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SUMMARY

Simulation modeling is a mainstay in the toolbox of systems management. They explic-

itly model the inner workings of a system and can be used to predict the outcome of changes

to system parameters. This is especially useful when the system is very complex or when

experimentation is impractical or unethical. Rapid advancements in computational power

are increasing the scale of simulations that can be built, making them ever more popular.

Due to their high degree of interpretability, simulation has long been used in medical and

public health decision making. In this thesis, we continue its history of use by presenting

applications to three current and important epidemics.

In Part I, we present the COVID-19 Policy Simulator, an online tool for simulating the

trajectory of the COVID-19 pandemic under different non-pharmaceutical interventions.

Chapter 1 serves as its of�cial documentation, describing its purpose, evolution, contri-

butions, and societal impact. Chapter 2 extends the model in Chapter 1 in an analysis of

periodic vaccination strategies for COVID-19 post-pandemic management. We show that

fast, aggressive vaccination can have an unintended downstream effect of inducing large

recurrent epidemics, while a slower pace of vaccination can reduce system volatility and

“�atten the curve.”

In Part II, we focus on nonalcoholic fatty liver disease (NAFLD). Chapter 3 is a cost-

effectiveness analysis of the American Gastroenterological Association's recently pub-

lished Clinical Care Pathway for the management of NAFLD in patients with type 2 di-

abetes mellitus. Chapter 4 is motivated by the increasing body of evidence suggesting

heritability of NAFLD, in particular, NAFLD-related liver �brosis. We propose a method

for generating �rst-degree relative networks with familial aggregation of NAFLD that can

be used to evaluate cost-effectiveness of familial screening policies.

In Part III, we develop a microsimulation model of the opioid epidemic in four Ken-

tucky counties that are part of the landmark HEALing Communities Study (HCS). We de-

xv



rive a counterfactual scenario in which HCS interventions did not take place during 2020 to

2021, and used the difference to quantify the effectiveness of interventions. Model outputs

suggest that HCS interventions had a modest impact on the opioid epidemic. Additional

resources are needed to scale up interventions.
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CHAPTER 1

INTRODUCTION

Simulation modeling is a mainstay in the toolbox of systems management. They explicitly

model the inner workings of a system and can be used to predict the outcome of changes

to system parameters. This is especially useful when the system is very complex or when

experimentation is impractical or unethical. Rapid advancements in computational power

are increasing the scale of simulations that can be built, making them ever more popular.

Due to their high degree of interpretability, simulation has long been used in medical and

public health decision making. In this thesis, we continue its history of use by presenting

applications to three current and important epidemics.

In Part I, we present the COVID-19 Policy Simulator, an online tool for simulating the

trajectory of the COVID-19 pandemic under different non-pharmaceutical interventions.

Chapter 2 serves as its of�cial documentation, describing its purpose, evolution, contri-

butions, and societal impact. Chapter 3 extends the model in Chapter 2 in an analysis of

periodic vaccination strategies for COVID-19 post-pandemic management. We show that

fast, aggressive vaccination can have an unintended downstream effect of inducing large

recurrent epidemics, while a slower pace of vaccination can reduce system volatility and

“�atten the curve.”

In Part II, we focus on nonalcoholic fatty liver disease (NAFLD). Chapter 4 is a cost-

effectiveness analysis of the American Gastroenterological Association's recently pub-

lished Clinical Care Pathway for the management of NAFLD in patients with type 2 di-

abetes mellitus. Chapter 5 is motivated by the increasing body of evidence suggesting

heritability of NAFLD, in particular, NAFLD-related liver �brosis. We propose a method

for generating �rst-degree relative networks with familial aggregation of NAFLD that can

be used to evaluate cost-effectiveness of familial screening policies.
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In Part III, we develop a microsimulation model of the opioid epidemic in four Ken-

tucky counties that are part of the landmark HEALing Communities Study (HCS). We de-

rive a counterfactual scenario in which HCS interventions did not take place during 2020 to

2021, and used the difference to quantify the effectiveness of interventions. Model outputs

suggest that HCS interventions had a modest impact on the opioid epidemic. Additional

resources are needed to scale up interventions.

2



Part I

COVID-19
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CHAPTER 2

THE COVID-19 POLICY SIMULATOR

2.1 Introduction

The emergence of SARS-CoV-2 in December 2019 caused a major public health crisis that

brought unprecedented disruptions to the global economy and the daily lives of billions of

people [1]. On March 11, 2020, after more than 118,000 cases and 4,291 deaths across

114 countries, the World Health Organization (WHO) declared COVID-19 a pandemic.

Shortly after, the Trump Administration declared a nationwide emergency in the United

States (US), issuing a travel ban on non-US citizens arriving from 26 European countries.

States followed suit by implementing closures in order to curb local spread of COVID-19.

The shutdown of the New York City public school system, the largest school system in

the US, affected 1.1 million students. California issued a statewide stay-at-home order,

advising residents not to leave home unless necessary and mandating the closure of non-

essential businesses, such as restaurants, bars, �tness centers, museums, theaters, music

and sporting venues, and retail stores not listed as essential. By April 2020, all states had

implemented non-pharmaceutical interventions (NPIs) to varying degrees, but masking and

social distancing recommendations were met with strong resistance from some members of

the population [2]. And as the summer months approached, the states of Georgia, Alaska,

and Oklahoma were already beginning to lift restrictions despite the heavy toll COVID-

19 was taking on the healthcare system, which was struggling with severe shortages of

personal protective equipment (PPE), like medical gowns, eye shields, masks, and even

body bags.

The COVID-19 Simulator Consortium was formed in March 2020 by a group of re-

searchers from the Georgia Institute of Technology and the Massachusetts General Hospital

4



Institute for Technology Assessment, when it become clear that the general public and pol-

icy makers alike lacked interactive, open-access tools to guide data-driven decision making

on a personal and bureaucratic level. The COVID-19 Simulator website [3], launched on

April 24, 2020, was created to host its �agship tool, the COVID-19 Policy Simulator. Its

purpose was to demonstrate the effect of NPIs on the short-term disease trajectory, and thus

encourage adherence to NPIs during critical phases of the pandemic. The interactive aspect

of the tool was in allowing users to construct a custom NPI strategy and generate COVID-

19 projections on-the-�y for this hypothetical scenario, thereby allowing the user to run

the underlying epidemiological model via a graphical user interface. From its launch to

the time development was paused, the online tool and epidemiological model were updated

constantly to stay relevant to the rapidly-changing situation. Table 2.1 lists major model

updates and the dates on which they were implemented.

Table 2.1: Major updates to the COVID-19 Policy Simulator model

Date Update
February 17, 2021 Rollout of the vaccine primary series
July 19, 2021 Switched to using hospital and ICU occupancy data from [4]
September 13, 2021 Age-strati�cation to incorporate newly available age-strati�ed vaccine data and

differential mortality risk of age groups
October 11, 2021 Lower vaccine effectiveness due to the Delta variant from August 1, 2021
December 6, 2021 Waning (natural and vaccine-conferred) immunity
December 20, 2021 Rollout of booster vaccines
January 10, 2022 Lower vaccine effectiveness due to the Omicron variant from December 1, 2021
March 12, 2022 Paused model development due to the low incidence of reported cases and deaths

The COVID-19 Simulator gradually expanded into a collection of open-access tools.

Aside from the Policy Simulator, the website features the COVID-19 Immunity Tracker,

the COVID-19 Football Tracker [5], and the COVID-19 Outbreak Tool [6]. Figure 2.1 is a

snapshot of the home page presenting all four tools as of March 12, 2022.

The rest of this chapter is organized as follows. Section 2.2 provides an overview of

the online tool, including step-by-step instructions for its use. Section 2.3 is a complete

description of the underlying model. And Section 2.4 discusses the impact of the online

tool, highlighting achievements and notable use cases.
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Figure 2.1: Home page of the COVID-19 Simulator

Figure 2.2: User interface of the COVID-19 Policy Simulator online tool
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2.2 Overview of the Online Tool

Figure 2.2 is a screenshot of the COVID-19 Policy Simulator user interface showing all

scenario con�guration options available to a user as of March 12, 2022. The following is

a step-by-step guide to using the tool to generate COVID-19 projections for a given US

region:

1. Select a region by clicking one of “National-level analysis”, “State-level analysis” or

“State-by-state comparison”. If either of the state-level options is selected, additionally

click on the state(s) to analyze from the interactive map or drop-down menu. Multi-

ple states can be selected in the drop-down menu by holdingCtrl on Windows or

Commandon Mac.

2. Under “Variants of concern”, select the composition of circulating SARS-CoV-2 vari-

ants of concern by clicking one of “Current variants”, “Ancestral strain”, “Delta” or

“Custom combination”. The “R0” �eld will show the corresponding value of the basic

reproduction number and become editable if “Custom combination” is chosen. Entering

a negative value will return an error.

3. Under “Vaccine effectiveness when fully vaccinated”, drag the slider to set vaccine ef-

fectiveness against infection for an individual who is fully vaccinated. Vaccine effec-

tiveness for an individual who is partially vaccinated will be scaled proportionally. Vac-

cine effectiveness against death will not be affected except through the reduced risk of

infection.

4. Construct an NPI strategy by selecting the intensity and duration of two sequential in-

terventions from the corresponding drop-down menus. Under “Intervention #1” and

“Intervention #2”, click one of “Minimal restrictions”, “Current interventions”, “Stay-

at-home orders” or “Lockdown”. Select their respective durations from 1 to 16 weeks.

Intervention #1 will start the following Monday, one week after the date of the latest

model update. Intervention #2 will start immediately after Intervention #1. If the com-
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bined duration is less than 16 weeks, the remaining time will automatically be set to

“Minimal restrictions”. The following is a description of each intervention, ordered

from least intense to most intense:

(i) “Minimal restrictions”: There are no restrictions.

(ii) “Current interventions”: Continuation of the current level of restrictions.

(iii) “Stay-at-home orders”: People are advised to stay at home except for essential

needs such as grocery shopping and �lling prescriptions.

(iv) “Lockdown”: There is a complete ban on leaving home except for essential needs

such as grocery shopping and �lling prescriptions.

5. Additional strategies can be constructed and compared within the same set of results by

clicking “Add another strategy to compare”.

6. Click “Analyze strategy”.

7. Scroll down to view a series of interactive plots displaying model-generated projections

for: cumulative and incident deaths, cumulative and incident diagnosed cases, cumu-

lative and incident total cases (diagnosed and undiagnosed), active cases, hospital bed

occupancy, and ICU bed occupancy. See Figure 2.3 for examples.

8. Results can be downloaded and shared by clicking the “Download results (.zip)” button.

2.3 Model

Our model is an extension of the traditional SEIR (susceptible, exposed, infected, recov-

ered) compartmental model which partitions a population into compartments representing

mutually exclusive disease states. At any timet, the variablesS(t), E(t), I (t), R(t), and

D(t) denote the number of people in the susceptible, exposed, infected, recovered, and

deceased compartments, respectively, and the �ow of people between compartments is as-

sumed to obey a system of deterministic ordinary differential equations. We let� t = 1 to

be compatible with data sources reporting daily data.
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Figure 2.3: Sample plots generated by the COVID-19 Policy Simulator at the US national
level under 16 weeks of “Current interventions”

Age Strati�cation

We strati�ed the population into two age groups,< 65 years (low-risk) and� 65 years (high-

risk), with the subscripta 2 f L; H g. The total population in age groupa, denoted byNa,

was assumed to be constant over the simulation period with no �ow of individuals between

age groups.

Vaccination

To re�ect the administration guidelines of the P�zer-BioNTech and Moderna vaccines––which

accounted for 96.3% of all administered doses in the US by October 31, 2021 [7]––we strat-

i�ed the disease states by vaccination status, with the subscriptv 2 f 0; 1; 2g denoting the

number of vaccine doses received under the recommended two-dose regimen. We assumed

doses were allocated proportionally to the susceptible and recovered compartments over

the historical time period. Individuals in the infected compartments were assumed to be
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ineligible since the Centers for Disease Control and Prevention (CDC) advises against vac-

cination while under active infection [8]. LettingVa;1(t) andVa;2(t) denote the time series

of the number of �rst and second doses administered to age groupa per day, the propor-

tion of thev-dose susceptible and recovered compartments,v 2 f 0; 1g, moving into the

corresponding(v + 1) -dose compartments per day is the function

� a;v+1 (t) = min
�

1;
Va;v+1 (t)

Sa;v(t) + Ra;v(t)

�
:

That is,
P

a2f L;H g � a;v+1 (t)Sa;v(t) susceptible and
P

a2f L;H g � a;v+1 (t)Ra;v(t) recovered in-

dividuals will be vaccinated on dayt. The vaccine reduces both susceptibility to infection

and mortality risk. Afterv vaccine doses, the probability of contracting the virus is reduced

by 100� eI
v%, with 0 = eI

0 � eI
1; eI

2 � 1. Similarly, the infection fatality rate (IFR) is re-

duced by100� eD
v %, with 0 = eD

0 � eD
1 ; eD

2 � 1. For simplicity, it was assumed that the

“upgrade” in immunity is immediate after vaccination.

Disease Dynamics

For a susceptible individual in age groupa who has receivedv vaccine doses, the rate of

exposure to the virus is given by

� a;v = (1 � eI
v)� (t)

X

a02f L;H g

ca;a0

P 2
u=0 I a0;u

Na0

where� (t) is the rate of infection, i.e., the number of successful infections per day follow-

ing contact with infectious individuals, related to the time-varying effective reproduction

numberR(t) via R(t) = � (t)=
 . We modeledR(t) as a step function with breakpoints at

the beginning of each calendar month over the historical time period to capture the effect of

NPIs enforced during this period. When a susceptible individual contracts the virus, they

enter the exposed state and remain there for the duration of the latent period with a mean of

1=� days. After that, they transition to the infected state and remain there for the duration
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of the infectious period with a mean of1=
 days. Finally, the infected individual will either

die with probability� a;v(1 � eD
v )� a, where� a is the baseline infection fatality rate for age

groupa, or recover with probability(1 � � a;v).

Waning Immunity

An individual who has recovered from natural infection (Ra;v) experiences a period of nat-

ural immunity with a mean of1=! n days before transitioning back into the susceptible

state (Sa;v). A fully vaccinated susceptible individual (Sa;2) is protected for the duration

of vaccine-conferred immunity with a mean of1=! v days before transitioning back into

the partially susceptible state (Sa;1), i.e., a fully vaccinated individual who has shed their

vaccine-conferred immunity is indistinguishable from a partially vaccinated individual. We

assumed that, once vaccinated, an individual will never shed their immunity completely

within the time frame of the simulation. Thus, the model differentiates between the sub-

population that is willing to receive booster shots and the subpopulation that is unwilling

to be vaccinated. Finally, since individuals with natural immunity who are subsequently

vaccinated have been reported to exhibit “unusually potent immune responses” [9], a fully

vaccinated recovered individual (Ra;2) is assumed to possess two “layers” of immunity,

shedding �rst their natural immunity then their vaccine-conferred immunity.

Booster Vaccine

Booster doses are distributed proportionally among partially and fully vaccinated individ-

uals. Partially vaccinated individuals are “boosted” back into the fully vaccinated state,

while fully vaccinated individuals become exempt from waning immunity on the day they

are vaccinated. LettingVa;3(t) denote the time series of the number of booster doses ad-

ministered to age groupa per day, the proportion ofSa;1, Ra;1, Sa;2 andRa;2 receiving a
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booster dose per day is the function

� a;3(t) = min
�

1;
Va;3(t)

(1 � � a;2(t))( Sa;1(t) + Ra;1(t)) + Sa;2(t) + Ra;2(t)

�
;

where(1 � � a;2(t)) is the proportion of individuals inSa;1, Ra;1 who are not already re-

ceiving their second dose of the primary series. Meanwhile, the proportion of individuals

in Sa;2, Ra;2 who can experience waning immunity is reduced to(1 � � a;3(t)) .

Differential Equation Formulation

In summary, our model is described by the following system of equations, where(t) has

been dropped for notational simplicity:

_Sa;0 = � (� 0 + � a;1)Sa;0 + ! nRa;0;

_Ea;0 = � a;0Sa;0 � �E a;0;

_I a;0 = �E a;0 � 
I a;0;

_Ra;0 = (1 � � a;0)
I a;0 � (� a;1 + ! n )Ra;0;

_Sa;1 = � (� a;1 + � a;2 + � a;3)Sa;1 + � a;1Sa;0 + ! nRa;1 + ! v(1 � � a;3)Sa;2;

_Ea;1 = � a;1Sa;1 � �E a;1;

_I a;1 = �E a;1 � 
I a;1;

_Ra;1 = (1 � � a;1)
I a;1 + � a;1Ra;0 � (� a;2 + � a;3 + ! n )Ra;1;

_Sa;2 � � a;2Sa;2 + ( � a;2 + � a;3)Sa;1 + ! n (1 � � a;3)Ra;2 � ! v(1 � � a;3)Sa;2;

_Ea;2 = � a;2Sa;2 � �E a;2;

_I a;2 = �E a;2 � 
I a;2;

_Ra;2 = (1 � � a;2)
I a;2 + ( � a;2 + � a;3)Ra;1 � ! n (1 � � a;3)Ra;2;

_D = � a;0
I a;0 + � a;1
I a;1 + � a;2
I a;2:
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The initial conditions were(I a;0(0); Sa;0(0)) = ( I init
a ; Na � I init

a ) and zero for all other

state variables.

Model Calibration

The parametersI init
a and time-varyingR(t) are not directly observable, so we estimated

their values by calibrating the model to historical incident deaths. Tables 2.2 and 2.3 sum-

marize all calibrated and non-calibrated parameter values. Time series of incident deaths

and vaccine administration were supplied by [10] and [7], respectively. The compartmental

model was implemented in R (version 4.0.3). The system of ordinary differential equations

was solved numerically using Euler's method (R packagedeSolve [11]). The calibration

method was generalized simulated annealing (R packageGenSA[12]) with total squared

percentage error as the objective function. To account for uncertainty in the calibrated val-

ues, we repeated the calibration process 100 times with different initial solutions sampled

uniformly from a prede�ned range, resulting in 100 unique sets of parameter values and

their corresponding solution to the system of differential equations. We constructed the

trajectory and 90% simulation band of any given state variable by taking the median and

central 90% range over the set of all solutions at each time point.

Table 2.2: Value of �xed and calibrated parameters used in the COVID-19 Policy Simulator
model

Parameter Value or range Reference Notes
Fixed parameters

NL State-dependent [13] Population size in 2019 as found in
SC-EST2020-AGESEX-CIV: POPEST2019CIV.NH State-dependent [13]

[cL;L ; cL;H ;
cH;L ; cH;H ]

[0.93, 0.07;
0.48, 0.52]

[14] Aggregate columns and rows into age groups< 65
years and� 65 years, then normalize so that rows
sum to 1.

� 1/5.5 days [15] -

 1/10 days [16] -
1=! n 16 months [17] Assumption based on median expected time to

reinfection by endemic SARS-CoV-2.1=! v 16 months [17]
Calibrated parameters

I init 100 to 10,000 - Divided proportionally intoI init
a = N a

N L + N H
I init ;

a 2 f L; H g.
R(t) 0.5 to 6.0 [18, 19, 20, 21] -
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Table 2.3: Value of variant-dependent parameters used in the COVID-19 Policy Simulator
model

Parameter Value or range Reference Notes
Baseline values

� L 0.001 [22, 23] Chosen from range in [22] to approximate “Estimated
Total Infections” in [23].� H 0.030 [22, 23]

1 � eI
1 0.54 [24] Table 2: “Documented Infection” at “14 to 20 days after

�rst dose”: (1 � RR)% = 46. Thus,(1 � eI
1) = 1 � 0:46.

1 � eI
2 0.08 [24] Table 2: “Documented Infection” at “7 days after second

dose to end of follow-up”:(1 � RR)% = 92. Thus,(1 �
eI

2) = 1 � 0:92.
1 � eD

1 0.52 [24] Table 2: “Death” at “14 to 20 days after �rst dose”:(1 �
RR)% = 72. Thus,(1 � eI

1)(1 � eD
1 ) = 1 � 0:72.

1 � eD
2 0.63 - Vaccine clinical trials report 95% ef�cacy in preventing

overall death. Thus,(1 � eI
2)(1 � eD

2 ) = 1 � 0:95. Note
that it is theconditionalprobability of death that is higher
after two doses than after one dose. If a fully vaccinated
individual contracts a breakthrough infection despite 92%
reduction in susceptibility, it is plausible that they are espe-
cially vulnerable and have a smaller reduction in mortality
risk conditional on infection compared to a partially vacci-
nated individual who contracts a breakthrough infection.

Delta variant (parameter values change at a linear rate as the variant saturates over August 2021)
1 � eI

2 0.13 [25] “Two dose vaccine effectiveness was 86.7% (95% con�-
dence interval 84.3% to 88.7%) against infection with the
delta variant, ...” Thus,(1 � eI

2) = 1 � 0:87.
1 � eI

1 0.90 - Scaled up proportionally toeI
2. Thus,1 � eI

1 = 0 :54 �
(0:13=0:08).

� L 0.0023 [26] “Increased risk with the Delta variant was more pro-
nounced at [...] 133% (95% CI 54%–231%) for death.”
Thus,� L = 0 :001� 2:33 and� H = 0 :030� 2:33, assum-
ing the increased mortality is a result of higher IFR only.

� H 0.0700 [26]

Omicron variant (parameter values change at a linear rate as the variant saturates over December 2021)
1 � eI

2 0.30 [27] Figure 2B.
� L 0.0008 [27] “The risk of hospital admission from emergency depart-

ments with Omicron was approximately one-third of that
for Delta (Hazard Ratio 0.33, 95% CI: 0.30 to 0.37).” Thus,
� L = 0 :0023=3 and� H = 0 :07=3.

� H 0.0233 [27]

Forecasting

We made forecasts by allowing the model to continue running beyond the historical time

horizon. Diagnosed cases and hospital and ICU occupancy were not included as compo-

nents in the model. Instead, we estimated these in a post-processing step as follows.

We assumed the future diagnosis rate would remain at the latest estimated value, i.e.,

the incident number of diagnosed cases on the last day of data divided by the incident

14



number of total cases on the last day of data.

We back-calculated hospital and ICU bed occupancy from incident deaths assuming an

average time to death following hospital and ICU admission of 16 and 10 days, respectively

[28]. Starting from July 19, 2021, we forecasted occupancy based on data provided by the

US Department of Health and Human Services [4], the most of�cial source of COVID-19

hospitalization statistics. This data did not include all hospitals in any given state so our

forecasts did not re�ect the total demand for hospital and ICU beds.

Non-Pharmaceutical Interventions

Each NPI was associated with a value of the effective reproduction number, as follows:

(i) “Current interventions”: The effective reproduction number was set to the latest cali-

brated value.

(ii) “Lockdown: The effective reproduction number was set to 0.3, the estimated value in

Wuhan, China during the strict lockdown of the city starting in March 2020 [29].

(iii) “Stay-at-home orders”: The effective reproduction number was set to the lowest cali-

brated value attained during the period from March to July 2020.

(iv) “Minimal restrictions”: The effective reproduction number was set toR 0, which var-

ied with the composition of circulating SARS-CoV-2 variants.

Composition of Circulating Variants

Starting from the August 2, 2021 update, the online tool allowed users to adjustR 0 by

either directly specifying a value or by changing the underlying variant composition. A

given NPI reduces transmissibility by the ratio of the corresponding effective reproduction

number to the value ofR 0 at the time the NPI was enforced. This same ratio can be applied

to different values ofR 0. For instance, selecting “Ancestral strain” or “Delta” will assume

100% prevalence of the ancestral strain variants or Delta variant, respectively, and setR 0

accordingly. Applying the ratio will then approximate the effectiveness of the NPI under
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the hypothetical variant composition. Finally, selecting “Current variants” will leaveR 0

unchanged from its current value, which was calculated by taking the prevalence-weighted

[30] average ofR 0 of the ancestral and Delta variants.

2.4 Impact

Media Coverage

The launch of the COVID-19 Policy Simulator was met with signi�cant media attention,

including a feature on MSNBC's The Rachel Maddow Show. The tool continued to receive

media coverage as it generated publications and commentary at different stages of the pan-

demic. Refer to Section A.1 for a list of prominent media features spanning April 2020 to

April 2022.

Contribution to the COVID-19 Forecast Hub

From May 2020 to March 2022, the COVID-19 Policy Simulator contributed weekly to the

COVID-19 Forecast Hub [31], a central repository of forecasts and predictions from over

50 research groups [32]. Each Monday, individual forecasts submitted by the 6PM deadline

were aggregated into an ensemble forecast [33], which combined multiple models into a

single prediction and cone of uncertainty. The following Tuesday, all model data, including

individual and ensemble forecasts, were uploaded to the Forecast Hub website for display,

as well as submitted to the CDC as an of�cial report on the trajectory of the COVID-19

pandemic. Figure 2.4 is a snapshot of the CDC's own visualizations of individual forecasts

from April 2021, with the COVID-19 Policy Simulator included as “Covid19Sim”.

Publications

The COVID-19 Policy Simulator produced two major literary outputs.

The �rst was a technical report posted to medRxiv on August 13, 2021 [34]. This report

was written in response to the emergence of the highly transmissible Delta variant in Au-
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Figure 2.4: Snapshot of the CDC's visualization of individual forecasts in April 2021

gust 2021, against a backdrop of low vaccination coverage in some states and increasingly

relaxed attitudes towards social distancing. We projected COVID-19 deaths for each of the

50 US states, District of Columbia, and Puerto Rico up to the beginning of 2022 assuming

vaccination rates and social distancing behaviors as of August 2021 were sustained until

the end of the calendar year. The model predicted a surge in COVID-19 deaths in at least 40

states. In Idaho, Maine, Montana, Nebraska, North Carolina, Oregon, Puerto Rico, Wash-

ington, and West Virginia, incident deaths were projected to exceed the prior peak of the

winter season. Total COVID-19 deaths across the US were expected to exceed 1,600 per

day. Our hope in publishing this report was that the �ndings would serve as a warning, and

encourage people to resume mask wearing and social distancing to mitigate the oncoming

surge in COVID-19 mortality and morbidity.

The second literary output of the COVID-19 Policy Simulator was a publication in

JAMA Health Forum on April 1, 2022 [35]. At the time of writing, many states were

beginning to relax NPIs, such as including mask mandates, indoor capacity limits, and

recommendations of social distancing, that were reinstated due to the emergence of the

Omicron variant, which quickly established itself as an even more transmissible, though
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less deadly, variant than Delta. In particular, local decision makers were faced with the

dif�cult decision of whento lift NPIs. One of the most important questions on the minds

of public health of�cials, policy makers, and pandemic-fatigued citizens, was: when was

it safe to lift restrictions? We used the COVID-19 Policy Simulator to project COVID-19

hospitalizations and deaths over the course of the 2022 calendar year for the 50 US states,

District of Columbia, and Puerto Rico, in different scenarios with dates of NPI lifting

varying in monthly increments from March 2021 to July 2021. Our analysis demonstrated

the importance of timing. Premature lifting was projected to cause a resurgence in COVID-

19 deaths in almost every state. At the same time, every delay of one month was predicted to

result in marked reductions to peak daily COVID-19 deaths. Unfortunately, in most states,

there was no critical moment after which it was possible to lift NPIs without expecting to

see a rebound in deaths.

Community Feedback

The true community impact of our online tool is unobservable, but we have indicators

of its popularity. During the period of intense media attention following our launch, the

website was averaging 300+ users per day; 1000+ users per day after it was featured on

The Rachel Maddow Show; and 400 to 600 users per day by July 2020. Anecdotally, we

have received positive feedback from a non-pro�t tech startup, a hospital system, and an

infectious disease physician acting as an advisor to state government.

On August 26, 2021, we received the following message from Dr. Irena Boyce of the

University of Rochester Medical Center:

“My name is Irena Boyce and I am leading the Quality Institute at the Uni-

versity of Rochester Medical Center. My team and I have learned about the

COVID-19 Simulator and found it incredibly useful for our planning efforts

across our healthcare system as well as the entire Finger Lakes Region in Up-

state NY. Thank you for making the tool publicly available!!”

On September 13, 2021, we worked with Dr. Andrea Ciaranello of the Division of In-
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fectious Diseases at Massachusetts General Hospital to generate a report on herd immunity

thresholds and the effect of maintaining or doubling the vaccination rate in Massachusetts

for a meeting with Commissioner Jeffrey C. Riley and Governor Charlie Baker about school

masking guidance. Dr. Ciaranello provided the following feedback after the meeting:

“Thanks so much again for working on this and sending it today - it was so

helpful to have for our discussion. I really appreciate it.”

MERLOT Classic Award

On March 28, 2022, the COVID-19 Simulator website was awarded the 2022 Multime-

dia Educational Resource for Learning and Online Teaching (MERLOT) Classic Award in

Biology. MERLOT, a program of the California State University Long Beach,

“recognizes and promotes outstanding peer reviewed online resources designed

to enhance teaching and learning. The award is granted to honor the authors

and developers of these resources for their contributions to the academic com-

munity. Every year each of the MERLOT Editorial Boards may select an out-

standing resource from its discipline to receive the MERLOT Classics Award.

MERLOT considers this learning material an exemplary online learning re-

source and it is now recognized as so on the MERLOT website listing.”[36]

2.5 Conclusion

Developing the COVID-19 Policy Simulator over two years of the pandemic was a chal-

lenging endeavor requiring intensive collaboration between mathematical modelers, pro-

grammers, epidemiologists, web developers, and system managers. This chapter serves as

a record of its existence, documenting its evolution, its contributions, and its impact.
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CHAPTER 3

PERIODIC VACCINATION FOR POST-PANDEMIC MANAGEMENT: INSIGHTS

FROM AND PLANNING BEYOND COVID-19

3.1 Introduction

Since its emergence in December 2019, SARS-CoV-2 has caused an ongoing public health

crisis that has brought unprecedented disruptions to the global economy and the daily lives

of billions of people [1]. Following ten months of nationwide non-pharmaceutical inter-

ventions (NPIs) in the form of stay-at-home orders, business and school closures, and

mask mandates, the United States (US) commenced administration of three SARS-CoV-

2 vaccines approved for emergency use by the Food and Drug Administration (FDA):

BNT162b2 (P�zer-BioNTech), mRNA-1273 (Moderna), and Ad26.COV2.S (Johnson &

Johnson's Janssen). There is abundant real-world evidence to support the effectiveness of

the vaccines in reducing both community transmission of the virus and risk of severe illness

from COVID-19 [24, 37]. As such, vaccines are crucial to enabling society to remain open

as SARS-CoV-2 becomes endemic [38].

At the time of writing, the US has �nished its initial COVID-19 mass vaccination cam-

paign, prompting public health authorities to begin focusing on post-pandemic manage-

ment. The post-pandemic period is de�ned by the World Health Organization in the con-

text of in�uenza as the period in which disease activity has returned to levels normally seen

for seasonal in�uenza, and in which surveillance and pandemic preparedness efforts are

maintained alongside intensive economic recovery [39]. Note that it is not de�ned by any

objective epidemiological criteria; its purpose is rather to describe a phase of interventions.

We use the phrase in a similar fashion in the context of COVID-19, though rather than

attributing recurrent episodes of heightened disease activity to seasonality, we attribute it
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to waning immunity. Like in�uenza, waning immunity to SARS-CoV-2 and the inevitabil-

ity of viral mutations necessitate a large-scale periodic vaccination program for continual

outbreak prevention [40]. The exact duration of immunity conferred by both vaccines and

natural infection, however, is still not fully understood, making it dif�cult at present to plan

vaccination efforts.

A periodic vaccination schedule is broadly de�ned by three parameters: (i)period: the

length of time between the start of consecutive vaccination rounds, in other words, the

vaccination cycle length; (ii)coverage: the proportion of the population to vaccinate in

each cycle; and (iii)pace: the number of doses to administer per day within each cycle.

Presently, it is not well understood how these factors interplay with each other and with the

transmission dynamics of SARS-CoV-2.

Rapid mass vaccination may quickly suppress an epidemic, making it ideal as an initial

vaccination strategy against a novel virus. Indeed, the re�ections of public health leaders

on the COVID-19 pandemic response in Heidelberg, Germany describe the intent to “pri-

oritize the protection of at-risk-populations and achieve fast population immunity” [41],

regardless of the then-unknown durability of vaccine-conferred immunity. However, in the

context of periodic vaccination, fast-paced vaccine administration may not be socially opti-

mal in that it could have an unintended downstream effect of creating a surge in population

susceptibility later when vaccinated people lose their immunity all at the same time, a phe-

nomenon known assynchronizationof waning immunity. A potentially better strategy may

be to stagger vaccine administration over a longer period at a slower, constant pace in order

to maintain a low proportion of susceptible people at all times.

The question of whether rapid mass vaccination or slow constant vaccination is better

for long-term COVID-19 containment remains open. We attempt to answer this question

and comprehensively assess the effect of periodic vaccination parameters on the long-term

disease burden. For this purpose, we have developed a carefully parameterized and cal-

ibrated SEIR (susceptible, exposed, infectious, recovered) compartmental model, where
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immunity from both vaccine and natural infection waned over time and periodic vaccina-

tion was imposed as an exogenous force on the disease dynamics. We comparedpulse

vaccination, the repeated administration of “booster” vaccines in large pulses occurring at

�xed intervals, andconstant vaccination, the continuous administration of booster vaccines

at a slower, constant pace. The setup is kept deliberately simple for ease of interpretation

and generalizability of our qualitative �ndings.

This analysis yields several important health policy and management insights, which

are as follows. In the context of periodic vaccination, aggressive vaccination can cause ag-

gressive epidemics. Synchronized vaccination followed by synchronized waning immunity

accelerates the rate of replenishment of the susceptible pool, increasing the risk of trigger-

ing a large resurgence in disease. This situation can be avoided by adopting a constant

and relatively slow pace of vaccination, which eliminates the extreme variability in popula-

tion susceptibility induced by rapid vaccination to keep the disease incidence at a constant,

manageable level. Lastly, we stress that these conclusions on fast versus slow vaccina-

tion pertain only to a post-pandemic situation. At the beginning of a novel pandemic, we

should vaccinate as quickly as possible to prioritize immediate protection over long-term

protection.

The rest of the chapter is organized as follows. Section 3.2 is a review of the mathe-

matical modeling literature on vaccination, waning immunity, and COVID-19. Section 3.3

describes our modeling framework. Simulation results, policy implications, and sensitivity

analysis are presented in Section 3.4. Finally, discussions and conclusions are provided in

Section 3.5.

3.2 Literature Review

The competing dynamics of infection and vaccination are well-studied by mathematical

modelers, beginning with the seminal works of [42] and [43]. On initial review, the spe-

ci�c vaccination strategies in which we are interested appears to have been the subject of
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extensive theoretical analysis. However, the conventional de�nition of pulse and constant

vaccination differ from those we provided in Section 3.1. Traditionally, pulse vaccination

refers to the strategy of vaccinating a fraction of the susceptible population repeatedly in a

single pulse every set number of years, with vaccination conferring lifelong immunity and

epidemics persisting due solely to the in�ux of susceptible newborns. Pulse vaccination is

often contrasted with constant vaccination, where a fraction of all newborns is vaccinated

at birth each year. This setup is tailored to the study of childhood viral infections, such

as measles and polio, and therefore not immediately generalizable to COVID-19. How-

ever, the mechanism behind recurrent epidemics is similar and some established results are

relevant to this analysis. We review them below.

The �rst paper on pulse vaccination modeling was by [44], who investigated pulse vac-

cination as an alternative to the status-quo constant vaccination policy in Israel which was

failing to eradicate measles. They showed that the frequency of pulses needs to be high

enough that the susceptible population is always kept below theepidemic threshold, the

point at which the susceptible population is large enough to support recurrent epidemics.

Follow-up studies by [45] and [46] showed that eradication can be achieved under a looser

condition: only themean valueof susceptibility needs to remain below the threshold. [47]

and [48] provided the �rst analyses of pulse vaccination in a simple model with waning

immunity and a perfect vaccine, while [49] expanded this line of research to booster vacci-

nation, where the primary dose confers partial immunity and the booster dose confers com-

plete and permanent immunity. Their results suggest that: (i) as long as the primary vaccine

provides only temporary immunity, eradication is unlikely to be achieved; (ii) booster vac-

cination does not guarantee eradication even if the booster dose confers perfect immunity,

although the size of the epidemic may be reduced; (iii) high coverage of primary vaccina-

tion remains crucial to the success of a booster strategy.

Most relevant to this study is the paper by [50], who implemented a highly detailed

model of immunity combining individual-level immunology and population-level epidemi-
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ology. When the model is parameterized for measles, they found that, once infected, it is

the individual's level of immune memory that determines disease severity and subsequent

infectiousness. Consequently, an SEIR model strati�ed by immunity status, such as the

one we present in Section 3.3, is an adequate substitute for the detailed model. A coun-

terintuitive �nding is that, high levels of newborn vaccination can induce large measles

epidemic cycles, while low levels of vaccination do not. This is because, when the pop-

ulation relies on natural encounters with the virus to boost waning immunity, the decline

in viral prevalence due to large-scale vaccination removes an important source of immu-

nity. Following a large epidemic with a high infection rate, natural immunity will wane

in synchrony in a large portion of the population, such that after a relatively �xed amount

of time, population susceptibility is once again high enough to support another large epi-

demic. However, when the volume of newborn vaccinations is low, there are suf�ciently

many new susceptible individuals entering the population to break the synchrony of wan-

ing natural immunity and give rise to an endemic equilibrium. Our analysis is similar in

that our main �nding is about the unintended consequences of large-scale vaccination; but

whereas measles epidemic cycles are caused by the synchronization of waning natural im-

munity, we show that COVID-19 epidemic cycles are driven by the synchronized waning

of booster-vaccine-conferred immunity.

Next, we turn to relevant papers in the COVID-19 literature. Prediction of long-term

disease trajectories under different scenarios of waning immunity and no vaccination have

been attempted in early papers by [51], [52], and [53], all of which demonstrate conver-

gence to an endemic steady state via damped oscillations. Meanwhile, the majority of

COVID-19 vaccine operations management papers have focused on the novel allocation

challenges posed by the initial rollout of a two-dose vaccine [54, 55, 56, 57]. Thus far, very

few papers address long-term vaccination planning. [58] and [59] present mathematical

analyses of highly simpli�ed COVID-19 models with pulse vaccination, but the emphasis

is on theoretical results rather than managerial insights. Another study relevant to ours
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is by [60]. Using a compartmental model tailored to Toronto, Canada, they studied the

impact of distributing vaccines during early phases of the COVID-19 pandemic by com-

paring different permutations of vaccine coverage, vaccine effectiveness, and durability of

immunity post-recovery. Their main �nding was that, when transmission was high, an

early or late reopening (of businesses, schools, etc.) would have resulted in a new resur-

gence of infection even with the highest coverage of 90%; but when transmission was low,

60% coverage would have been suf�cient to prevent new infections. As a side result, they

also observed that slower administration of vaccines over 360 days was more effective at

reducing infections than faster administration over 120 days during periods of low trans-

mission. While the setup in [60] is appropriate for answering their key questions, it is

oversimplistic for studying the pace of periodic vaccination in a post-pandemic situation.

For example, they only considered a one-time single-dose vaccine, whereas we consider

serial vaccination; they assumed vaccinated individuals were indistinguishable from fully

recovered individuals, and modeled vaccine effectiveness as a proportion of vaccinated

susceptible individuals who successfully transitioned into the recovered state. In contrast,

our study focuses on periodic vaccination rollout in the post-pandemic period through a

more detailed setup designed speci�cally for studying the effect of vaccination pace. In

addition, we comprehensively explore the interactions between pace and other vaccination

parameters, providing important managerial insights about periodic vaccination strategies

for future pandemic preparedness.

3.3 Methods

We present our modeling framework comprising a periodic vaccination schedule embedded

in an epidemiological model.
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Figure 3.1: Schematic of the epidemiological model showing transition rates (solid line)
and actual number of individuals transitioning (dotted line) between compartments

3.3.1 Epidemiological Model

Our epidemiological model is based on the COVID-19 Simulator [61], an extension of the

traditional SEIR compartmental model which partitions a population into mutually exclu-

sive disease states. At any timet, the variablesS(t), E(t), I (t), R(t), andD(t) denote

the number of people in the susceptible, exposed, infected, recovered, and deceased com-

partments, respectively, and the �ow of people between compartments obeys a system of

deterministic ordinary differential equations. We let� t = 1 day to be compatible with

data sources reporting daily data. Figure 3.1 is a schematic of our model omitting birth

and death transitions. The following sections describe the disease dynamics depicted in the

schematic.

Vaccination

To re�ect the administration guidelines of the P�zer-BioNTech and Moderna vaccines––which

accounted for 96.3% of all administered doses in the US by October 31, 2021 [7]––we strat-

i�ed the disease states by vaccination status, with the subscriptv 2 f 0; 1; 2g denoting the

number of vaccine doses received under the recommended two-dose regimen. We assumed

doses were allocated proportionally to the susceptible and recovered compartments over
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the historical time period. Individuals in the infected compartments were assumed to be

ineligible since the Centers for Disease Control and Prevention (CDC) advises against vac-

cination while under active infection [8]. LettingV1(t) andV2(t) denote the time series

of the number of �rst and second doses administered per day, the proportion of thev-

dose susceptible and recovered compartments,v 2 f 0; 1g, moving into the corresponding

(v + 1) -dose compartments per day is the function

� v+1 (t) = min
�

1;
Vv+1 (t)

Sv(t) + Rv(t)

�
:

That is, � v+1 (t)Sv(t) susceptible and� v+1 (t)Rv(t) recovered individuals will be vacci-

nated on dayt. The vaccine reduces both susceptibility to infection and mortality risk.

After v vaccine doses, the probability of contracting the virus is reduced by100� eI
v%,

with 0 = eI
0 � eI

1; eI
2 � 1. Similarly, the infection fatality rate is reduced by100� eD

v %,

with 0 = eD
0 � eD

1 ; eD
2 � 1. For simplicity, it was assumed that the “upgrade” in immunity

is immediate after vaccination.

Disease Dynamics

For a susceptible individual who has receivedv vaccine doses, the rate of exposure to the

virus is given by

� v(t) = (1 � eI
v)� (t)

P 2
u=0 I u(t)
N (t)

;

whereN (t) =
P 2

u=0

�
Su(t) + Eu(t) + I u(t) + Ru(t)

�
is the total population alive at time

t, and� (t) is the rate of infection, i.e., the number of successful infections per day follow-

ing contact with infectious individuals, related to the time-varying effective reproduction

numberR(t) via R(t) = � (t)=
 . We modeledR(t) as a step function with breakpoints at

the beginning of each calendar month over the historical time period to capture the effect

of NPIs enforced during this period. When a susceptible individual contracts the virus,
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they enter the exposed state and remain there for the duration of the latent period with a

mean of1=� days. After that, they transition to the infected state and remain there for the

duration of the infectious period with a mean of1=
 days. Finally, the infected individual

will either die with probability� v = (1 � eD
v )� , where� is the baseline infection fatality

rate, or recover with probability(1 � � v).

Waning Immunity

An individual who has recovered from natural infection (Rv) experiences a period of natural

immunity with a mean of1=! n days before transitioning back into the susceptible state

(Sv). A fully vaccinated susceptible individual (S2) is protected for the duration of vaccine-

conferred immunity with a mean of1=! v days before transitioning back into the partially

susceptible state (S1), where they are again protected for a mean duration of1=! v days

before becoming effectively unvaccinated (S0). Since individuals with natural immunity

who are subsequently vaccinated have been reported to exhibit “unusually potent immune

responses” [9], a vaccinated recovered individual (R1 andR2) was assumed to possess two

“layers” of immunity, shedding �rst their natural immunity then their vaccine-conferred

immunity.

At present, there are no established estimates of the duration of natural and vaccine-

conferred immunity. [62] reported considerable heterogeneity in immune response follow-

ing infection, but that antibody levels remained substantial within the �rst 8 months. [63]

assessed antibody persistance in a study group for the Moderna vaccine, �nding high lev-

els of antibodies 6 months after the second dose. [64] conducted a systematic review of

prospective cohort studies and test-negative case-control studies from the pandemic's in-

ception up to September 31, 2022, concluding that “protection from past infection against

re-infection from pre-Omicron variants was very high and remained high even after 40

weeks.” The lack of studies assessing immunological memory beyond one year after infec-

tion forces us to make assumptions about long-term immunity. We based our estimates on
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Figure 3.2: Probability density functions of the Erlang distribution with shape parameterk
and a mean of12months

[17], who examined antibody responses to evolutionarily similar viruses to estimate their

time to reinfection under endemic conditions. Reinfection by endemic SARS-CoV-2 is

expected to occur between 3 months and 5.1 years after peak antibody response, with a

median duration of 16 months.

We considered an Erlang-distributed duration of immunity with integer shape param-

eterk � 1 and rate parameter! . SEIR models are commonly interpreted as mean �eld

models of a Poisson-based stochastic process. Therefore, with the default setting ofk = 1,

the duration of immunity follows an exponential distribution. Figure 3.2 shows the effect

of increasingk: probability density becomes more concentrated around the mean, which

raises the average duration and reduces variability of the random variable. Erlang distribu-

tions with larger values ofk may be more realistic models of waning immunity than the

exponential distribution, which has a mode of zero. Erlang transition rates in SEIR models

can be achieved through the “linear chain trick” [65], which divides a compartment into

subcompartments such that the total time spent in the compartment is the sum of the time

spent in each subcompartment. To avoid writing outk sets of differential equations for each

of R0, S1, R1, S2, andR2, we letf (X (t); k; ! ) be shorthand for the passage from stateX

through itsk � 1 subcompartments, allowing for the possibility of infection and death at

each level. Withk! as the rate of transition between subcompartments, the mean total time

spent in stateX is k � (1=k! ) = 1 =! .
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Births and Deaths

Due to the considerable length of the simulation period, the model includes births and

deaths. The population grows at a rate of� births per day and succumbs to all-cause

mortality at a rate of� deaths per day.

Differential Equation Formulation

In summary, our model is described by the following system of equations, where(t) has

been dropped for notational simplicity:

_S0 = � � (� 0 + � 1 + � )S0 + f (R0; k; ! n ) + f (S1; k; ! v);

_E0 = � 0S0 � (� + � )E0;

_I 0 = �E 0 � (
 + � )I 0;

_R0 = (1 � � 0)
I 0 � (� 1 + � )R0 � f (R0; k; ! n );

_S1 = � 1S0 � (� 1 + � 2 + � )S1 + f (R1; k; ! n ) + f (S2; k; ! v) � f (S1; k; ! v);

_E1 = � 1S1 � (� + � )E1;

_I 1 = �E 1 � (
 + � )I 1;

_R1 = (1 � � 1)
I 1 + � 1R0 � (� 2 + � )R1 � f (R1; k; ! n );

_S2 = � 2S1 � (� 2 + � )S2 � f (S2; k; ! v) + f (R2; k; ! n );

_E2 = � 2S2 � (� + � )E2;

_I 2 = �E 2 � (
 + � )I 2;

_R2 = (1 � � 2)
I 2 + � 2R1 � �R 2 � f (R2; k; ! n );

_D = � 0
I 0 + � 1
I 1 + � 2
I 2;

_N = � � �N � _D:
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Table 3.1: Value of parameters used in the epidemiological model in the baseline scenario

Parameter Value or range Reference Notes
Fixed parameters

N init 328,000,000 - Approximate size of the US population.
� 0.005 [22, 23] Chosen from range in [22] to approximate “Estimated

Total Infections” in [23].
1 � eI

1 0.54 [24] Table 2: “Documented Infection” at “14 to 20 days
after �rst dose”: (1 � RR)% = 46. Thus,(1 � eI

1) =
1 � 0:46:

1 � eI
2 0.08 [24] Table 2: “Documented Infection” at “7 days after sec-

ond dose to end of follow-up”:(1 � RR)% = 92.
Thus,(1 � eI

2) = 1 � 0:92:
1 � eD

1 0.52 [24] Table 2: “Death” at “14 to 20 days after �rst dose”:
(1� RR)% = 72. Thus,(1� eI

1)(1 � eD
1 ) = 1 � 0:72:

1 � eD
2 0.63 - Vaccine clinical trials report 95% ef�cacy in prevent-

ing overall death. Thus,(1� eI
2)(1 � eD

2 ) = 1 � 0:95:
Note that it is theconditionalprobability of death that
is higher after two doses than after one dose. If a
fully vaccinated individual contracts a breakthrough
infection despite 92% reduction in susceptibility, it is
plausible that they are especially vulnerable and have
a smaller reduction in mortality risk conditional on
infection compared to a partially vaccinated individ-
ual who contracts a breakthrough infection.

1=� 5.5 days [15] -
1=
 10 days [16] -
1=! n 12 months Assumption -
1=! v 12 months Assumption -
� 10,000 - Approximate number of births in the US each year.
1=� 80 years - Approximate average lifespan of the US population.

Calibrated parameters
I init 3,000 to 10,000 - -
R(t) 0.5 to 6.0 [18, 19, 20, 21] -

The initial conditions were(N (0); I (0); S(0)) = ( N init ; I init ; N init � I init ) and zero for

all other state variables.

Model Calibration

The parametersI init and time-varyingR(t) are not directly observable, so we estimated

their values by calibrating the model to historical incident deaths at the US national level

in the period from March 1, 2020 to October 31, 2021. This end point was chosen to ex-

clude the effect of early booster vaccinations as well as the Omicron variant wave during

December 2021 in order to simulate end-of-epidemic conditions. Table 3.1 summarizes
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all calibrated and non-calibrated parameter values. Time series of incident deaths and vac-

cine administration were supplied by [10] and [7], respectively. The compartmental model

was implemented in R (version 4.0.3). The system of ordinary differential equations was

solved numerically using Euler's method (R packagedeSolve [11]). The calibration

method was generalized simulated annealing (R packageGenSA[12]) with total squared

percentage error as the objective function. To account for uncertainty in the calibrated val-

ues, we repeated the calibration process 50 times with different initial solutions sampled

uniformly from a prede�ned range, resulting in 50 unique sets of parameter values and

their corresponding solution to the system of differential equations. We constructed the

trajectory of any given state variable by taking the median over the set of all solutions at

each time point.

3.3.2 Periodic Vaccination Schedule

As explained in Section 3.1, a periodic vaccination schedule is de�ned by three param-

eters: period, coverage, and pace. This setup is loosely based on the seasonal in�uenza

vaccination program in the US, since there is currently no guideline on COVID-19 peri-

odic vaccination. In general, the supply of �u vaccines available in each season is decided

by the private manufacturers who produce the vaccine. The CDC encourages manufac-

turers to adopt a distribution strategy whereby healthcare providers receive frequent small

shipments so vaccine administration can begin early in the vaccination season and continue

without interruption [66]. This justi�es our simplifying assumption of a uniform pace of

administration over the vaccination period, which allows us to more easily interpret the

effect of the pace parameter. In reality, the pace of vaccine uptake is not easily controlled

but largely determined by human behavior. Our assumption ignores the demand “ramp-

up” effect as awareness of vaccine availability and the intent to get vaccinated grows, but

the qualitative �ndings are unlikely to be contradicted with a more realistic vaccine uptake

model that includes this transitory period. We followed the in�uenza vaccination setup
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whereby coverage is predetermined and pace is a decision variable.

Period

We assumed annual vaccination, i.e., 12 months between the start of consecutive vaccina-

tion rounds, beginning on January 1 of each year. We considered this parameter to be �xed

since supply chains favor annual cycles.

Coverage

In�uenza vaccination coverage in the 2019–20 in�uenza season among all people aged

6 months and older was 51.8%, an increase of 2.6 percentage points from the previous

season. The projected coverage for the same age group in the 2020–21 season is 52.1%

[67]. We assumed a similar baseline annual coverage of 50% for COVID-19 vaccination

and additionally investigated lower and higher coverage levels of 30% and 70%.

Pace

We varied the pace of vaccination from 1M to 2M to 5M booster doses per day. For

reference, during the initial phase of vaccinations in the US, the combined number of �rst

and second doses administered in a single day peaked at 5.04M (2.57M �rst doses and

2.47M second doses) on April 8, 2021 [7]. This pace was achieved out of the urgency

of suppressing a new pandemic through rapid mass vaccination, a feat which subjected

vaccine supply chains to unprecedented amounts of stress. If manufacturing and storage

practices do not change, it is unreasonable to expect the same rapidity of production as an

annual occurrence. Hence, the highest vaccination pace of 5M doses per day is a realistic

upper bound. A lower bound is given by the constant vaccination strategy, whereby the

pace is such that the given coverage level is achieved over the course of the one-year cycle,

i.e., for a given coverage ofC million people, the pace of vaccination isC=365 million

doses per day.
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Vaccine Distribution

Administration of �rst and second doses as part of the initial two-dose regimen continued

at the most recent pace from data until December 31, 2021. Then, beginning on January

1, 2022, booster doses were distributed proportionately amongS0, R0, S1, R1 less the

subset of individuals inS0 and R0 who are unable or unwilling to receive the booster

vaccine. The size of this booster-ineligible subset was assumed to be30%� N init , equal to

the approximate number of individuals in the US who never completed the initial two-dose

regimen [7]. Receipt of the booster vaccine promoted susceptible and recovered individuals

back intoS2 andR2, respectively. In an alternative strategy, we considered the distribution

of booster doses toS0, R0, S1, R1 with priority given toS0 andR0, assuming that the lower

immunity level is associated with a longer stretch of time since the previous vaccination

event. If the daily vaccine supply was greater than the combined size ofS0 andR0 less

the subset of booster-ineligible individuals, then the remainder was given toS1 andR1.

Outcomes for the latter strategy are presented in the sensitivity analysis.

Vaccine Effectiveness

Real-world evidence supports the effectiveness of a third vaccine dose in restoring protec-

tion to the level attained by completion of the initial two-dose regimen [68]. Hence, we

kept the values ofeI
v andeD

v the same over the projection period, assuming that the annual

booster will be updated each year to be consistently effective against new SARS-CoV-2

variants. In addition, we investigated the effect of increasing and decreasing future vaccine

effectiveness against infection by 50% as a sensitivity analysis.

Waning Immunity

At baseline, the duration of both the natural and vaccine-conferred immunity periods was

distributed as an Erlang random variable with shape parameterk = 1, i.e., an exponential

distribution, with a mean of 12 months. This sets up a scenario in which immunity wanes
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at roughly the same rate that vaccination is applied. As a sensitivity analysis, we also

considered higher values ofk and a longer mean immunity duration of 16 months for each

immunity type independently.

Effective Reproduction Number

We allowed the disease trajectory inferred from the last calendar month of data to continue

until December 31, 2021. Then, beginning on January 1, 2022, the effective reproduction

number was set to the basic reproduction numberR 0 to simulate the return to pre-pandemic

levels of social mixing. Estimates ofR 0 for SARS-CoV-2 vary widely by region [18, 19,

20] and variant [21]. We present results with the value ofR 0 between 2.4 and 3.0, with 2.7

as the baseline parameterization.

Infection Fatality Rate

In the baseline parameterization, we assumed that� was �xed at a constant value of 0.005

for simplicity and due to challenges of data availability and reliability. To demonstrate

insensitivity of our results to the exact speci�cation of� , we relaxed this assumption and

explored two alternatives: �rst, by reducing the future infection fatality rate by 50%; sec-

ond, by recalibrating the model with� linearly decreasing from 0.025 to 0.001 over the

historical time period to roughly capture the decrease in population fatality over time as

the average age of people being infected decreased, then letting� remain at 0.001 for the

remainder of the simulation.

Model Outcomes

For each scenario, we collected the projected disease trajectory over the planning horizon

from January 2022 to December 2025. In particular, we present the trajectory of incident

deaths andeffective susceptibility, de�ned as the proportion of the population that is effec-

tively susceptible to infection accounting for the reduced susceptibility of the partially and
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fully vaccinated states, given by
P 2

v=0 (1 � eI
v)Sv(t)=N(t).

3.4 Results

The main result of this analysis is on the unintended effect of rapid vaccination to exac-

erbate the variability in disease incidence and resultant strain on health systems (Section

3.4.1). In contrast, slower constant vaccination can “�atten the curve” of incident deaths.

This is caveated by showing that the bene�ts of constant vaccination are only realized as a

long-term management strategy in a post-pandemic situation, provided that a high level of

population immunity has already been achieved through rapid mass vaccination and disease

activity has stabilized (Section 3.4.3).

3.4.1 Unintended Consequences of Rapid Vaccination

Figure 3.3 compares pulse vaccination and constant vaccination for three coverage levels.

Focusing on the middle column for the baseline scenario of 50% coverage, rapid pulse

vaccination is suboptimal in the sense that it induces the largest peaks in incident deaths,

with the largest peak corresponding to the highest pace. Meanwhile, constant vaccination

causes the system to converge to the endemic equilibrium, producing a relatively low and

steady stream of deaths. This stability is mirrored in the curve of population susceptibility.

While this is steady under constant vaccination, it �uctuates around the endemic equilib-

rium under pulse vaccination, and it is this variability that produces large waves of incident

deaths. The higher the pace, the greater the reduction in population susceptibility to a lower

instantaneous minimum, but a shorter vaccination round means a longer wait until the start

of the next round during which there is no vaccination to counteract waning immunity. This

allows susceptibility to recover in synchrony to a higher level, triggering a larger epidemic

before the next vaccination cycle. From a healthcare management perspective, large surges

in incident disease pose a signi�cant challenge because they demand the quick reallocation

of resources and risk overwhelming hospitals. This can be avoided with a slow constant
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Figure 3.3: Incident deaths and effective susceptibility in scenarios with the pace of vacci-
nation varying from constant to pulses of 1M, 2M, and 5M doses per day

vaccination strategy. Although there is a constant stream of deaths, a stable situation is

easier to manage than a volatile one, hence the often cited goal of “�attening the curve.”

Table 3.2 compares the variability and peak magnitude of incident deaths for each pace

setting in the baseline scenario. The period of observation is from 2023 onwards to exclude

the transitory period following January 1, 2022 when the effective reproduction number

is suddenly increased toR 0. Compared to constant vaccination, pulse vaccination at 1M

doses per day increases variability by 220% and peak magnitude by 84%. At 5M doses per

day, the same metrics are increased by 722% and 345%, respectively.

Table 3.2: Variability and peak magnitude of incident deaths for each pace setting in the
baseline scenario

Pace Description Variability Peak magnitude
Constant 0.45M doses per day for 365 days281 568
1M doses per day 1M doses per day for 164 days 898 (+220%) 1,043 (+84%)
2M doses per day 2M doses per day for 82 days 2,096 (+646%) 2,253 (+297%)
5M doses per day 5M doses per day for 33 days 2,309 (+722%) 2,527 (+345%)

Variability is de�ned as the difference between the maximum and minimum of the trajectory. The number in
parentheses is the percentage increase compared to constant vaccination.
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Next, we examine the effect of the coverage parameter. For the lowest coverage level

of 30%, pulse vaccination induces recurrent epidemics with the same intensity regardless

of pace. This is because the low volume of vaccinations has limited impact on population

susceptibility, allowing natural infection to drive the epidemics with little resistance. Once

again, constant vaccination provides the most stable stream of incident deaths. For the high-

est coverage level of 70%, the outcomes are similar to the baseline scenario but the effects

are more pronounced. The peaks and troughs are higher under pulse vaccination while

the epidemic is practically extinguished under constant vaccination. In summary, higher

or lower coverage does not change the conclusion that constant vaccination is superior to

pulse vaccination from a healthcare management perspective.

3.4.2 Sensitivity Analysis

To check the robustness of our �ndings, we conducted extensive sensitivity analysis. The

qualitative results in Section 3.4.1 hold when (i)R 0 is between 2.4 and 3.0, (ii) immunity

periods have a longer mean duration of 16 months, (iii) the Erlang-distributed immunity

duration has a higher value of the shape parameter ofk 2 f 2; 5g, (iv) future vaccine effec-

tiveness is increased or decreased by 50%, (v)S0 andR0 are prioritized for vaccination,

and (vi) the infection fatality rate follows alternative parameterizations. We present some

of these scenarios below; the rest can be found in the Appendix.

In Figure 3.4,R 0 has been decreased to 2.4. Compared to baseline, the size of epi-

demics is diminished for all coverage levels and pace settings due to lower transmissibility

of the virus. Even at 50% coverage, constant vaccination is able to suppress the epidemic to

a near-zero level, whereas pulse vaccination induces irregular spikes in disease incidence.

In Figure 3.5,R 0 has been increased to 3.0. Now the epidemics are more severe with

more pronounced �uctuations for all scenarios. Fast-paced vaccination is more effective

than slow-paced vaccination at controlling the initial disease resurgence when the effective

reproduction number is �rst raised toR 0, but the higher value ofR 0 lowers the epidemic
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Figure 3.4: Incident deaths and effective susceptibility whenR 0 is decreased to 2.4

Figure 3.5: Incident deaths and effective susceptibility whenR 0 is increased to 3.0

threshold, making the system particularly sensitive to synchronized population immunity.

The result is larger and more prolonged epidemics. For the remainder of this section, we

will keep R 0 at the higher value of 3.0 to better present trajectories for scenarios in which

the epidemic is expected to diminish with respect to baseline.

In Figures 3.6 and 3.7, immunity periods are longer as a result of increasing, respec-

tively, the mean immunity duration to 16 months and the shape parameterk to 5. These

sets of outcomes differ from the baseline only in that the system takes longer to converge

to the endemic equilibrium. This is most apparent in Figure 3.7, where the curve of inci-

dent deaths under constant vaccination with 30% coverage is still in �uctuation up to 2026.

This asynchrony between waning immunity and vaccination induces the irregular patterns
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Figure 3.6: Incident deaths and effective susceptibility when the mean immunity duration
is increased to 16 months for both natural and vaccine-conferred immunity

Figure 3.7: Incident deaths and effective susceptibility whenk is increased to 5 for both
natural and vaccine-conferred immunity

of disease activity observed in Figure 3.7. Similar conclusions are made for the scenar-

ios wherek = 2 (Figure B.2) and the mean duration is increased to 16 months for each

immunity type separately (Figures B.3 and B.4).

Lastly, we �nd that as future vaccine effectiveness against infection is increased or de-

creased by 50%, constant vaccination retains its advantage over pulse vaccination (Figures

B.5 and B.6). Outcomes under the alternative vaccination strategy whereS0 andR0 are

prioritized for vaccination are not noticeably different from the baseline scenario (Figure

B.7). Alternative parameterizations of the infection fatality rate also do not contradict the

main result (Figures B.8 and B.9) and, importantly, a precise speci�cation of the varying
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Figure 3.8: Incident deaths and vaccination progress in counterfactual scenarios with pre-
mature switching to constant vaccination at a pace of 0.45M doses per day on April, May,
and June 2021

infection fatality rate during the historical time period is not necessary for studying the

long-term steady state behavior of the system.

3.4.3 Premature Switching to Constant Vaccination

The advantages of constant vaccination should be understood in context. The results in

Section 3.4.1 pertain to a post-pandemic situation in which the population has attained a

high level of immunity through a combination of natural infection and vaccination with a

newly developed vaccine. Constant vaccination may be an optimal strategy for maintaining

an already-high level of population immunity, but it is unsuitable for controlling a novel

pandemic in the beginning stages. Figure 3.8 presents counterfactual scenarios in which

we switch to constant vaccination prematurely in April, May, or June 2021. The pace of

vaccination follows historical trends up to the switching date, then is set to constant at a

pace of 0.45M doses per day (equivalent to 50% annual coverage). When the high pace

of historical vaccination is prematurely replaced by a low pace of constant vaccination, the
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emergence of the Delta variant in August 2021 may have had a devastating impact on health

outcomes. Switching to constant vaccination in April 2021 would have resulted in a much

larger wave of incident deaths with a peak value 3.80 times that of the actual peak value.

An additional two months under the historical pace would have been enough to match the

actual trajectory of incident deaths up to the end of 2021.

3.5 Conclusion

In this chapter, we have provided qualitative results on the potential outcomes of periodic

vaccination strategies, generalizable to any new pandemic. They are summarized below.

Given a �xed supply of vaccines to distribute per vaccination cycle, fast-paced pulse

vaccination does not suppress epidemics or even reduce the disease burden. It causes syn-

chronization of population immunity, meaning that population susceptibility can be re-

duced to lower lows but conversely can rise to higher highs, increasing the chance of cross-

ing the epidemic threshold. On the other hand, constant vaccination maintains a relatively

stable level of susceptibility, resulting in a constant but regular stream of deaths. Thus,

constant vaccination achieves the goal of “�attening the curve.” This advantage of constant

vaccination over pulse vaccination holds even as coverage, virus transmissibility, immu-

nity duration, and vaccine effectiveness are varied. However, constant vaccination should

only be employed as a post-pandemic strategy. At the beginning of a novel pandemic, it

is imperative to vaccinate as quickly as possible to achieve a high level of population im-

munity without incurring a high death toll. The question ofwhento switch to constant

vaccination as well as the coverage level needed to extinguish a pandemic is highly speci�c

to the disease and situation and will require a different setup to the one we have provided,

therefore is beyond the scope of this study. Our objective is not to recommend a speci�c

periodic vaccination plan but to call for caution against aggressive vaccination, which not

only strains manufacturing, logistics, and health systems but could paradoxically engender

worse health outcomes.
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Constant vaccination may also be optimal from an economic standpoint. The cost

of treating a constant but manageable stream of disease is minor compared to the socio-

economic costs incurred by large-scale societal shutdowns in response to a big resurgence

in disease. Therefore, a vaccination strategy which prevents this situation is cost-effective.

Furthermore, smoothing vaccine demand has the added bene�t of simplifying supply chain

management. The bullwhip effect, where demand variability ampli�es moving up the sup-

ply chain, has been identi�ed as a potential issue for COVID-19 vaccine supply chains. [69]

identi�ed “accuracy in an order quantity” as the third most in�uential factor for bullwhip

effect reduction. It is also a high “centrality” factor, meaning that it is both strongly in�u-

enced by and exerts a strong in�uence on other factors. Restricting demand to a constant

predictable level will improve order accuracy and minimize supply chain disruptions.

Turning to the discussion of implementation, staggering vaccine uptake over time to

approximate the constant vaccination strategy can be achieved by a number of methods.

In one strategy inspired by vehicle registration renewal in some US states, people can be

advised to schedule a booster shot during their birthday month. Alternatively, people can

be encouraged to request the vaccine at their annual physical exam.

Our study has limitations. First, we have not factored human behavior into vaccine

uptake and instead assumed uniform uptake over the vaccination period. This was deliber-

ate as uniform uptake is the cleanest way of showing the effect of vaccination pace on the

disease dynamics. Second, we did not consider that the number of people who would opt

out of receiving a booster shot may decrease over time as the threat of severe COVID-19

infection subsides. Finally, we have made crucial mechanistic assumptions about waning

immunity, such as allowing immunity to be shed completely within the time frame of the

simulation despite the lack of research assessing long-term immunity. Were these limita-

tions recti�ed, however, our qualitative comparison of constant versus pulse vaccination

is unlikely to be invalidated as the changes would only raise or lower overall population

susceptibility and consequently the magnitude of recurrent epidemics.
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Although our analysis is tailored to the US, the results can be generalized to other coun-

tries or viewed from a global perspective. Effective post-pandemic management relies on

the initial attainment of a high level of population immunity. If certain subpopulations are

unable to procure a suf�cient supply of vaccines or are inef�cient at distributing them, not

only will they suffer a worse disease burden, but they will also delay or prevent the transi-

tion into a post-pandemic world. Hence, this study underscores the importance of equitable

vaccine access in low- and middle-income countries as an issue affecting all countries in

an interconnected world.
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Part II

Nonalcoholic Fatty Liver Disease
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CHAPTER 4

COST-EFFECTIVENESS OF THE AMERICAN GASTROENTEROLOGICAL

ASSOCIATION'S CLINICAL CARE PATHWAY FOR THE SCREENING OF

NONALCOHOLIC FATTY LIVER DISEASE IN PATIENTS WITH TYPE 2

DIABETES MELLITUS

4.1 Introduction

Nonalcoholic fatty liver disease (NAFLD) is the most common cause of chronic liver dis-

ease in the world, with an estimated prevalence of 25 to 40% [70, 71]. Nonalcoholic

steatohepatitis (NASH), an aggressive form of NAFLD characterized by in�ammation, bal-

looning, and liver damage, can progress to decompensated cirrhosis and hepatocellular car-

cinoma (HCC). NAFLD is a common comorbidity of obesity and type 2 diabetes mellitus

(T2DM) [72], and is associated with a higher risk of cardiovascular disease [73]. The eco-

nomic burden of NAFLD is estimated to be $103 billion in direct medical costs per year in

the United States (US) [74]. Due to the variety of medical specialties involved in the care of

NAFLD––including primary care, gastroenterology, hepatology, and endocrinology––care

processes have been inconsistent, possibly leading to poorer health outcomes. To address

this issue and improve preparedness in effectively managing the growing NAFLD patient

population, the American Gastroenterological Association (AGA), in collaboration with

other related professional societies, developed and published a NAFLD Clinical Care Path-

way [75]. The purpose of the Pathway is to recommend a “best practice” for the holistic

management of NAFLD by providing explicit guidance on screening, risk strati�cation,

and treatment. Several other societies, including the American Association for the Study of

Liver Diseases (AASLD) [76], the American Diabetes Association (ADA), and the Amer-

ican Association of Clinical Endocrinology (AACE), have endorsed and adopted the Path-
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way with minor modi�cations.

Development of the Pathway was based on the expertise of a multidisciplinary task

force, drawing from relevant literature, clinical data, and their own experience as healthcare

practitioners. However, cost-effectiveness of the Pathway has thus far not been assessed.

Such information would lend crucial support––or opposition––to its widespread adoption

in routine clinical practice. A recent analysis [udompap�performance�2023] suggested

that the Pathway would lead to overutilization of non-invasive testing but that its perfor-

mance could be improved by focusing on the T2DM patient population. Our objective was

to assess the cost-effectiveness of the AGA's Clinical Care Pathway for the screening and

treatment of NAFLD in patients with T2DM, a key subgroup known to be at greater risk of

NAFLD/NASH-related adverse events.

4.2 Methods

Study Design

We developed a simulation-based decision-analytic model to evaluate the performance of

the Clinical Care Pathway on health-related and economic outcomes. The model simu-

lates the life course of T2DM patients, who could have NAFLD and progress to advanced

liver disease. The simulated natural history of NAFLD was previously validated with a

large observational study [77, 78]. The model simulates NAFLD screening, diagnosis and

treatment as recommended by the Clinical Care Pathway. We leveraged data from a co-

hort study at the University of California at San Diego (UCSD), which recorded patient

characteristics and non-invasive test scores for the diagnosis of NAFLD/NASH-related �-

brosis for 501 T2DM patients [79]. Using our model, we evaluated the cost-effectiveness

of the Pathway from the healthcare payer perspective. Model development was performed

in C++17. Output analysis was performed in R (version 4.2.1). The model cycle length

was one year.
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NAFLD Natural History

We extended the NAFLD Simulator natural history model [77], which simulates the pro-

gression of NAFLD in a general population, to account for an increased risk of �brosis

progression in a T2DM population. The Markovian health states in the model included

nonalcoholic fatty liver (NAFL), i.e., simple steatosis, the NAFLD �brosis stages F0 to

F4, decompensated cirrhosis, HCC, and liver transplant. NAFLD �brosis stages F1 to F4

were further characterized by the presence or absence of NASH. Individuals were subject

to three types of mortality risk: liver-related, non-liver-related (e.g., due to cardiovascular

events, the risk of which is positively correlated with �brosis severity), and background

mortality. To account for a faster progression of NAFLD in T2DM patients, we estimated

a risk ratio of �brosis progression in health states NAFL and F0 to F4 for a T2DM pop-

ulation relative to the general population of 3.32. This value was calibrated to produce a

25.8% rate of transitioning from< F3 to� F3 after 7 years in a cohort of 50,695 individuals

(55.3% female, 37.3% NASH prevalence) with NAFLD, matching the results in [80]. The

annual probability of NASH resolution and relapse for a T2DM population were 0.05 and

0.08 respectively, same as that in the general population [77].

Base Case Population

Our base case population consisted of 1 million simulated 50-year-old patients with T2DM

(50.8% female [us�census�bureau�us�nodate]). The initial prevalence of NAFLD was

65.4% [81, 82]. The overall prevalence of NASH among individuals with NAFLD was

78% [82, 83]. For each individual with NAFLD, we assigned a �brosis stage as follows:

�rst, we sampled their FIB-4 score and liver stiffness measurement (LSM) from a joint

distribution �tted to the UCSD cohort; then, we sampled a �brosis stage conditional on the

LSM (Section C.1). The initial prevalence of health states was 34.7% no NAFLD, 13.3%

NAFL, 13.4% F0, 12.5% F1, 11.2% F2, 9.7% F3, 5.2% F4. Individuals without NAFLD

could develop NAFL at an annual rate of 2.4% [84, 85, 86].
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Figure 4.1: Screening pathway based on the AGA's Clinical Care Pathway

Time-Evolution of Non-Invasive Test Scores

We simulated changes in the FIB-4 score and LSM over time based on [87]. These non-

invasive test scores were updated every 3 years (the interval of routine screening) in the life

course of individuals, conditional on their change in �brosis stage over the same period:

improved �brosis � 1 stage, no change in �brosis stage, or worsened �brosis� 1 stage

(Section C.1).

NAFLD Screening

We evaluated two scenarios: usual care, which does not involve routine screening but sig-

ni�cant �brosis may be detected by chance at a rate of 1% per year, versus the Clinical Care

Pathway (Figure 4.1), which involves routine screening in addition to chance detection. We

simulated the two-step non-invasive screening and risk strati�cation strategy which em-

ploys the low-cost FIB-4 test as a �rst step and the more comprehensive LSM obtained

from vibration-controlled transient elastography (VCTE) by FibroScan® as a second step.

The �rst step screens out low risk (FIB-4< 1.3) patients, who return to routine screening,

and �ags high risk (FIB-4> 2.67) patients for referral to a hepatologist. Patients falling into

the indeterminate risk range in the �rst step proceed to further screening by VCTE. Patients

with LSM < 8 kPa (low risk) return to routine screening and those with LSM> 12 kPa (high

risk) are referred to a hepatologist. Patients falling into the indeterminate risk range in the

second step are also referred to a hepatologist. The hepatologist could perform further
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screening by MRE or liver biopsy. The likelihood of receiving MRE or biopsy varies in

clinical practice. Therefore, we assumed in the base case that 75% of patients receive MRE

and the remaining 25% receive biopsy. The sensitivity and speci�city of MRE for detecting

signi�cant �brosis was 73.2% and 90.7%, respectively [88]. Biopsy was assumed to have

100% diagnostic accuracy. If signi�cant �brosis is detected at this stage, the patient begins

immediate intervention, which includes initiation on pharmacotherapy with demonstrated

ef�cacy against NASH alongside lifestyle interventions.

NAFLD Interventions

There are currently no FDA approved drugs for treating NAFLD but a large number of

diabetes and weight loss drugs are undergoing evaluation in clinical trials. Two promis-

ing drugs that have shown ef�cacy against NASH are pioglitazone and semaglutide. A

recent systematic review estimated an odds ratio (OR) of� 1 stage improvement in �brosis

of 1.83 (95% CI 1.19, 2.90) for pioglitazone and 1.55 (95% CI 0.82, 2.93) for semaglu-

tide compared to placebo; the OR of NASH resolution was 6.66 (95% CI 3.22, 13.74) for

semaglutide and 4.44 (95% CI 1.83, 10.78) for pioglitazone compared to placebo [89]. The

follow up duration across the clinical trials ranged from 24 to 104 weeks. We used the

reported values as is for the ORs of �brosis regression and NASH resolution after one year,

and conducted sensitivity analysis to account for uncertainty. We also incorporated concur-

rent intensive lifestyle intervention (ILI) along with the drug effectiveness, as demonstrated

in ongoing clinical trials of NASH drugs. In the base case, we allocated patients to drugs

according to the following probabilities: 50% pioglitazone, 25% semaglutide, 25% piogli-

tazone and semaglutide combined. We conducted sensitivity analysis using different treat-

ment probabilities. We assumed that the ef�cacy of the combined drugs in terms of the OR

of �brosis regression and NASH resolution followed, respectively, those of pioglitazone

and semaglutide for a “best of both worlds” effect. The dosage regimen was assumed to

be pioglitazone, 30 mg, once daily and semaglutide, 0.4 mg, once daily in alignment with
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the clinical trials included in the systematic review [89]. Once initiated on interventions,

patients stayed on interventions until they died or until the end of the simulation period.

Sensitivity analysis around drug effectiveness parameters accounted for the uncertainty in

effectiveness due to less than perfect compliance. Drug effectiveness was assumed to be

constant over the patients' lifetime.

Quality-of-Life Weights

Each year spent in a NAFLD health state was associated with a quality-of-life (QoL) weight

derived from published studies, with 1 denoting perfect health and 0 denoting death. Treat-

ment with pioglitazone, 30 mg, once daily was associated with a disutility of –0.01 due to

weight gain. Other side effects, such as increased risk of bladder cancer and bone fracture,

were not accounted for due to their rarity [82]. Treatment with semaglutide, 0.4 mg, once

daily was estimated to incur a disutility of –0.01 from the inconvenience of daily injections

[90]. A �nal QoL weight associated with age and sex was applied. All QoL weights and

disutilities are presented in Table 4.1.

Costs

Each year spent in a NAFLD health state incurred a cost of disease management derived

from published studies. The base case screening costs were $53 for obtaining a FIB-4 score

(liver function test and platelet count) and $447 for FibroScan® VCTE [91]. Because pi-

oglitazone and semaglutide are not FDA approved for treating NAFLD, and because their

proposed dosage regimens differ from those prescribed for diabetes management, a pub-

lished wholesale acquisition cost (WAC) does not exist for NAFLD in the IBM Micromedex

RED BOOK. Using the lowest cost of generic pioglitazone, we obtained $64 as the base

case annual cost. For semaglutide, it was assumed that the annual cost of Ozempic® pens

would be set to the annual cost of the current once weekly regimen for diabetes manage-

ment, equal to $10,649. If a patient screens positive for liver �brosis, it is assumed that they
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have, at some point, completed––and thus incurred the cost of––additional tests to rule out

other causes of liver disease. The cost of chance detection of NAFLD included the cost

of differential diagnosis as well as the liver function test since incidental diagnosis usually

arises due to detection of abnormal aminotransferase levels [82]. Where applicable, costs

were converted to 2023 USD using the ratio between the US Consumer Price Index for

Medical Care in 2023 and previous years. All cost estimates are presented in Table 4.1.

Detailed drug cost derivations are presented in Section C.2.

Table 4.1: Values of input parameters used in the simulation model and cost-effectiveness
analysis

Parameter Base case Lower Higher PSA distribution Reference
Epidemiological parameters

Initial prevalence of NAFLD 65.4% 49.1% 8.8% Beta(20.47, 10.58) [81, 82]
Initial prevalence of NASH given NAFLD 78.0% 58.5% 97.5% Beta(13.03, 3.37) [82, 83]
Probability of developing NAFL (annual) 0.024 0.018 0.030 Beta(62.94, 2578.37) [84, 85, 75]
Probability of NASH resolution (annual) 0.08 - - - [77]
Probability of NASH relapse (annual) 0.05 - - - [77]
RR of �brosis progression in a T2DM patient
(annual)

3.32 2.49 4.15 Gamma(60.87, 0.05) Calibrated

Health state quality-of-life weights
No NAFLD 1.00 - - - -
NAFL, F0 to F2 0.86 0.77 0.95 Beta(48.28, 7.46) [92]
F3 0.80 0.72 0.88 Beta(75.86, 18.59) [92]
F4 0.78 0.70 0.86 Beta(79.4, 22.03) [92]
Decompensated cirrhosis 0.67 0.60 0.74 Beta(115.32, 56.53) [74]
Hepatocellular carcinoma 0.59 0.53 0.65 Beta(151.54, 105.15) [74]
Liver transplant, �rst year 0.67 0.60 0.74 Beta(115.32, 56.54) [74]
Liver transplant, �rst year 0.68 0.61 0.75 Beta(115.17, 53.93) [74]
Disutility of pioglitazone, 30 mg, once daily –0.01 –0.015 –0.005 Beta(14.89, 1521.29) [82]
Disutility of semaglutide, 0.4 mg, once daily –0.01 –0.015 –0.005 Beta(14.89, 1521.29) [90]

Age and sex quality-of-life weights
Male, 0 to 29 0.928 - - - [93]
Male, 30 to 39 0.918 - - - [93]
Male, 40 to 49 0.887 - - - [93]
Male, 50 to 59 0.861 - - - [93]
Male, 60 to 69 0.840 - - - [93]
Male, 70 to 79 0.802 - - - [93]
Male, � 80 0.782 - - - [93]
Female, 0 to 29 0.913 - - - [93]
Female, 30 to 39 0.893 - - - [93]
Female, 40 to 49 0.863 - - - [93]
Female, 50 to 59 0.837 - - - [93]
Female, 60 to 69 0.811 - - - [93]
Female, 70 to 79 0.771 - - - [93]
Female,� 80 0.724 - - - [93]

Health state costs (annual, in 2023 USD)
No NAFLD 0 - - - -
NAFL 1,027 770 1,284 Gamma(60.72, 16.77) [94]
F0 929 697 1,161 Gamma(60.97, 15.11) [94]
F1 513 385 641 Gamma(61.08, 8.33) [94]
F2 588 441 735 Gamma(60.84, 9.58) [94]
F3 3,378 2,533 4,222 Gamma(60.83, 55.06) [94]
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F4 7,509 5,632 9,387 Gamma(60.82, 122.43) [94]
Decompensated cirrhosis 17,014 12,761 21,268 Gamma(60.84, 277.33) [95]
Hepatocellular carcinoma 46,869 35,152 58,586 Gamma(60.84, 763.93) [95]
Liver transplant, �rst year 200,771 150,578 250,963 Gamma(60.84, 3272.53) [95]
Liver transplant, after �rst year 16,561 12,421 20,701 Gamma(60.84, 269.91) [95]

Screening costs (in 2023 USD)
Liver function test 35 - - - [91]
Platelet count 18 - - - [91]
FIB-4 (liver function test + platelet count) 53 40 66 Gamma(63.22, 22.35) -
VCTE (FibroScan®) 447 335 559 Gamma(60.56, 7.32) [91]
MRE 1,373 1,030 1,716 Gamma(60.93, 22.35) [91]
Liver biopsy 6,299 4,724 7,874 Gamma(60.82, 102.71) [91]

Cost of tests needed after screening positive for �brosis to rule out other causes of liver disease
Hepatitis A antibodies 62 - - - [91]
Hepatitis B surface antigen screening 44 - - - [91]
Hepatitis B surface antibodies 48 - - - [91]
Hepatitis B core antibodies 53 - - - [91]
Hepatitis C antibodies 62 - - - [91]
Iron test 26 - - - [91]
Ferritin test 62 - - - [91]
Total iron binding capacity test 40 - - - [91]
Serum gamma globulin level 40 - - - [91]
Antinuclear antibodies (ANA) 52 - - - [91]
Anti-smooth muscle antibodies (ASMA) 53 - - - [91]
Liver-kidney microsomal antibodies 66 - - - [91]
Alpha-1 antitrypsin (AAT) test 79 - - - [91]
Ceruloplasmin test 40 - - - [91]
Total 727 525 909 Gamma(60.67, 11.88) -

Treatment costs (annual, in 2023 USD)
Pioglitazone, 30 mg, once daily 64 48 80 Gamma(60.84, 1.04) [96]
Semaglutide, 0.4 mg, once daily 10,649 7,987 13,311 Gamma(60.85, 173.55) [97]

Screening parameters
Probability of chance detection (annual) 0.01 0.005 0.015 Beta(14.89, 1521.29) Assumption
Probability of receiving MRE 0.75 0.60 0.90 Beta(23.2, 7.41) Assumption
MRE sensitivity 73.2% 65.7% 87.3% Beta(46.83, 15.01) [88]
MRE speci�city 90.7% 85.0% 95.7% Beta(101.81, 10.28) [88]
Liver biopsy sensitivity 100% - - - Assumption
Liver biopsy speci�city 100% - - - Assumption

Effectiveness of pioglitazone, 30 mg, once daily
OR of NASH resolution (annual) 4.44 1.83 10.78 Gamma(4.55, 1.12) [89]
OR of �brosis regression by 1 stage (annual) 1.83 1.19 2.80 Gamma(20.8, 0.09) [89]

Effectiveness of semaglutide, 0.4 mg, once daily
OR of NASH resolution (annual) 6.66 3.22 13.74 Gamma(7.01, 1.04) [89]
OR of �brosis regression by 1 stage (annual) 1.55 0.82 2.93 Gamma(9.19, 0.18) [89]

Odds ratio (OR) applied to transition probability as follows:[ p0=(1 � p0)] = [ p=(1 � p)] = OR, wherep is the probability in the base
case andp0 is the probability after applying the OR. Lower and higher values of quality-of-life weights (costs) are by default ±10%
(±25%) of the base case unless otherwise stated.

Model Outcomes

For each simulated scenario (usual care and the Clinical Care Pathway), we collected

the following outcomes: 50-year cumulative incidence of decompensated cirrhosis, HCC,

liver-related deaths, and non-liver-related deaths; detected cases of signi�cant �brosis (� F2);

cost of NAFLD screening, treatment, and disease management per patient lifetime; quality-

adjusted life years (QALYs) and total cost per patient lifetime. We applied a standard 3%
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annual discount rate to all future QALYs and costs. Finally, we calculated the incremental

cost-effectiveness ratio (ICER) of the Clinical Care Pathway versus usual care. We used

a willingness-to-pay (WTP) threshold of $100,000 per additional QALY to determine-cost

effectiveness of the Pathway.

Sensitivity Analysis

To account for uncertainty in the input parameter values, we performed one-way sensi-

tivity analysis and probabilistic sensitivity analysis (PSA) on all QoL weights, costs, and

treatment effectiveness parameters. The range and PSA distribution of the value of these

parameters are listed in Table 4.1.

4.3 Results

Clinical Ef�cacy of the Clinical Care Pathway

Compared with usual care, the Clinical Care Pathway prevented 2,048 cases of decom-

pensated cirrhosis, 943 cases of HCC, 3,403 liver-related deaths, and 946 non-liver-related

deaths per 100,000 people over the lifetime horizon of a cohort of 50-year-old T2DM pa-

tients (Table 4.2).

Cost-Effectiveness of the Clinical Care Pathway

Compared with usual care, the Clinical Care Pathway increased QALYs by 0.28 and costs

by $14,375 per patient lifetime (Table 4.2). The costs associated with screening and in-

terventions were respectively $2,345 and $18,289 per patient lifetime. The cost of man-

agement was reduced by $3,302 per patient lifetime compared with usual care. The ICER

of the Pathway versus usual care was $50,777 per additional QALY, making the Pathway

highly cost-effective for a WTP threshold of $100,000.
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Table 4.2: Comparison of simulated health-related and economic outcomes between usual
care and the Clinical Care Pathway

Scenario Analysis

In a subgroup analysis, we varied the age of the starting population to 40, 60, and 70 years.

The corresponding ICERs were $38,920, $65,446, and $92,873 per additional QALY, re-

spectively (Table C.4), implying that the Pathway is cost-effective irrespective of the age of

the patient cohort. In addition, we considered alternative scenarios for pharmacotherapies

for NAFLD patients: 100% pioglitazone, or 100% semaglutide, or 100% pioglitazone and

semaglutide combined. The corresponding ICERs were cost saving (-$2,331), $99,351, and

$96,604 per additional QALY, respectively (Table C.5). NAFLD treatment with the com-

bined drugs was the most effective at lowering disease incidence and produced the highest

gain in QALYs per patient. Treatment with pioglitazone exclusively was cost-saving due

to the low cost of the drug but it was associated with the highest risk of disease progression

among simulated scenarios. All in all, screening remained cost-effective in all scenarios

considered.
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Figure 4.2: Tornado plot of the 10 most in�uential parameters from the one-way sensitivity
analysis

Sensitivity Analysis

Cost-effectiveness of the Pathway was not sensitive to the value of input parameters. Fig-

ure 4.2 is the tornado plot of the 10 parameters that had the greatest in�uence on cost-

effectiveness from the one-way sensitivity analysis. The top 3 most in�uential parameters

were related to drug cost and effectiveness. They were, in order, the OR of �brosis regres-

sion of pioglitazone, the OR of NASH resolution of pioglitazone, and the cost of semaglu-

tide. The next most in�uential factor was the QoL weight for health states NAFL, F0 to F2,

which were the most prevalent health states. Figure 4.3 is the output from the probabilistic

sensitivity analysis, which takes into account the joint uncertainty of all model inputs. With

a WTP threshold of $100,000 per additional QALY, 98% of the iterations indicated that the

Pathway was cost-effective after accounting for uncertainty in all model inputs.

4.4 Conclusion

Knowledge on best practices for NAFLD management is rapidly evolving. The AGA's

Clinical Care Pathway is the most up-to-date evidence-based set of recommendations avail-

able to guide clinical practice. We evaluated the cost-effectiveness of the Pathway for man-

aging NAFLD in T2DM patients, who are at increased risk of NAFLD/NASH-related �bro-
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(A) The black sloped line is the WTP threshold of $100,000 per additional QALY; the ellipse encloses the
95% con�dence region.

Figure 4.3: (A) Scatterplot of incremental cost versus incremental QALYs for 1,000 iter-
ations of the simulation; (B) Acceptability curve showing the proportion of iterations that
are cost-effective at different WTP thresholds

sis. Our results indicate that the Pathway is highly cost-effective at an ICER of $50,777 per

additional QALY. Implemented in this patient population, the Pathway could prevent 2,048

cases of decompensated cirrhosis, 943 cases of HCC, 3,403 liver-related deaths, and 946

non-liver-related deaths per 100,000 people over the lifetime horizon. The cost of disease

management could be reduced by $3,302 per patient lifetime.

This study contributes to the cost-effectiveness literature on non-invasive screening for

NASH/NAFLD-related �brosis. Previous studies have also focused on the T2DM patient

population, including the following. [82] assessed screening for NASH with one-time ab-

dominal ultrasound followed by liver biopsy if ultrasound results indicate fatty in�ltration,

then treatment with pioglitazone, 30 mg, once daily if the patient has biopsy-con�rmed

NASH. They found that the strategy improved liver-related outcomes but was not cost-

effective due to the detrimental side effects of pioglitazone. [80] assessed 6 hypothetical

NAFLD screening strategies. They found the combination of ultrasound and liver function

test as a �rst step followed by VCTE as a second step, and 1 year of ILI if the patient

quali�es for treatment, to be cost-effective. Our analysis is unique in that we validated an
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established screening pathway while using up-to-date data on disease incidence and pro-

gression and treatment ef�cacy. In addition to validating the stepwise screening approach,

we provide timely support for approving the treatment of NAFLD with T2DM drugs show-

ing ef�cacy in improving liver histology in NASH, namely pioglitazone and semaglutide

[98].

Our study provides critical information to agencies responsible for developing gen-

eral population screening guidelines, such as the United States Preventive Services Task

Force (USPTF). Our cost-effectiveness analysis also provides support for payer coverage

of NAFLD screening for T2DM patients. Widespread implementation of the Pathway,

though bene�cial, could be limited by the availability of FibroScan® in primary care and

endocrine clinics. Additional resources may be needed to scale up systematic NAFLD

screening. Alternatively, FibroScan® may be substituted by the cheaper Enhanced Liver

Fibrosis (ELF™) Test per the AASLD guidelines [76].

Our study is limited by its assumptions. First, our statistical models for sampling non-

invasive test scores and inferring the NAFLD �brosis stage are based on limited data; thus,

their accuracy is not entirely understood. However, the data informing our models rep-

resents the current state of knowledge, so we have provided the best possible data-driven

solution. Furthermore, sensitivity analysis around these parameters showed that our con-

clusions were robust. Second, our NAFLD natural history model lacks con�dence inter-

vals for transition probabilities so their uncertainty is not quanti�ed; but we have shown

that cost-effectiveness is relatively insensitive to changes in transition probabilities, such

as those induced by initiating pharmacotherapy. Third, we did not model a baseline use of

semaglutide in the diabetic population when calibrating the risk ratio of �brosis progres-

sion relative to the general population since the dosage regimen for treating NAFLD differs

from that for treating diabetes. However, varying the risk ratio in the sensitivity analysis

did not affect cost-effectiveness. Lastly, we have assumed off-label use of T2DM drugs

for treating NAFLD based on regimens tested in recent clinical trials. As they have yet to
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receive FDA aproval for this purpose, there are no established estimates of unit costs. We

made assumptions on their prices, but sensitivity analysis around drug costs showed that

our conclusions were robust.

In conclusion, this study provides crucial support for widespread adoption of the AGA's

Clinical Care Pathway in clinical practice. The Pathway has the potential to be highly

cost-effective if implemented in a T2DM patient cohort, and could signi�cantly reduce the

burden of NAFLD.
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CHAPTER 5

A METHOD FOR GENERATING FIRST-DEGREE RELATIVE NETWORKS

WITH FAMILIAL AGGREGATION OF NONALCOHOLIC FATTY LIVER

DISEASE

5.1 Introduction

Nonalcoholic fatty liver disease (NAFLD) is the most common liver disease in the United

States (US), affecting 20 to 25% of the general population [99]. Encompassing multiple

stages from simple hepatic steatosis to nonalcoholic steatohepatitis (NASH), NAFLD may

ultimately progress to decompensated cirrhosis, which carries a 1.5% annual risk of devel-

oping into hepatocellular carcinoma [100]. Advanced �brosis, de�ned as the presence of

either bridging �brosis or cirrhosis, portends a worse prognosis. Studies have found the

risk of liver-related mortality to be exponentially higher in patients with advanced �bro-

sis [101, 102, 103], and NAFLD cirrhosis is now one of the leading indications for liver

transplantation [104]. Therefore, early detection is of great clinical importance.

There is increasing evidence of familial aggregation of NAFLD. A landmark pilot,

single-center study that recruited 26 NAFLD-cirrhosis probands, 69 non-NAFLD controls,

and the �rst-degree relatives of these 95 people, found that the relatives of the NAFLD-

cirrhosis probands had a 12 times higher risk of advanced �brosis compared to those of

the non-NAFLD controls [105]. A follow-up study aimed to validate these �ndings in

two independent cohorts in the US and Europe [106]. In the US cohort, the prevalence

of advanced �brosis among �rst-degree relatives of probands with NAFLD with advanced

�brosis, NAFLD without advanced �brosis, and non-NAFLD was 15.6%, 5.9%, and 1.3%,

respectively. Similarly, in the European cohort, the prevalences were 14.0%, 2.6%, and

1.3%, respectively.
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The high prevalence of NAFLD and low rate of progression to cirrhosis make it imprac-

tical to routinely screen the general population even with noninvasive methods. However,

screening for advanced �brosis in high risk populations, such as the relatives of NAFLD

patients, could critically reduce future liver-related morbidity and mortality. Current guide-

lines of the American Gastroenterological Association (AGA) and the American Associa-

tion for the Study of Liver Disease (AASLD) do not recommend familial screening [107,

108]. Hence, simulation-based studies are needed to demonstrate cost-effectiveness and

provide support for its implementation. In addition, we are interested in answering the

question: if we were to screen the �rst-degree relatives of a patient with advanced �brosis,

and in turn the �rst-degree relatives of the �rst-degree relatives with advanced �brosis, and

so on, how many additional cases of advanced �brosis could we identify? Put succinctly,

what is the “chain reaction” bene�t of familial screening? To answer this question, we re-

quire a network model of �rst-degree relatives that is representative of US demography as

well as NAFLD prevalence and familial aggregation. This chapter describes our approach

to network generation and how such networks can be used in cost-effectiveness analysis.

5.2 Literature Review

Familial screening is similar to cascade testing, the process of extending genetic testing to

the family members of an individual who was diagnosed with a genetic condition or dis-

covered to possess a pathogenic variant, commonly employed in the context of familial hy-

percholesterolemia (FH), hereditary breast and ovarian cancer, and Lynch syndrome [109].

The cost-effectiveness literature on cascade testing offers a starting point for our proposed

analysis, in particular, on how to model a population of related individuals accounting for

hereditary risk. [110] performed an expected-value analysis whereby simulated individuals

were assigned cohort-averaged characteristics of 81 adults with con�rmed FH in West-

ern Australia. Similarly, [111] used data collected from FH cascade services in Scotland,

Wales and the Wessex region of England to estimate average characteristics for seven rep-
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resentative patient age groups. There is no coordinated cascade testing program for FH

in the US, so [112] constructed family trees using fertility data recorded by the US Cen-

sus Bureau, allowing demographic attributes to be sampled from an empirical distribution

rather than �xing them at the average value. Similarly, we adopt a stochastic approach to

network generation driven by empirical distributions of demographic and epidemiological

variables. Our approach uses network optimization to distribute disease across the network

such that the resulting disease prevalence and degree of familial aggregation are consistent

with known targets.

5.3 Methods

Our two-step approach consists of �rst-degree relative network generation in the �rst step

(Section 5.3.1), followed by health state assignment in the second step (Section 5.3.2).

5.3.1 First-Degree Relative Network Generation

The �rst-degree relative network generation algorithm takes as input empirical distribu-

tions of demographic variables obtained from US population surveys, and outputs a �rst-

degree relative network that, by nature of its construction, is consistent with these distribu-

tions. The demographic variables driving network construction are: age difference between

mother and father, women's number of children ever born, women's age at birth of �rst

child, age difference between consecutive siblings, individuals' likelihood of survival up

to their present age, and age-speci�c sex ratios. Table 5.1 summarizes these variables and

their data sources. Certain variables are represented by a proxy variable that is available

in population survey data when the original variable is not. The output isG(V; E), a con-

nected network comprising a set of nodesV representing individuals and a set of undirected

edgesE representing �rst-degree connections.

The algorithm proceeds in iterations to generate a network by repeatedly “expanding”

on nodes, starting with an initial set of fully connected nodes representing a set of siblings.
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Table 5.1: Demographic inputs to the �rst-degree relative network generation algorithm

Variable Strati�cation Data source Notes
Age difference between
mother and father

- [113]: Table FG3. Opposite-Sex Married Couple
Family Groups, by Presence of Own Children Under
18, and Age, Earnings, Education, and Race and
Hispanic Origin of Both Spouses 2022

Age difference between
husband and wife as a
proxy

Woman's number of
children ever born

Woman's age [114]: Table 1. Women's Number of Children Ever
Born by Age and Marital Status June 2018

Woman's age at birth of
�rst child

Woman's age [115]: Table 4. Age at �rst child's birth for women
and men aged 15–44: United States, 2011–2015

Age difference between
consecutive siblings

- [115]: Table 6. Number of months from �rst birth to
second birth for women aged 15–44: United States,
2011–2015

Age difference between
�rst and second child as
a proxy

Individual's survival up
to their present age

- [116]: United States – Period Lifetables: 1959-2020

Individual's sex Individual's age [117]: Table 1. Population by Age and Sex 2021

Expansion on a node entails generating their children, their partner, their partner's siblings,

their partner's parents, and their partner's parent's siblings. For each new node, their age

is generated in relation to an existing node by sampling from an appropriate empirical

distribution. Acceptance of the newly generated node into the network is conditional on

the person surviving to their present age. If accepted, the �nal step is to generate their sex

according to age-speci�c sex ratios. Algorithm 1 describes the exact generation procedure

in pseudocode.

5.3.2 Health State Assignment

Next, each person in the �rst-degree relative network must be assigned a health state such

that the overall network is consistent with empirical data on NAFLD prevalence and fa-

milial aggregation. Table 5.2 lists the targets of the health state assignment. Prevalence

strati�ed by age group is supplied by [118]. Familial aggregation data is provided by [106],

which reported the prevalence of disease among �rst-degree relatives as a proportion of the

set of �rst-degree relatives formed by aggregating across all probands with a given health

state.

The health state assignment problem can be modeled as an integer program as follows.

For each personi 2 V, introduce binary decision variablesx i (equal to 1 if personi

has NAFLD without advanced �brosis; 0 otherwise) andyi (equal to 1 if personi has
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Algorithm 1: First-degree relative network generation algorithm
Initialize empty networkG(V; E)
Initialize empty queueQ for unvisited nodes inG
GenerateS := an initial set of siblings
Add S to G andQ
while jV j is less than the desired sizedo

Select nodev at the head ofQ to expand on
Removev from Q
if v is femalethen

Generatevp := v's male partner
nc  Sample the number of children ever born tov by their present age

else
Generatevp := v's female partner
nc  Sample the number of children ever born tovp by their present age

end
if nc > 0 then

Add vp to G conditional on survival to their present age
if vp is addedthen

for i = 1 to nc do
Generatevc

i := thei th child of v andvp

Add vc
i to G andQ conditional on survival to their present age

end
Generatevpf := vp 's father toG
Add vpf to G conditional on survival to their present age
Generatevpm := vp 's mother toG conditional on survival to their present age
Add vpm to G conditional on survival to their present age
for vpp in f vpf ; vpm g do

appm  Samplevpp 's mother's age assumingvpp to be the eldest child
nppmc  Sample the number of children ever born to a woman by ageapmm

for i = 1 to (npmc � 1) do
Generatevpmc

i := thei th sibling of vpp

Add vpmc
i to G conditional on survival to their present age

end
end

end
npmc  Sample the number of children ever born tovpm by their present age
for i = 1 to (npmc � 1) do

Generatevpmc
i := thei th sibling of vp

Add vpmc
i to G andQ conditional on survival to their present age

end
end

end
return G(V; E)
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Table 5.2: Health state assignment targets

Target Value
NAFLD prevalence by age group

0 to 39 years 22.43%
40 to 49 years 26.53%
50 to 59 years 27.40%
60 to 69 years 28.90%
70 to 100 years 33.99%

Prevalence of NAFLD among �rst-degree relatives of
Probands with NAFLD without advanced �brosis 58.8%
Probands with NAFLD with advanced �brosis 70.3%

Prevalence of NAFLD with advanced �brosis among �rst-degree relatives of
Probands with NAFLD without advanced �brosis 5.9%
Probands with NAFLD with advanced �brosis 15.6%

NAFLD with advanced �brosis; 0 otherwise) such thatx i + yi � 1. Personi does not

have any NAFLD ifx i = yi = 0. Auxiliary variablesai , bi , ci , di count the number

of �rst-degree relatives of a certain health state given that personi has a certain health

state. Speci�cally,ai counts the number of �rst-degree relatives with any NAFLD if person

i has NAFLD without advanced �brosis;bi counts the number of �rst-degree relatives

with any NAFLD if personi has NAFLD with advanced �brosis;ci counts the number of

�rst-degree relatives with NAFLD with advanced �brosis if personi has NAFLD without

advanced �brosis; anddi counts the number of �rst-degree relatives with NAFLD with

advanced �brosis if personi has NAFLD with advanced �brosis. There are two parts to

the objective function. First, the health state assignment should minimize the absolute

deviation from known NAFLD prevalencespA across all age groupsA in the set of age

groupsA . Second, the assignment should minimize the absolute deviation from known

prevalences of NAFLD amongst �rst-degree relatives of persons with NAFLD with and

without advanced �brosis, given bypa; pb; pc; pd corresponding to the auxiliary variables

de�ned previously. Following convention,� (i ) denotes the set of neighboring nodes, in

other words, the set of �rst-degree relatives, of personi . We now present the full integer

programming formulation, where all but the �rst constraint serve to linearize a conditional

sum using the big-M method:
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X

j 2 � (i )

(x j + yj ) � M (1 � x i ) � ai �
X

j 2 � (i )

(x j + yj ); 8i 2 V
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X

j 2 � (i )

(x j + yj ) � M (1 � yi ) � bi �
X

j 2 � (i )

(x j + yj ); 8i 2 V

0 � ci � Mx i ; 8i 2 V
X

j 2 � (i )

yj � M (1 � x i ) � ci �
X

j 2 � (i )
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X

j 2 � (i )

yj � M (1 � yi ) � di �
X

j 2 � (i )

yj ; 8i 2 V

x i ; yi 2 f 0; 1g 8i 2 V

The optimization problem was solved using Gurobi Optimizer (version 10.0.2) with a

maximum runtime of 180 seconds, yielding, on average, an optimality gap of 15 to 20%.

This allows the health state assignment to reasonably deviate from the optimization targets

to account for uncertainty in the values thereof.

5.4 Results

5.4.1 First-Degree Relative Network Generation

Figure 5.1 shows an example �rst-degree relative network with 45 nodes, colored alter-

natively by generation in (A) and sex in (B). Coloring by generation makes it easy to
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