940 1,228 2020/09/12 33% 574 190 6,477

Face Mask Use 0% 688,032 13,220 2020/07/22 34% 2,317 883 22,781
25% 508,587 6,206 2020/08/08 33% 1,465 547 15,496
50% 245,448 1,428 2020/09/29 33% 717 233 7,969
75% 21,336 754 2020/05/27 32% 103 34 1,033
100% 8,638 728 2020/05/26 31% 157 51 1,415

Testing+Contact Tracing Low 364,402 3,062 2020/09/09 22% 366 130 5,894
Medium 245,448 1,428 2020/09/29 33% 717 233 7,969
High 139,224 744 2020/05/27 40% 607 196 6,318

Face Mask Effectiveness 25% 505,481 5,664 2020/08/10 33% 1,500 537 15,481
50% 245,448 1,428 2020/09/29 33% 717 233 7,969
75% 47,838 754 2020/05/27 32% 153 48 1,762
100% 16,777 727 2020/05/27 32% 84 28 824

Delay from onset to testing 1 day 222,119 1,195 2020/10/04 34% 659 215 7,425
2 days 245,448 1,428 2020/09/29 33% 717 233 7,969
5 days 296,385 2,155 2020/09/16 31% 822 260 8,615

Delay to receive test results 1 day 245,448 1,428 2020/09/29 33% 717 233 7,969
3 day 282,796 1,929 2020/09/26 31% 756 241 8,321
5 days 312,818 2,313 2020/09/20 29% 761 244 8,379

Test sensitivity 0.8 264,370 1,707 2020/09/27 31% 688 211 7,598
0.9 245,448 1,428 2020/09/29 33% 717 233 7,969
1 218,061 1,171 2020/09/30 36% 716 245 7,951

Delays in reaching contacts 1 day 220,937 1,183 2020/09/27 35% 676 217 7,555
2 days 245,448 1,428 2020/09/29 33% 717 233 7,969
5 days 298,560 2,149 2020/09/16 30% 770 243 8,405

Infector’s compliance with contact tracing 0.6 295,842 2,046 2020/09/17 29% 580 153 6,975
0.8 263,356 1,624 2020/09/19 32% 677 208 7,703
0.9 245,448 1,428 2020/09/29 33% 717 233 7,969

Table A.1.5: Full results of one-way scenario analyses (Cluster 2). Base case in bold.



111

Cluster 6 Value
Total Infection
June 1 2020 to May 28 2021 Peak Incidence Peak Incidence date

Quarantine percentage
for infectious person Average daily test

Average daily
contact trace

Average daily
quarantine

Base case 263,595 2,979 2021/01/20 34% 767 238 8,506
Base case - 50% Interval [88,061, 482,395] [1326, 4,703] [2020-12-31, 2021-02-17] [34%,34%] [254, 1428] [79, 442] [2,842, 15,623]

Daily imported infections since June 1 2020 0 263,595 2,979 2021/01/20 34% 767 238 8,506
1 291,331 3,008 2021/01/20 34% 847 262 9,335
10 330,594 3,256 2020/12/25 34% 969 300 10,637

Intervention parameters

Social Distancing Open 604,945 10,386 2020/10/11 42% 2,380 891 23,830
Low 263,595 2,979 2021/01/20 34% 767 238 8,506
Medium 2,197 134 2020/05/26 34% 35 12 348
High 1,497 130 2020/05/26 34% 37 13 382

School Closure 0% 400,149 8,840 2020/11/11 36% 1,396 454 13,754
25% 373,913 6,239 2020/11/28 34% 1,131 359 12,331
50% 263,595 2,979 2021/01/20 34% 767 238 8,506
75% 9,584 142 2020/05/27 34% 28 9 335
100% 6,143 142 2020/05/27 34% 31 11 346

Face Mask Use 0% 670,793 14,371 2020/09/30 35% 2,235 830 22,229
25% 482,661 8,307 2020/10/31 35% 1,376 477 15,030
50% 263,595 2,979 2021/01/20 34% 767 238 8,506
75% 2,267 137 2020/05/27 34% 33 11 343
100% 1,443 133 2020/05/26 34% 38 14 398

Testing+Contact Tracing Low 327,689 4,693 2020/12/17 24% 333 113 5,648
Medium 263,595 2,979 2021/01/20 34% 767 238 8,506
High 152,786 1,712 2021/03/16 39% 642 195 6,398

Face Mask Effectiveness 25% 467,097 7,809 2020/11/07 35% 1,312 458 14,568
50% 263,595 2,979 2021/01/20 34% 767 238 8,506
75% 3,185 137 2020/05/27 34% 11 4 144
100% 1,762 133 2020/05/26 34% 33 11 324

Delay from onset to testing 1 day 214,968 2,449 2021/02/10 35% 646 199 7,177
2 days 263,595 2,979 2021/01/20 34% 767 238 8,506
5 days 285,406 3,607 2021/01/03 32% 757 229 8,043

Delay to receive test results 1 day 263,595 2,979 2021/01/20 34% 767 238 8,506
3 day 294,688 3,686 2021/01/06 32% 763 233 8,445
5 days 310,965 4,079 2020/12/24 30% 724 222 8,046

Test sensitivity 0.8 277,350 3,23 2021/01/13 32% 713 209 7,975
0.9 263,595 2,979 2021/01/20 34% 767 238 8,506
1 248,272 2,479 2021/01/28 36% 830 267 9,022

Delays in reaching contacts 1 day 230,250 2,465 2021/01/28 35% 712 215 7,867
2 days 263,595 2,979 2021/01/20 34% 767 238 8,506
5 days 291,054 3,829 2020/12/30 31% 724 219 7,949

Infector’s compliance with contact tracing 0.6 270,116 3,572 2021/01/07 30% 512 130 6,274
0.8 241,971 3,192 2021/01/20 33% 621 182 7,011
0.9 263,595 2,979 2021/01/20 34% 767 238 8,506

Table A.1.6: Full results of one-way scenario analyses (Cluster 6). Base case in bold.
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A.1.5 Two-way Scenario Analysis on Testing and Contact Tracing

Figure A.1.8: Two-way scenario analysis between testing+contact tracing and other
NPIs (social distancing, face mask use, and school closure. Numbers represent total

infections (1,000s) from June 1, 2020 to May 28, 2021. Black lines indicate
combinations that first satisfy Washington State’s objective of 30.6 thousand total

infections. In (E), any combination of testing and contact tracing and school closure
cannot achieve the objective without stricter social distancing and/or face mask use.
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A.1.6 Four-way Scenario Analysis Result

We graphed main effects plot across clusters and for each cluster separately (Figures A.1.9

and A.1.10). Figure A.1.11 provides the 300 NPI combinations simulated in the four-way scenario

analysis. The shaded cells identify NPI combinations with total infections less than 30,600 cases

in both Clusters 2 and 6. In addition, we ran an Analysis of Variance (ANOVA) using Minitab

19.2020.1 (Minitab LLC) (Figure A.1.12). The results suggest that social distancing and face mask

are the most important NPIs, regardless of cluster type. We found interactions between variables

were negligible.

Figure A.1.9: Main effects plot of average total infections in the scenarios of
four-way analyses in Clusters 2 and 6, combined. Overall mean marked with lines.

Figure A.1.10: Main effects plot of average total infections in the scenarios of
four-way analyses in Clusters 2 and 6, respectively. Overall mean marked with lines.
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Figure A.1.11: Results of four-way scenario analysis of 300 NPI combinations.
Yellow colored cells satisfy Washington State’s objective of 30,600 total infections for

both Clusters 2 and 6.
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Figure A.1.12: ANOVA result shows that there is a statistically significant
association between total infections and every level of social distancing and face

mask, some levels of school closure and testing+contact tracing. There are no
significant interactions between interventions.
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A.1.7 Phase-based Social Distancing Result

Figure A.1.13 compares phase-based social distancing with the base case at low social dis-

tancing and with medium social distancing. In Figures A.1.13 (B) and (D), the degree of social

distancing for the phase-based policy changes whereas medium social distancing is constant at

50% and the base case maintains low social distancing at 20%. The impact of phase-based social

distancing is shown in Figures A.1.13 (A) and (B).

Figure A.1.13: Daily new infections and social distancing level in phase-based social
distancing compared to the base case. (A) and (B) indicate changes in daily new

infections when low, medium, or phase-based social distancing is enacted since June
1 2020 for Clusters 2 and 6, respectively. (C) and (D) indicate changes in social

distancing level for Clusters 2 and 6, respectively.
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A.2 Appendix of Section 2.3, Impact of nonpharmaceutical interventions and vaccination
with viral variants and waning immunity

A.2.1 COVID-19 Model Specification and Data Input with Viral Variants and Waning Immunity

Population parameters

The synthetic population used in this model is based on U.S. Census data from King County

[51]. The total population in the dataset is 1,893,508 individuals, distributed across 789,230 house-

holds. The age distribution of the population is described in Figure A.2.14 with a mean value of

36.78 years old. The household size distribution is described in Figure A.2.15 with a mean size of

2.4.

Figure A.2.14: Histogram of age in King County, WA

Figure A.2.15: Histogram of household size in King County, WA
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Disease parameters

Table A.2.7 provides disease parameters for the COVID-19 model.

Disease Parameters Value Reference

Reproduction number (R0) of original Wuhan
strain1 2-4 [6]

Infectivity of SARS-CoV-2 original Wuhan strain 9.8% Calibrated2

Immune evasiveness and immune protection
against death of original Wuhan strain

See Appendix Section A.2.1

Incubation period distribution Lognormal with median of 5.1 days,
dispersion of 1.52 days

[28]

Symptomatic period 13 days [43]
Pre-symptomatic period 2 days [20]
Infectious period 15 days [20, 53]
Daily infectivity for 0-14 days 0.5, 0.69, 0.94, 0.8, 0.61, 0.47, 0.35,

0.27, 0.2, 0.16, 0.12, 0.09, 0.07,
0.05,0.04

[3, 20,
53]

Infectiousness of asymptomatic individuals rela-
tive to symptomatic

0.75 [5]

Daily household contact probability 85.6% Calibrated2

Daily contact rate in neighborhood 1.188 Calibrated2

Daily contact rate in school3 3.508 Calibrated2

Daily contact rate in workplace3 1.745 Calibrated2

Probability of asymptomatic infection by age 0-9: 0.71, 10-19: 0.79, 20-29: 0.73,
30-39: 0.67, 40-49: 0.6, 50-59: 0.51,
60-69: 0.37, 70+: 0.31

[11]

Days from infection to death4 15 days [6]

Population distribution that has comorbidity to
COVID-19 by age

[10]

Infection fatality ratio by age and comorbidity5 [1, 6,
10]

Background annual death rate by age and gender [16]
1 The R0 range is used as a target in calibration. See Appendix Section ‘Parameter Calibration’
2 The value was the result of the calibration. See Appendix Section ‘Paramber Calibration’
3 Workplace contacts include office contacts which is a smaller mixing network with twice of the workplace contact rate per day. Same

policy is applied for school which includes classroom contact
4 Calculated from summing 12.9 days from symptom onset to death for 65 or more years plus 2 days of pre-symptomatic period [6]
5 Calculated from using probability of death by age [6], probability of comorbidity by age [10], and odds ratios for infection fatality by

comorbidity [1]

Table A.2.7: COVID-19 Disease Parameters
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Variant parameters

Table A.2.8 provides the SARS-CoV-2 variant parameters for the Alpha, Delta, B.1.1.529 Omi-

cron variants and the twelve mutation variants, relative to the previous strain. For example, the

Alpha variant is 50% more infectious, 51% more severe, and has the same immune protection

compared to the original Wuhan Strain. One of the twelve mutation variants is introduced on June

4, 2022, and then this new variant is assumed to mutate every 6 months. Thus, the first generation

of the new variant is imported to the society from 06/04/2022 to 12/04/2022. The second genera-

tion of the new variant is imported from 12/05/2022 to 06/03/2023 and has the parameters relative

to the first generation of the new variant. The third and last generation of the new mutated gen-

eration is imported from 06/04/2023 to 12/31/2023. At every import day, we assume that half of

the imports are new SARS-CoV-2 variants and the other half of the imports are the original Wuhan

strain. See Figure A.2.16 for the variant introduction timeline.

For ease of explanation, we name the three immune evasion parameter settings as “pessimistic”

that includes S1, S4, S7, S10, “neutral” that includes S2, S5, S8, S11, and “optimistic” immune

evasion that includes S3, S6, S9, and S12. In the optimistic immune evasion scenarios, we assume

that a pan-coronavirus vaccine is always available for all strains, and the vaccine effects always

show the same level as against pre-Omicron strains. Appendix Section ‘Immune Response Level

Equations’ provides the detailed immune-related equations.
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Variants Changes in infectiv-
ity compared to pre-
vious variant (Ref-
erences)

Changes in disease
severity compared
to previous variant
(References)

Changes in immune eva-
sion compared to previous
variant

Important dates in
mm/dd/yy (References)

Alpha 50% more infectious
([18])

51% more severe
([15])

No difference 01/01/21 to 04/02/21
([48])

Delta 60% more infectious
([12])

54% more severe
([15])

No difference 04/03/21 to 12/03/21
([48])

Omicron
(B.1.1.529)

40% more infectious
([23])

88% less severe
([42])

Lower 12/04/21 to 06/03/22
([48])

Mutation Scenarios
S1

50% more infectious

Same
Pessimistic immune evasion1

6/4/2022 to 12/3/2022
(First generation),
12/4/2022 to 6/4/2023
(Second generation),
6/5/2023 to 12/31/2023
(Third generation)

S2 Neutral immune evasion2

S3 Optimistic immune evasion3

S4
50% less severe

Pessimistic immune evasion1

S5 Neutral immune evasion2

S6 Optimistic immune evasion3

S7

Same

Same
Pessimistic immune evasion1

S8 Neutral immune evasion2

S9 Optimistic immune evasion3

S10
50% less severe

Pessimistic immune evasion1

S11 Neutral immune evasion2

S12 Optimistic immune evasion3

1 25% more immune evasive that is acquired from vaccination or previous infection
2 Same immune evasiveness as B.1.1.529 Omicron
3 Same immune response as B.1.1.529 Omicron when it is acquired from previous infection but enhanced immune

response when it is acquired from vaccination

Table A.2.8: SARS-CoV-2 Variant Parameters

Figure A.2.16: Timeline for variant introduction
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Immune response level equations

Immune evasion equation Immunity acquired from vaccination (Iv), previous infection (Ip),

or both (Ih) reduces the probability of getting infected. The level of immune evasion is calculated as

(1 – immune protection against infection (Iv, Ip, or Ih)). The immune protection against infection

is a function of last vaccination date dv, last infection date dp, and variant type x. The linear

regression equations for the pre-Omicron strains and Omicron B.1.1.529 are given in Table A.2.9.

If an individual has both vaccination and previous infection history, the hybrid immunity protection

(Ih) is applied which multiplies immune protection from vaccination and previous infection. See

Appendix Section ‘Transmission Equation’ on how it impacts the transmission probability.

Immune protection
against Infection

Immune History

Vaccination (Iv)
dv = days since last vaccination
date

Previous Infection (Ip)
dp = days since last infection
date

Hybrid (Ih)
dv = days since last
vaccination date
dp = days since
last infection date

Variant

Pre-Omicron
strains
(Original
Wuhan,
Alpha, and Delta)

IPre-O
h (dv,dp)

= 1− (1− IPre-O
v (dv))·

(1− IPre-O
p (dp))

Equation IPre-O
v (dv) = max ((−0.07dv
+80.81)/100,0)

IPre-O
p (dp) = max((−0.031dp
+98.76)/100,0)

References [39] [9, 37]

Omicron
(B.1.1.529)

IB.1.1.529
h (dv,dp) = 1-
(1− IB.1.1.529

v (dv))·
(1− IB.1.1.529

p (dp))Equation IB.1.1.529
v (dv) = max((-0.156dv

+51.88)/100,0)
IB.1.1.529
p (dp))= max((-0.117dp

+92.49)/100,0)
References [19, 39, 41] [2]

Table A.2.9: Immune protection equation against infection

When one of the twelve new variants is introduced into the model, its immune evasiveness is

relative to the previous variant, i.e., B.1.1.529 Omicron. For example, S1 as in Table A.2.8, is 25%

more immune evasive than the previous variant, so the regression equations for the first generation
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of S1 (In1
v , In1

p , or In1
h ) is 75% of the level of B.1.1.529 Omicron, In1

v (dv) = 0.75 · IB.1.1.529
v (dv),

In1
p (dp) = 0.75 · IB.1.1.529

p (dp), and In1
h (dv,dp) = 1− (1− In1

v (dv)) · (1− In1
p (dp)). When the virus

mutates after 6 months, the second generation is now n2, and the equations are In2
v (dv) = 0.75 ·

In1
v (dv), In2

p (dp) = 0.75 · In1
p (dp), and In2

h (dv,dp) = 1− (1− In2
v (dv)) · (1− In2

p (dp)). The same logic

is applied with the next generation of the mutation n3.

When a pan-coronavirus vaccine is available, as in the “optimistic” mutation scenarios S3, S6,

S9, and S12, the immune protection from vaccination is the same for all generations of the new

variant, n1, n2, n3, In1,n2,n3
v (dv) = IPre-O

v (dv). The level of immune protection for the other variants

that exist are set to Pre-Omicron levels, i.e, Ix
v (dv) = IPre-O

v (dv) for x= Alpha, Delta, B.1.1.529

Omicron.

While some studies [33, 36] assume high immune protection if previously infected with the

same strain type, we do not consider cross-immunity and distinguish whether the previous strain

type and the current strain type are the same. Pre-Omicron strains do not need to be distinguished

because the variants have strong immunity to each other [36]. However, Omicron strains are

highly stealthy immune evaders, so someone infected with Omicron exhibits limited immune ef-

fects against Omicrons strains [52]. Since Omicron strains are currently the dominant strains that

are highly contagious, we assume that new variants exhibit similar characteristics on the immune

evasiveness to the B.1.1.529 Omicron. Thus, we do not assign higher immune protection when

individuals come in contact with the same viral type.

Immune protection against death Immunity acquired from vaccination or previous infection

reduces the probability of death. The level of immune protection against death (ID) is a function of

last vaccination date dv, last infection date dp, and variant type x. The linear regression equations

for the pre-Omicron strains and Omicron B.1.1.529 are given in Table A.2.10. See Appendix

Section ‘Infection Fatality Equation’ on how it impacts the infection fatality equation.
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Immune protection against Death Immune History (ID

Variant

Pre-Omicron strains
(Original Wuhan, Alpha,
and Delta)

Equation
IPre-O
D (dv,dp) = max ((−0.062min(dv,dp)+96.63)/100,0)

where dv = days since last vaccination date,
dp = days since last infection date

References [14, 40]

Omicron (B.1.1.529)

Equation
IB.1.1.529
D (dv,dp) = max ((−0.074min(dv,dp)+93.83)/100,0)

where dv = days since last vaccination date,
dp = days since last infection date

References [14, 41]

Table A.2.10: Immune protection equation against death

When a pan-coronavirus vaccine is available, as in the “optimistic” mutation scenarios S3, S6,

S9, and S12, the immune protection from vaccination against death is the same for all generations

of the new variant, n1, n2, n3, In1,n2,n3
D (dv,0) = IPre-O

D (dv,0). The level of immune protection for

the other variants that exist are set to Pre-Omicron levels, i.e, Ix
D(dv,0) = IPre-O

D (dv,0) for x =

Alpha, Delta, B.1.1.529 Omicron. In S3, S6, S9, and S12, because the immune protection against

death that is acquired from previous infection is at the B.1.1.529 Omicron level, we compute each

individual’s immune protection from vaccination and previous infection, respectively, and select

the maximum value. Thus, Ix
D(dv,dp) = max(IPre-O

D (dv,0), IB.1.1.529
D (0,dp) for x = B.1.1.529, n1,

n2, n3.

Timeline, NPI and vaccination parameters

Table A.2.11 provides other parameters for the COVID-19 model, including timeline and NPI

parameters. Table A.2.12 provides vaccination parameters.
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Timeline Parameters Value Reference

Simulation Period January 15, 2020 to December 31, 2023 Assumed
Initial infector setting 35 year-old who was infectious from January 15,

2020, and was isolated 5 days later
[21]

Daily imported new infections1
January to June 2020: 0
July to September 2020: 0.025
October 2020 to December 2023: 0.558

[35]

Proportion new imports are SARS-
CoV-2 variants from January 1, 2021

50% Assumed

NPI Parameters Value Reference

Total diagnosed cases per 100K pop-
ulation in two weeks to enter phase
2,3,4 on Threshold NPI relaxation

Under 350, 200, 100 [47]

Minimum policy duration on Thresh-
old NPI relaxation

3 weeks Assumed

Effectiveness of wearing face mask2 25% [13]
Home quarantine duration when con-
tact traced

14 days since last contact with a person who has
COVID-19

[7]

Home quarantine percentage when
symptomatic without testing

19.5% Calibrated3

Reduction in household contact when
home quarantine from March 1, 2020

50% less Assumed

Delay from onset to testing 2 days [25]
Delay to receive test results 1 day [25]
Test sensitivity 0.9 Assumed
Infector’s compliance with contact
tracing

0.9 Assumed

Contact tracing effectiveness (House-
hold, school, workplace, neighbor-
hood member’s compliance with
home quarantine and testing when
contact traced)

0.9, 0.72, 0.16, 0.10 [27, 29]

Delays in reaching contacts 2 days [25]
1 Port of Seattle publishes the number of airline passengers who test positive for COVID-19 every three months from January 2020.

Assuming detection rate is 40% [29], we estimated daily infections by multiplying 2.5 (detection rate) and dividing by 90 days. Data on
2021 and 2022 were not available at the time of this study, so we fixed the values at the same level as that of October to December 2020
2 Assuming people wear surgical masks or cloth masks. Although some studies show higher mask use effectiveness [8], around 50 to

75%, we assumed that the effect of actual mask use is lower because people’s mask wearing behavior in a natural environment is not as
strict as that of the experimental environment
3 The value was the result of the calibration. See Appendix Section ‘Paramber Calibration’

Table A.2.11: Timeline and NPI parameters
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Vaccination Parameters Value Reference

Vaccine prioritization policy WA’s phased priority (See below) [46, 49]

Vaccination willingness by age and
vaccination schedule

[26]1

Vaccine dosage policy Additional dose recipients are prioritized over un-
vaccinated people on each day

Assumed

Vaccination schedule See below
Number of vaccine dosage 7 doses at maximum Assumed
Vaccine dose interval after previous
dose

21 days for 2nd / 6 months for 3rd and more doses [17]

Vaccine effectiveness Continuous, preventing infection and severe dis-
eases (See below)

1 Values are based on July 6, 2022 values

Table A.2.12: Vaccination parameters

Vaccine prioritization policy We modeled vaccine prioritization policies based on WA’s

phased policy [49]. The phased priority order is as follows: 1) 65 years or older, or 50 years

or older and household size is 4 or more, 2) 50 years or older or essential workers, 3) adults with

two or more comorbidities, 4) essential workers younger than 50, 5) essential workers or have one

comorbidity, and 6) everyone else.

Vaccine eligibility date by age Individuals are assumed to be eligible for the vaccine if they

are ages 16 and older from January 1, 2021, ages 12 and over from May 12, 2021 [45], ages 5 and

over from November 1, 2021 [38], and age 6 months and over from June 21, 2022 [24].

Vaccination schedule Our daily dose of vaccines is based on the actual vaccine schedule ad-

ministered by King County, WA from January to March 2021, after which the vaccine supply is

the same as at the end of March 2021 [26]. We adjusted the numbers considering that the synthetic

population is based on 2010 census data. Figure A.2.17 shows the simulated vaccination schedule

in King County.
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Figure A.2.17: Simulated trends in vaccine administered when periodic vaccine willingness
reduces by 50% less, 25% less, or same

Parameter calibration

We calibrated the following unknown model parameters: Infectivity of SARS-CoV-2, daily

contact probability between household members, daily contact rates of neighborhood, school, and

workplace, and default home quarantine percentage of symptomatic individuals. In the first step,

we sampled 1,000 candidate parameter sets using the Latin hypercube method and simulated each

parameter set with 200 replications. We initially infected 10 random individuals and simulated

for 30 days and identified average secondary infections caused by the initial infectors to calculate

R0. Through this process, 55 parameter sets yielded R0 values between 2 and 4, a known range

for COVID-19 [6]. Then, we used Minitab 19.2020.1 (Minitab LLC) to identify clusters of the 55

parameter sets using complete-linkage method. This resulted in 8 clusters.

In the second step, we simulated public health interventions in King County from January 15,

2020, through December 31, 2020, by observing the region’s sequence of interventions (See Figure

A.2.18). We fit compliance to social distancing using IHME’s data on WA’s social distancing [22].

We assumed that compliance to social distancing is low if changes in mobility is -20 to -30%,

medium if the change is -30 to -40%, and high if the change is over -40%. From late August to

early October 2020, there was a change in mobility between -16% and -19% in some days, but

considering the small differences, the social distance was kept low. Compliance to face mask use

was also based on IHME data [22]. We identified the first days that face mask usage exceeds 25%,

50%, and 75%, respectively. School closure was based on King County timeline [44]. Testing and

contact tracing were based on Lee et al. [29]. Finally, we selected the cluster with the smallest
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difference between the time-weighted sum of 7-day moving average reported deaths during the

calibration period.

Figure A.2.19 shows calibration results on reported deaths, hospitalizations, and diagnosed

cases. Although reported deaths in the second half of 2020 appear slightly later and higher than

the model outcomes, the later peak is likely due to the fact that the time from infection to death

continues to increase with advances in medical care, and higher mortality could occur due to the

congestion in hospitals that cause excess deaths. As hospitalizations and cases show similar trends

to the reported data, we conclude our calibration was appropriate.

Figure A.2.18: Diagram of simulated interventions from January 15, 2020, to December 31, 2020
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Figure A.2.19: Calibration to reported deaths, hospitalizations, and cases in King County, WA.
The 50% confidence interval was obtained by calculating 25% and 75% percentiles at each time
step. Hospitalizations reported in King County were based on the date of admission and model

results were based on the date of infection. For comparison, we moved the reported
hospitalizations to 12 days earlier, and graphed both outcomes based on the date of infection

A.2.2 SARS-CoV-2 Disease Model Equations with with Viral Variants and Waning Immunity

Transmission equation

Household transmission For an infectious person i who is infected from variant type x, we con-

sider his or her household transmission for each dth infectious day. For each susceptible household

member j, j becomes infected with Household infection probability (i, j,x,d):

Household infection probability (i, j,x,d) = (daily household contact probability)× (1 - reduction

in contact if i is home quarantined)

× (infectivity of x)

×daily infectivity(i, d)× (reduced infectiousness

if i is asymptomatic)

× (1-immune protection against infection( j,x)).

Non-household transmission (neighborhood, a workplace, or a school) If an infectious person

i is present at the place p on dth infectious day and is infected from variant type x, the expected
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number of contacts is the Contact count (i, x, p, d):

Contact count (i, x, p, d) = (daily contacts per day (p))× (infectivity of x)×daily infectivity (i, d)

× (reduced infectiousness if i is asymptomatic).

If Contact count (i,x, p,d) is not integer, stochastic rounding is needed. If Contact count (i,x, p,d)

= k, then

Actual contact count(i,x, p,d) = Round(k) =

{
⌊k⌋ with probability 1− (k−⌊k⌋)
⌊k⌋+1 with probability (k−⌊k⌋)

For example, if k = 2.7, Actual contact count(i,x, p,d) would be 2 with probability 0.3 and 3 with

probability 0.7. We randomly select Actual contact count (i,x, p,d) individuals in place p on day d.

For each contactee j in the place p, if j is susceptible and present in the place, j becomes infected

with Non-household infection probability (i, j):

Non-household infection probability (i, j) = (1 - effectiveness of wearing face mask if i uses mask)×

(1 - effectiveness of wearing face mask if j uses mask).

Symptomatic disease equation

An infected individual i who is infected from variant type x will experience symptoms depend-

ing on their age and variant type with Probability of symptomatic disease(i,x):

Probability of symptomatic disease(i,x) = (1-probability of asymptomatic infection by age (i))

× (relative disease severity of variant x)

Infection fatality equation

An infected individual i who is infected from variant type x may die from COVID-19 depending

on their age, comorbidity, immunity protection and variant type x. The infection fatality equation
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is the Probability of death when infected (i,x):

Probability of death when infected (i,x) = (infection fatality ratio of i by age and comorbidity)

× (relative disease severity of variant x)

× (1-immune protection against death when infected (i,x))

where

immune protection against death when infected (i,x) = min
(

1− Ix
D(i)

1− Ix
I (i)

,1
)
,

Ix
D(i) = Ix

D(dv,dp),

Ix
I (i) = (Ix

v (dv), Ix
p(dp) or Ix

h(dv,dp)),

dv = Individual i’s days since last vaccination date,

dp = Individual i’s days since last infections date.

The immune protection against death when infected is based on [30].
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A.2.3 Results – Impact of viral mutation on SARS-CoV-2 infections

Figure A.2.20 shows the impact of viral mutation on SARS-CoV-2 infections from January 15,

2020 to December 31, 2023 when periodic vaccination rate is assumed to decrease by 25% for

each additional booster vaccine and NPI policy is assumed to be Timeline 1.

Figure A.2.20: Impact of viral mutation on SARS-CoV-2 infections while varying infectivity and
immune evasion from vaccination or previous infection. Virus mutation scenarios are listed in the

upper left corner of each graph. Colored lines in each graph indicate the first imported date of
each variant. Periodic vaccination rate is assumed to decrease by 25% for each additional booster

vaccine and NPI policy is assumed to be Timeline 1
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A.2.4 Results – Impact of viral mutation, vaccination, and NPI policy on SARS-CoV-2 daily

deaths

Impact of viral mutation and periodic vaccination rate on SARS-CoV-2 daily deaths

Figure A.2.21 illustrates the impact of viral mutation and periodic vaccination rate on SARS-

CoV-2 daily deaths from January 15, 2020 to December 31, 2023. NPI policy is assumed to be

Timeline 1.

Figure A.2.21: The impact of viral mutation and periodic vaccination willingness policy from
January 15, 2020 to December 31, 2023. NPI policy is assumed to follow Timeline 1. Shaded
area in each line indicates 25th and 75th percentile values of daily deaths. In each graph, the
vertical grey line indicates the first imported date of each variant (the Alpha, the Delta, the

B.1.1.529 Omicron, and a new variant that mutates twice more). Red dotted lines represent the
number of daily deaths from influenza and pneumonia in Washington state in 2017, which is

calculated to be 0.65 deaths per day
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Impact of viral mutation and NPI policy on SARS-CoV-2 daily deaths

Figure A.2.22 illustrates the impact of viral mutation and NPI policy on SARS-CoV-2 daily

deaths from January 15, 2020 to December 31, 2023. Periodic vaccination rate is assumed to

reduce by 25% for each additional dose.

Figure A.2.22: The impact of viral mutation and NPI policy from January 15, 2020 to December
31, 2023. Periodic vaccination rate is assumed to reduce by 25% for each additional dose. Shaded

area in each line indicates the first imported date of each variant (the Alpha, the Delta, the
B.1.1.529 Omicron, and a new variant that mutates twice more). Red dotted lines represent the
number of daily deaths from influenza and pneumonia in Washington state in 2017, which is

calculated to be 0.65 deaths per day
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A.2.5 Results – Changes in NPI stages when Threshold NPI policy is applied

Figure A.2.23 illustrates the NPI stages in 2021-2023 for the Threshold policy that corresponds

to the settings in Figure 2.7 in the manuscript. For example, the Threshold policy in A.2.10A

corresponds to the same mutation setting in Figure 2.7A in the manuscript. The NPI stages shown

in Figure A.2.23 are averaged by 6-month intervals, where the red shading indicates NPI stage 1,

or lockdown, and the blue shading indicates NPI stage 4, or total opening. Before the introduction

of new variants (before June 2022), the society fluctuates between NPI stage 2 to 3.

Figure A.2.23: Changes in NPI stages (averaged by 6-month intervals) when Threshold NPI
policy is applied with varying mutation scenarios on infectivity, disease severity, and immune

protection from vaccination or previous infection



135

REFERENCES FOR APPENDIX A

1. A FAIR Health White Paper MM. Risk Factors for COVID-19 Mortality among Privately

Insured Patients: A Claims Data Analysis. Generic. [Online; accessed 10-August-2023].

2020. Available from: https : / / s3 . amazonaws . com / media2 . fairhealth . org /

whitepaper/asset/Risk%20Factors%20for%20COVID-19%20Mortality%20among%

20Privately%20Insured%20Patients%20-%20A%20Claims%20Data%20Analysis%

20-%20A%20FAIR%20Health%20White%20Paper.pdf

2. Altarawneh HN, Chemaitelly H, Hasan MR, Ayoub HH, Qassim S, AlMukdad S, et al.

Protection against the Omicron Variant from Previous SARS-CoV-2 Infection. N Engl J

Med 2022; 386:1288–90. DOI: 10.1056/NEJMc2200133

3. Anderson RM, Heesterbeek H, Klinkenberg D, and Hollingsworth TD. How will country-

based mitigation measures influence the course of the COVID-19 epidemic? The lancet

2020; 395:931–4

4. Basu A. Estimating The Infection Fatality Rate Among Symptomatic COVID-19 Cases In

The United States: Study estimates the COVID-19 infection fatality rate at the US county

level. Health Affairs 2020 :10–1377

5. Centers for Disease Control and Prevention. COVID-19 Pandemic Planning Scenarios.

[Online; accessed 15-April-2023]. 2020. Available from: https : / / www . cdc . gov /

coronavirus/2019-ncov/hcp/planning-scenarios.html

6. Centers for Disease Control and Prevention. COVID-19 Pandemic Planning Scenarios.

[Online; accessed 19-March-2021]. 2020. Available from: https : / / www . cdc . gov /

coronavirus / 2019 - ncov / hcp / planning - scenarios - archive / planning -

ccenarios-2021-03-19.pdf

7. Centers for Disease Control and Prevention. COVID-19: When to Quarantine. [Online; ac-

cessed 10-August-2020]. 2020. Available from: https://www.cdc.gov/coronavirus/

2019-ncov/if-you-are-sick/quarantine.html

https://s3.amazonaws.com/media2.fairhealth.org/whitepaper/asset/Risk%20Factors%20for%20COVID-19%20Mortality%20among%20Privately%20Insured%20Patients%20-%20A%20Claims%20Data%20Analysis%20-%20A%20FAIR%20Health%20White%20Paper.pdf
https://s3.amazonaws.com/media2.fairhealth.org/whitepaper/asset/Risk%20Factors%20for%20COVID-19%20Mortality%20among%20Privately%20Insured%20Patients%20-%20A%20Claims%20Data%20Analysis%20-%20A%20FAIR%20Health%20White%20Paper.pdf
https://s3.amazonaws.com/media2.fairhealth.org/whitepaper/asset/Risk%20Factors%20for%20COVID-19%20Mortality%20among%20Privately%20Insured%20Patients%20-%20A%20Claims%20Data%20Analysis%20-%20A%20FAIR%20Health%20White%20Paper.pdf
https://s3.amazonaws.com/media2.fairhealth.org/whitepaper/asset/Risk%20Factors%20for%20COVID-19%20Mortality%20among%20Privately%20Insured%20Patients%20-%20A%20Claims%20Data%20Analysis%20-%20A%20FAIR%20Health%20White%20Paper.pdf
https://doi.org/10.1056/NEJMc2200133
https://www.cdc.gov/coronavirus/2019-ncov/hcp/planning-scenarios.html
https://www.cdc.gov/coronavirus/2019-ncov/hcp/planning-scenarios.html
https://www.cdc.gov/coronavirus/2019-ncov/hcp/planning-scenarios-archive/planning-ccenarios-2021-03-19.pdf
https://www.cdc.gov/coronavirus/2019-ncov/hcp/planning-scenarios-archive/planning-ccenarios-2021-03-19.pdf
https://www.cdc.gov/coronavirus/2019-ncov/hcp/planning-scenarios-archive/planning-ccenarios-2021-03-19.pdf
https://www.cdc.gov/coronavirus/2019-ncov/if-you-are-sick/quarantine.html
https://www.cdc.gov/coronavirus/2019-ncov/if-you-are-sick/quarantine.html


136

8. Centers for Disease Control and Prevention. Science Brief: Community Use of Cloth Masks

to Control the Spread of SARS-CoV-2. Generic. [Online; accessed 15-April-2023]. 2021.

Available from: https://stacks.cdc.gov/view/cdc/105951

9. Centers for Disease Control and Prevention. Science Brief: SARS-CoV-2 Infection-induced

and Vaccine-induced Immunity. Web Page. [Online; accessed 19-October-2021]. 2021.

Available from: https://www.cdc.gov/coronavirus/2019-ncov/science/science-

briefs/vaccine-induced-immunity.html

10. Clark A, Jit M, Warren-Gash C, Guthrie B, Wang HH, Mercer SW, et al. How many are at

increased risk of severe COVID-19 disease? Rapid global, regional and national estimates

for 2020. MedRxiv 2020. DOI: 10.1101/2020.04.18.20064774

11. Davies NG, Klepac P, Liu Y, Prem K, Jit M, Pearson CA, et al. Age-dependent effects in

the transmission and control of COVID-19 epidemics. Nature Medicine 2020; 26:1205–11.

DOI: 10.1038/s41591-020-0962-9

12. Earnest R, Uddin R, Matluk N, Renzette N, Turbett SE, Siddle KJ, et al. Comparative trans-

missibility of SARS-CoV-2 variants Delta and Alpha in New England, USA. Cell Reports

Medicine 2022; 3:100583. DOI: https://doi.org/10.1016/j.xcrm.2022.100583

13. Eikenberry SE, Mancuso M, Iboi E, Phan T, Eikenberry K, Kuang Y, et al. To mask or not to

mask: Modeling the potential for face mask use by the general public to curtail the COVID-

19 pandemic. Infectious Disease Modelling 2020; 5:293–308. DOI: https://doi.org/

10.1016/j.idm.2020.04.001

14. Ferdinands JM, Rao S, Dixon BE, Mitchell PK, DeSilva MB, Irving SA, et al. Waning 2-

dose and 3-dose effectiveness of mRNA vaccines against COVID-19–associated emergency

department and urgent care encounters and hospitalizations among adults during periods of

Delta and Omicron variant predominance—VISION Network, 10 states, August 2021–Jan-

uary 2022. Morbidity and Mortality Weekly Report 2022; 71:255. Available from: https:

//www.cdc.gov/mmwr/volumes/71/wr/pdfs/mm7107e2-H.pdf

15. Fisman DN and Tuite AR. Evaluation of the relative virulence of novel SARS-CoV-2 vari-

ants: a retrospective cohort study in Ontario, Canada. CMAJ 2021; 193:E1619–E1625. DOI:

10.1503/cmaj.211248

https://stacks.cdc.gov/view/cdc/105951
https://www.cdc.gov/coronavirus/2019-ncov/science/science-briefs/vaccine-induced-immunity.html
https://www.cdc.gov/coronavirus/2019-ncov/science/science-briefs/vaccine-induced-immunity.html
https://doi.org/10.1101/2020.04.18.20064774
https://doi.org/10.1038/s41591-020-0962-9
https://doi.org/https://doi.org/10.1016/j.xcrm.2022.100583
https://doi.org/https://doi.org/10.1016/j.idm.2020.04.001
https://doi.org/https://doi.org/10.1016/j.idm.2020.04.001
https://www.cdc.gov/mmwr/volumes/71/wr/pdfs/mm7107e2-H.pdf
https://www.cdc.gov/mmwr/volumes/71/wr/pdfs/mm7107e2-H.pdf
https://doi.org/10.1503/cmaj.211248


137

16. Flagg LA and Anderson RN. National Vital Statistics Reports. Generic. [Online; accessed

19-March-2021]. 2021. Available from: https://www.cdc.gov/nchs/data/nvsr/

nvsr69/nvsr69-14-508.pdf

17. Food Drug Administration. Vaccines and related biological products advisory committee

meeting december 10, 2020: FDA briefing document, Pfizer-BioNTech COVID-19 vaccine.

Web Page. [Online; Accessed 19-July-2022]. 2020. Available from: https://www.fda.

gov/media/144245/download

18. Fort H. A very simple model to account for the rapid rise of the alpha variant of SARS-CoV-

2 in several countries and the world. Virus Research 2021; 304:198531

19. Fowlkes AL, Yoon SK, Lutrick K, Gwynn L, Burns J, Grant L, et al. Effectiveness of 2-

dose BNT162b2 (Pfizer BioNTech) mRNA vaccine in preventing SARS-CoV-2 Infection

among children aged 5–11 years and adolescents aged 12–15 years—PROTECT Cohort,

July 2021–February 2022. Morbidity and Mortality Weekly Report 2022; 71:422. Available

from: http://dx.doi.org/10.15585/mmwr.mm7111e1external

20. He X, Lau EH, Wu P, Deng X, Wang J, Hao X, et al. Temporal dynamics in viral shedding

and transmissibility of COVID-19. Nature medicine 2020; 26:672–5

21. Holshue ML, DeBolt C, Lindquist S, Lofy KH, Wiesman J, Bruce H, et al. First case of

2019 novel coronavirus in the United States. New England Journal of Medicine 2020

22. Institute for Health Metrics and Evaluation. COVID-19 Projections. [Online; accessed

10-January-2023]. 2020. Available from: https : / / covid19 . healthdata . org /

projections

23. Jalali N, Brustad HK, Frigessi A, MacDonald EA, Meijerink H, Feruglio SL, et al. In-

creased household transmission and immune escape of the SARS-CoV-2 Omicron variant

compared to the Delta variant: evidence from Norwegian contact tracing and vaccination

data. MedRxiv 2022

24. Kimball S. Covid vaccinations for children under age 5 to begin as early as June 21,

White House says. Web Page. [Online; Accessed 14-September-2022]. 2022. Available

from: https : / / www . cnbc . com / 2022 / 06 / 02 / white - house - expects - covid -

vaccinations-for-children-under-5-to-begin-as-early-as-june-21.html

https://www.cdc.gov/nchs/data/nvsr/nvsr69/nvsr69-14-508.pdf
https://www.cdc.gov/nchs/data/nvsr/nvsr69/nvsr69-14-508.pdf
https://www.fda.gov/media/144245/download
https://www.fda.gov/media/144245/download
http://dx.doi.org/10.15585/mmwr.mm7111e1external
https://covid19.healthdata.org/projections
https://covid19.healthdata.org/projections
https://www.cnbc.com/2022/06/02/white-house-expects-covid-vaccinations-for-children-under-5-to-begin-as-early-as-june-21.html
https://www.cnbc.com/2022/06/02/white-house-expects-covid-vaccinations-for-children-under-5-to-begin-as-early-as-june-21.html


138

25. King County - Department of Health. Case investigation and contact tracing dashboard. Web

Page. [Online; accessed 18-July-2021]. 2021. Available from: https://kingcounty.

gov/depts/health/covid-19/data/contact-tracing.aspx

26. King County - Department of Health. Summary of COVID vaccination among King County

residents. Web Page. [Online; accessed 1-June-2021]. 2021. Available from: https://

kingcounty.gov/depts/health/covid-19/data/vaccination.aspx

27. Kucharski A, Klepac P, Conlan A, Kissler S, Tang M, Fry H, et al. Effectiveness of isolation,

testing, contact tracing, and physical distancing on reducing transmission of SARS-CoV-2

in different settings: a mathematical modelling study. The Lancet Infectious Diseases 2020

Jun; 20. DOI: 10.1016/S1473-3099(20)30457-6

28. Lauer SA, Grantz KH, Bi Q, Jones FK, Zheng Q, Meredith HR, et al. The incubation period

of coronavirus disease 2019 (COVID-19) from publicly reported confirmed cases: estima-

tion and application. Annals of internal medicine 2020; 172:577–82

29. Lee S, Zabinsky ZB, Wasserheit JN, Kofsky SM, and Liu S. COVID-19 Pandemic Response

Simulation in a Large City: Impact of Nonpharmaceutical Interventions on Reopening So-

ciety. Med Decis Making 2021; 41:419–29. DOI: 10.1177/0272989X211003081

30. Lego V di, Sanchez-Romero M, and Prskawetz A. The impact of COVID-19 vaccines on

the Case Fatality Rate: The importance of monitoring breakthrough infections. Int J Infect

Dis 2022; 119:178–83. DOI: 10.1016/j.ijid.2022.03.059

31. Liu F, Enanoria WT, Zipprich J, Blumberg S, Harriman K, Ackley SF, et al. The role of

vaccination coverage, individual behaviors, and the public health response in the control

of measles epidemics: an agent-based simulation for California. BMC public health 2015;

15:447

32. Minitab 18. Interpret the key results for Cluster Variables. [Online; accessed 15-February-

2021]. 2019. Available from: https://support.minitab.com/en- us/minitab/

18/help-and-how-to/modeling-statistics/multivariate/how-to/cluster-

variables / interpret - the - results / key - results / #step - 1 - examine - the -

similarity-and-distance-levels

https://kingcounty.gov/depts/health/covid-19/data/contact-tracing.aspx
https://kingcounty.gov/depts/health/covid-19/data/contact-tracing.aspx
https://kingcounty.gov/depts/health/covid-19/data/vaccination.aspx
https://kingcounty.gov/depts/health/covid-19/data/vaccination.aspx
https://doi.org/10.1016/S1473-3099(20)30457-6
https://doi.org/10.1177/0272989X211003081
https://doi.org/10.1016/j.ijid.2022.03.059
https://support.minitab.com/en-us/minitab/18/help-and-how-to/modeling-statistics/multivariate/how-to/cluster-variables/interpret-the-results/key-results/#step-1-examine-the-similarity-and-distance-levels
https://support.minitab.com/en-us/minitab/18/help-and-how-to/modeling-statistics/multivariate/how-to/cluster-variables/interpret-the-results/key-results/#step-1-examine-the-similarity-and-distance-levels
https://support.minitab.com/en-us/minitab/18/help-and-how-to/modeling-statistics/multivariate/how-to/cluster-variables/interpret-the-results/key-results/#step-1-examine-the-similarity-and-distance-levels
https://support.minitab.com/en-us/minitab/18/help-and-how-to/modeling-statistics/multivariate/how-to/cluster-variables/interpret-the-results/key-results/#step-1-examine-the-similarity-and-distance-levels


139

33. Moghadas SM, Vilches TN, Zhang K, Wells CR, Shoukat A, Singer BH, et al. The Impact

of Vaccination on Coronavirus Disease 2019 (COVID-19) Outbreaks in the United States.

Clin Infect Dis 2021; 73:2257–64. DOI: 10.1093/cid/ciab079

34. O’Dowd A. Covid-19: Johnson is on back foot over next steps to control pandemic. BMJ

2020; 369. DOI: 10.1136/bmj.m2152

35. Port of Seattle. Confirmed COVID-19 Positive Tests at SEA. Web Page. [Online; accessed

15-March-2021]. 2021. Available from: https://www.portseattle.org/node/13520

36. Reiner B. COVID-19 model update: Omicron and waning immunity. Web Page. 2021.

Available from: https://www.healthdata.org/special-analysis/omicron-and-

waning-immunity

37. Sheehan MM, Reddy AJ, and Rothberg MB. Reinfection rates among patients who pre-

viously tested positive for coronavirus disease 2019: a retrospective cohort study. Clinical

Infectious Diseases 2021; 73:1882–6

38. Stankiewicz K. Pfizer director Dr. Scott Gottlieb says Covid vaccine for kids 5 to 11 could

come by winter. Web Page. [Online; Accessed 5-September-2021]. 2021. Available from:

https://www.cnbc.com/2021/08/30/pfizer-director-dr-scott-gottlieb-on-

covid-vaccine-for-kids-5-to-11.html

39. Tseng HF, Ackerson BK, Luo Y, Sy LS, Talarico CA, Tian Y, et al. Effectiveness of mRNA-

1273 against SARS-CoV-2 Omicron and Delta variants. Nat Med 2022; 28:1063–71

40. UK Health Security Agency. COVID-19 vaccine surveillance report - Week 11. Web Page.

[Online; accessed 14-June-2022]. 2022. Available from: https://assets.publishing.

service.gov.uk/government/uploads/system/uploads/attachment_data/file/

1061532/Vaccine_surveillance_report_-_week_11.pdf

41. UK Health Security Agency. COVID-19 vaccine surveillance report - Week 24. Web

Page. [Online; accessed 14-September-2022]. 2022. Available from: https://assets.

publishing . service . gov . uk / government / uploads / system / uploads /

attachment_data/file/1083443/Vaccine-surveillance-report-week-24.pdf

42. Ulloa AC, Buchan SA, Daneman N, and Brown KA. Estimates of SARS-CoV-2 Omicron

Variant Severity in Ontario, Canada. JAMA 2022; 327:1286–8. DOI: 10.1001/jama.

2022.2274

https://doi.org/10.1093/cid/ciab079
https://doi.org/10.1136/bmj.m2152
https://www.portseattle.org/node/13520
https://www.healthdata.org/special-analysis/omicron-and-waning-immunity
https://www.healthdata.org/special-analysis/omicron-and-waning-immunity
https://www.cnbc.com/2021/08/30/pfizer-director-dr-scott-gottlieb-on-covid-vaccine-for-kids-5-to-11.html
https://www.cnbc.com/2021/08/30/pfizer-director-dr-scott-gottlieb-on-covid-vaccine-for-kids-5-to-11.html
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1061532/Vaccine_surveillance_report_-_week_11.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1061532/Vaccine_surveillance_report_-_week_11.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1061532/Vaccine_surveillance_report_-_week_11.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1083443/Vaccine-surveillance-report-week-24.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1083443/Vaccine-surveillance-report-week-24.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1083443/Vaccine-surveillance-report-week-24.pdf
https://doi.org/10.1001/jama.2022.2274
https://doi.org/10.1001/jama.2022.2274


140

43. Verity R, Okell LC, Dorigatti I, Winskill P, Whittaker C, Imai N, et al. Estimates of the

severity of coronavirus disease 2019: a model-based analysis. The Lancet Infectious Dis-

eases 2020. DOI: 10.1016/S1473-3099(20)30243-7

44. Washington Office of Superintendent of Public Instruction. School Facility ReOpening Sur-

vey. Web Page. [Online; Accessed 19-July-2021]. 2021. Available from: https://data.

wa.gov/dataset/School-Facility-ReOpening-Survey/9i5d-c2m8

45. Washington State, Department of Health. Everyone 12 and older now eligible for Pfizer-

BioNTech COVID-19 vaccine. Web Page. [Online; accessed 5-Sep-2021]. 2021. Available

from: https://www.doh.wa.gov/Newsroom/Articles/ID/2780/Everyone-12-and-

older-now-eligible-for-Pfizer-BioNTech-COVID-19-vaccine

46. Washington State, Department of Health. Interim COVID-19 Vaccination Plan-October

2020, version 1. Web Page. [Online; accessed 14-Sep-2022]. 2020. Available from: https:

//www.doh.wa.gov/Portals/1/Documents/1600/coronavirus/WA-COVID-19-

Vaccination-Plan.pdf

47. Washington State, Department of Health. Roadmap to Recovery Metrics. Web Page. [On-

line; accessed 20-June-2021]. 2021. Available from: https://coronavirus.wa.gov/

what-you-need-know/roadmap-recovery-metrics

48. Washington State, Department of Health. SARS-CoV-2 Sequencing and Variants in Wash-

ington State. Web Page. [Online; accessed 6-September-2022]. 2022. Available from:

https : / / doh . wa . gov / sites / default / files / 2022 - 02 / 420 - 316 -

SequencingAndVariantsReport.pdf?uid=63179ee18bd2e

49. Washington State, Department of Health. Washington’s COVID-19 Vaccine Phases. Web

Page. [Online; accessed 1-June-2021]. 2021. Available from: https://www.doh.wa.gov/

Portals/1/Documents/1600/coronavirus/VaccinationPhasesInfographic.pdf

50. Washington State, The Office of The Governor. Safe Start Washington – Phased Reopening

County-by-County. [Online; accessed 22-October-2020]. 2020. Available from: https:

//www.governor.wa.gov/sites/default/files/SafeStartPhasedReopening.pdf

51. Wheaton W and RTI International. US Synthetic Population 2010 Version 1.0: Quick Start

Guide. [Online; accessed 1-December-2020]. 2014. Available from: https://www.rti.

org/impact/rti-us-synthetic-household-population%E2%84%A2

https://doi.org/10.1016/S1473-3099(20)30243-7
https://data.wa.gov/dataset/School-Facility-ReOpening-Survey/9i5d-c2m8
https://data.wa.gov/dataset/School-Facility-ReOpening-Survey/9i5d-c2m8
https://www.doh.wa.gov/Newsroom/Articles/ID/2780/Everyone-12-and-older-now-eligible-for-Pfizer-BioNTech-COVID-19-vaccine
https://www.doh.wa.gov/Newsroom/Articles/ID/2780/Everyone-12-and-older-now-eligible-for-Pfizer-BioNTech-COVID-19-vaccine
https://www.doh.wa.gov/Portals/1/Documents/1600/coronavirus/WA-COVID-19-Vaccination-Plan.pdf
https://www.doh.wa.gov/Portals/1/Documents/1600/coronavirus/WA-COVID-19-Vaccination-Plan.pdf
https://www.doh.wa.gov/Portals/1/Documents/1600/coronavirus/WA-COVID-19-Vaccination-Plan.pdf
https://coronavirus.wa.gov/what-you-need-know/roadmap-recovery-metrics
https://coronavirus.wa.gov/what-you-need-know/roadmap-recovery-metrics
https://doh.wa.gov/sites/default/files/2022-02/420-316-SequencingAndVariantsReport.pdf?uid=63179ee18bd2e
https://doh.wa.gov/sites/default/files/2022-02/420-316-SequencingAndVariantsReport.pdf?uid=63179ee18bd2e
https://www.doh.wa.gov/Portals/1/Documents/1600/coronavirus/VaccinationPhasesInfographic.pdf
https://www.doh.wa.gov/Portals/1/Documents/1600/coronavirus/VaccinationPhasesInfographic.pdf
https://www.governor.wa.gov/sites/default/files/SafeStartPhasedReopening.pdf
https://www.governor.wa.gov/sites/default/files/SafeStartPhasedReopening.pdf
https://www.rti.org/impact/rti-us-synthetic-household-population%E2%84%A2
https://www.rti.org/impact/rti-us-synthetic-household-population%E2%84%A2


141

52. Wise J. Covid-19: Omicron infection is poor booster to immunity, study finds. BMJ 2022;

377:o1474. DOI: 10.1136/bmj.o1474

53. Young BE, Ong SWX, Kalimuddin S, Low JG, Tan SY, Loh J, et al. Epidemiologic fea-

tures and clinical course of patients infected with SARS-CoV-2 in Singapore. JAMA 2020;

323:1488–94

https://doi.org/10.1136/bmj.o1474


142

Appendix B

APPENDIX OF CHAPTER 3
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B.1 Input Parameters

This section outlines the input parameters for the coupled dynamics model and vaccination

campaign simulations. Table B.1.1 provides the values and references for input model parameters.

The descriptions of the parameters are given in part of Table 2 in the main paper.

B.1.1 Physical contact matrix CBase

We obtained the 25× 25 physical contact matrix CBase, where CBase
i j is the probability that a

physical contact occurs from individuals in group i to group j, from two data sources. First, we

analyzed a week of mobile phone data (April 1, 2019 - April 8, 2019) provided by SafeGraph [8,

18] to obtain the 5× 5 regional contact matrix GBase. Second, we used a literature source [16] to

obtain a 5×5 age contact matrix, ABase. We normalized each matrix so their sums equal one. That

is, ∑rx ∑ry GBase
rxry

= 1 where rx and ry are geographic regions and ∑ax ∑ay ABase
axay

= 1 where ax and ay

are age ranges. Assuming that geographic region and age ranges have independent relations, the

final contact matrix CBase was calculated using the Kronecker product of GBase and ABase. Figure

B.1.1 provides the contact matrices.
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Figure B.1.1: Physical contact matrix (CBase) in King County, obtained by taking a Kronecker
product of the regional contact matrix GBase and age contact matrix ABase.

B.1.2 Opinion sharing matrix OBase

Data on 25× 25 opinion sharing matrix OBase, where OBase
i j is defined as the probability that

an opinion sharing occurs from individuals in group i to group j, was unavailable by age and

geography level. Thus, in the base case, we assumed that OBase generally follows the structure of

the physical contact matrix CBase, with one key modification to the age contact matrix for children.

Specifically, we used the same 5× 5 regional contact matrix GBase and adjusted the 5× 5 age

contact matrix ABase to be AOpinionBase. In the opinion sharing age contact matrix, we assume that

children’s opinions (aged 0 to 17) do not influence the opinions of older individuals. The modified

age contact matrix AOpinionBase is formulated as

AOpinionBase
axay

=

0 if axis Age 0-17 and ayis not Age 0-17

ABase
axay

otherwise.

We then normalized AOpinionBase so its sum equals one. Finally, the opinion sharing matrix OBase

was calculated using the Kronecker product of GBase and AOpinionBase. Figure B.1.2 provides the

contact matrices.
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Figure B.1.2: Opinion sharing matrix (OBase) in King County, obtained by taking a Kronecker
product of the regional contact matrix GBase and age contact matrix AOpinionBase.

B.1.3 Opinion sharing matrix in online networks OOnline

In the sensitivity analysis, we incorporate online social network data to construct the 25× 25

online opinion sharing matrix (OOnline). We use the Facebook Social Connectedness Index to

derive the 5×5 online regional contact matrix GOnline. The Facebook index measures the regional

connectivity of Facebook users and their friendship networks at the zip code tabulation level [1].

By mapping zip codes to our geographic region level, we calculate the corresponding regional

sharing matrix GOnline.

Additionally, we obtain the 5 × 5 online age contact matrix AOnline by incorporating social

media usage probability by age ranges [3, 14]. Denoting this probability as Uax , the usage rates are

40%, 84%, 81%, 73%, and 45% for age ranges 0-17, 18-34, 35-49, 50-64, and 65+, respectively.

We multiply these probabilities with the previously derived age matrix AOpinionBase. That is,

AOnline
axay

=Uax ×AOpinionBase
axay

.

We then normalize AOnline so that its sum equals one. Finally, the opinion sharing matrix in online

OOnline was calculated using the Kronecker product of GOnline and AOnline. Figure B.1.3 provides

the contact matrices.
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Figure B.1.3: Opinion sharing matrix in online networks (OOnline) in King County, obtained by
taking a Kronecker product of the regional contact matrix GOnline and age contact matrix AOnline.

B.2 Initial State Variables

Table B.2.2 presents the initial population and vaccination population rate for each group. The

fourth column, initial population Ni(0), was based on 2020 population [13]. The pro-vaccination

population rate Pi(0)/Ni(0), was obtained using the bivalent booster vaccination rate for COVID-

19 as of January 4, 2023 [5, 22]. Because CDC provides a single rate for the age range 18 to

64 [5], we divided the age range 18 to 64 into three groups (18 to 34, 35 to 49, and 50 to 64)

and estimated the vaccination rate for each group by using the relative vaccination rates in WA

[22]. We assumed that the vaccination rate only varies by age and not across region groups due

to data limits. The anti-vaccination population rate Ai(0)/Ni(0) was calculated by subtracting the

pro-vaccination population rate from 1 (i.e., Ai(0)/Ni(0) = 1−Pi(0)/Ni(0)).

Within each of anti- and pro-vaccination groups (Ai(0),Pi(0)), individuals can be in one of

four disease status (S, I,R,D). We assume that the initial proportion of individuals in each disease

compartment is identical across both vaccination groups. Due to data challenges, we calibrated an

initial susceptible population rate s(0) that applies to all groups. The initial infectious population

rate i(0), as of January 4, 2023, was estimated from summing the reported cases for a ten-day

period (January 4 to January 13) and dividing by an estimated infection-detection rate of 0.04

[17]. This resulted in an overall infectious population rate i(0) of 2.68% across all region and

age ranges. We model that there is no deceased individuals at the initial setting. The remaining

population is initially placed in the recovered compartment. This setup results in the following
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initial state variables for each group i,

SA
i (0)/Ai(0) = SP

i (0)/Pi(0) = s(0)

IA
i (0)/Ai(0) = IP

i (0)/Pi(0) = i(0)

RA
i (0)/Ai(0) = RP

i (0)/Pi(0) = 1− s(0)− i(0)

DA
i (0)/Ai(0) = DP

i (0)/Pi(0) = 0.

B.3 Calibration

We calibrate six unknown parameters listed in Table B.3.3. These parameters include four

disease-related parameters (α,β , τm, s(0)) and two opinion-related parameters (o, φ ). For sim-

plicity, we collectively denote them as p = (p1, . . . , p6). Each parameter has a lower bound and an

upper bound, li ≤ pi ≤ ui which was derived from literature when available.

Figure B.3.4: Target data for King County, WA which consists of eight weekly data points on
vaccination, infectious, and deceased population from January to February 2023

Figure B.3.4 displays the target data y which consists of eight weekly data points from January

to February 2023 and comprises five data types. We use the notation yk,t to represent the target data,

where k refers to the type of a health outcome k ∈ {1, . . . ,5} and t represents each week, starting

from the first full week (day 7) up to the eighth week (day 56) (i.e., t ∈{7,14, . . . ,56}). Specifically,

k = 1,2, and 3 correspond to the percentage of the population that received the bivalent booster

vaccination in age ranges 0 to 17, 18 to 64, and over 65 in King County, WA, respectively [5]; k = 4

denotes the infectious population percentage in King County, WA, estimated from multiplying

reported confirmed cases by infection-detection rate [2, 7, 22]; and k = 5 represents the running

cumulative number of deaths in King County, WA [22]. We use gk,t(p) to represent the model
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health outcomes that correspond to the calibration parameter set p, as below

g1,t(p) =
∑r P(r,1)(t)

∑r N(r,1)(t)
, r ∈ (1, . . . ,5)

g2,t(p) =
∑r ∑a P(r,a)(t)

∑r ∑a N(r,a)(t)
, r ∈ (1, . . . ,5),a ∈ (2, . . . ,4)

g3,t(p) =
∑r P(r,5)(t)

∑r N(r,5)(t)
, r ∈ (1, . . . ,5)

g4,t(p) =
∑r ∑a IA

(r,a)(t)+ IP
(r,a)(t)

∑r ∑a N(r,a)(t)
, r ∈ (1, . . . ,5),a ∈ (1, . . . ,5)

g5,t(p) = ∑
r

∑
a

DA
(r,a)(t)+DP

(r,a)(t), r ∈ (1, . . . ,5),a ∈ (1, . . . ,5)

where groups are represented by (region, age) pair and t ∈ {7,14, . . . ,56}.

Our goodness-of-fit measure between target data yk,t and model outcomes gk,t(p) is calculated

as the sum of mean absolute errors (MAE), which is then normalized by the average of each target

data. We use MAE instead of mean squared error (MSE) because our normalized measure ranges

between 0 to 1, so the absolute difference provides an estimate of the absolute error, whereas MSE

tends to underestimate larger differences in the 0 to 1 range. The calibration optimization problem

is formulated as follows:

min
p

GOF(y,g(p)) =
5

∑
k=1

∑
t∈Tc

∣∣yk,t −gk,t(p)
∣∣

ȳk

s.t. l ≤ p ≤ u

p ∈ R6

where Tc = {7,14, . . . ,56}, ȳk = (1/|Tc|)∑t∈Tc yk,t , and l,u ∈ R6.

Finally, we use Latin Hypercube Sampling (LHS) [10] to sample 5,000 parameter sets and

choose the one that minimizes the objective function while meet the real-world trends. The best

parameter set projected a vaccination uptake of 6.7% without any campaign until end of October,

which is similar to observed data during that period (a 6.1% increase from January 1, 2023, to

October 31, 2023 [5]). Figure 2 in the main paper shows the calibration result.
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Input disease parameters

Notation Values References

Ci j See Figure B.1.1
β 2.57 per person per day Calibrated
vβ 0.5 [21]
vd 0.1 [21]
τm 213 days Calibrated
τr 10 days [4]
τd 30 days [4]
α 0.00013 Calibrated
ri r(1,1) = r(2,1) = r(3,1) = r(4,1) = r(5,1) = 0.16,

r(1,2) = r(2,2) = r(3,2) = r(4,2) = r(5,2) = 1.74,
r(1,3) = r(2,3) = r(3,3) = r(4,3) = r(5,3) = 7.83, [6]
r(1,4) = r(2,4) = r(3,4) = r(4,4) = r(5,4) = 25,
r(1,5) = r(2,5) = r(3,5) = r(4,5) = r(5,5) = 100

Input opinion parameters

Notation Values References

Oi j See Figure B.1.2
o 8.75 per person per day Calibrated
φ 2.94% Calibrated
ρ 0 to 1 Assumed
ν 0 to 0.00003 Assumed
kR 1/25000 to 1/15000 Assumed
kE 1/9 to 1/15 Assumed

Vaccination campaign related parameters

Notation Values References

T 365 days Assumed
n 25 groups Assumed
C 20,000 individuals Assumed

Table B.1.1: Parameters values and references
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Group Geographic
Region Age range Initial

Population
Ni(0)

Initial
Vaccination Rate

Pi(0)/Ni(0)

(1,1) Seattle 0 to 17 195,404 0.137
(1,2) 18 to 34 341,032 0.243
(1,3) 35 to 49 238,103 0.315
(1,4) 50 to 64 193,590 0.399
(1,5) 65 and over 143,355 0.614

(2,1) Seattle East 0 to 17 136,108 0.137
(2,2) 18 to 34 139,843 0.243
(2,3) 35 to 49 140,711 0.325
(2,4) 50 to 64 114,934 0.388
(2,5) 65 and over 81,827 0.614

(3,1) Federal Way 0 to 17 45,210 0.137
(3,2) -Auburn 18 to 34 44,472 0.243
(3,3) -Vashon Island 35 to 49 36,373 0.325
(3,4) 50 to 64 38,393 0.388
(3,5) 65 and over 26,364 0.614

(4,1) Issaquah Plateau 0 to 17 39,394 0.137
(4,2) -Tahoma 18 to 34 26,527 0.243
(4,3) -Maple Valley 35 to 49 37,742 0.325
(4,4) 50 to 64 32,360 0.388
(4,5) 65 and over 17,711 0.614

(5,1) Enumclaw Plateau 0 to 17 31,978 0.137

(5,2)
-Snoqualmie
Valley

18 to 34 23,965 0.243

(5,3) 35 to 49 28,111 0.325
(5,4) 50 to 64 26,920 0.388
(5,5) 65 and over 15,075 0.614

Table B.2.2: Initial population and vaccination rate for each group in King County, WA
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Parameter Description Lower
bound

Upper
bound

Reference

α Infection-fatality rate of reference age
range (18 to 29 years)

0.0001 0.0002 [15]

β Transmission rate of infectious individ-
uals

1.5 3.5 Assumed

τm Average number of days from recovery
to become susceptible

150 250 [19, 20]

s(0) Proportion of initially susceptible indi-
viduals for all groups

0.4 0.8 Assumed

o Average number of opinion sharing
contacts per day when sharing opinion

3 6 [9, 12, 23]

φ Initial proportion of pro-vaccinators
that share vaccination opinion

0.01 0.05 [11]

Table B.3.3: Calibration parameters and their upper and lower bounds
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