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During the COVID-19 pandemic, many questions arose about the effectiveness, necessity, and du-

ration of interventions implemented to mitigate the transmission of SARS-CoV-2. For instance, limited

initial supply of SARS-CoV-2 vaccine raised the question of how to prioritize available doses. In this thesis,

I quantify the effectiveness of vaccination and testing policies using mathematical models to address these

types of questions. Using SEIR-type mechanistic models, I investigate SARS-CoV-2 transmission dynamics

in terms of age and immune status. By analyzing the cumulative number of simulated infections and deaths

under different vaccination prioritization strategies, I demonstrate that prioritizing adults aged 60+ for ini-

tial COVID-19 vaccine doses minimizes mortality, and this strategy is robust across countries, transmission

rates, vaccination rollout speeds, and estimates of infection-acquired immunity. I use a similar modeling ap-

proach to evaluate the effectiveness of unvaccinated-only testing programs in mixed-immunity populations,

finding their effectiveness generally limited and dependent on population immunity, non-pharmaceutical

interventions, and participation. Lastly, using a probabilistic model that incorporates within-host viral ki-

netics and theory from stochastic processes, I evaluate the potential effectiveness of screening travelers with

molecular tests. This project considers screening for SARS-CoV-2 as well as influenza A, SARS-CoV-1, and

Ebola to evaluate the potential effectiveness of these screening programs in general. I demonstrate how, for

any pathogen or test, traveler screening is fundamentally limited by the amount of time before infection and

detectability. The overarching goals for this thesis are to further our understanding of transmission dynamics

and the role of targeted interventions in light of individual variation in susceptibility and infectiousness, and

to evaluate and inform relevant public health policies.
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Chapter 1

Introduction

The ongoing COVID-19 pandemic has profoundly impacted global public health, economies, and

daily life, prompting unprecedented interventions and adaptations worldwide. Quick, clear, and well-

motivated decision-making on the policies shaping these interventions has been of the utmost importance,

particularly in the initial phases when resources were extremely limited. To inform such decision-making,

mathematical models of infectious disease dynamics have been commonly used, along with economic anal-

yses and ethical reasoning. The use of such models in this context is not new: mechanistic models have

been used for decades to make predictions about the effectiveness of possible disease control measures

and “bridge the gap between clinical trials and population-level use” [1]. However, the modern contexts,

emerging pathogen, and sophisticated new technologies have required new models and analysis that are ap-

propriately calibrated, validated, and communicated [2]. This thesis delves into the effectiveness of different

interventions using mathematical modeling to address a variety of policy-related questions that arose during

the pandemic. Not only was this work motivated by the pressing questions of the times that are interesting

scientific questions per se, but it was also completed in a timely manner in order to inform the policies put

into practice.
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1.1 Chronicle of the COVID-19 pandemic

1.1.1 Timeline

The first documented cases of COVID-19 trace back to Wuhan, China at the end of 2019. The virus

spread quickly in the beginning of 2020, first around China and neighboring countries, and then around the

world. By March, there were over 100,000 confirmed global cases in over 100 countries, and, on March 11,

2020, the World Health Organization officially declared COVID-19 a pandemic. In the U.S., cases initially

peaked in late March and early April, then started to rise once again in July and August. The number of

cases of COVID-19 worldwide peaked in January 2021 following holiday gatherings and the emergence of

more transmissible variants like Alpha. Following the cyclical patterns like that of many other respiratory

viruses, global case counts have subsequently peaked thus far in April 2021, August 2021, January 2022,

July 2022, and December 2022 [3]. On May 5, 2023, the WHO declared that COVID-19 is no longer a

public health emergency of international concern, given that the disease was by then well established and

trending downward [4]. However, as of June 2024, the WHO has not yet declared the pandemic officially

over . Cases continue to occur widely, and, according to the CDC, there were nearly as many hospitalizations

in the U.S. in January 2024 from COVID-19 as in January 2023 [5]. According to the WHO COVID-19

dashboard, there have been 776 million cases of COVID and 7.1 million deaths due to COVID-19 worldwide

to date [3].

1.1.2 Interventions

While many different interventions have been implemented to control the spread of SARS-CoV-2

during the COVID-19 pandemic, I will focus this section on the interventions that pertain to Chapters 2-4:

vaccines, vaccinate-or-test policies, and traveler screening programs.

1.1.2.1 Vaccines

On January 11, 2020, just two days after the sequence of SARS-CoV-2 became available, the NIH

and Moderna began collaborating on the design of a vaccine. By April 2020, there were over 100 vaccines
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in development worldwide [6]. In December 2020, within a year since the identification of this novel virus,

the Pfizer/BioNTech and Moderna vaccines were among the first to receive emergency use authorization

(EUA) by regulatory agenecies like the FDA in the U.S. and the EMA in Europe [7]. Vaccination programs

promptly began worldwide, often prioritizing healthcare workers, the elderly, and those with underlying

health conditions first. In the U.S., by June 2021 57% of people in the U.S. over 18 had received 1 or more

COVID-19 vaccine doses, significantly reducing severe illness, hospitalizations and deaths [8]. Although

there were significant disparities in the distribution of initial vaccines worldwide, the COVAX initiative

played a critical role in facilitating access to COVID-19 vaccines around the world, especially in low- and

middle-income nations. Variants of concern, such as Delta and Omicron, challenged the effectiveness of

vaccination and follow up booster campaigns began in September 2021.

1.1.2.2 Vaccinate-or-test Policies

In the U.S., following the widespread availability of vaccines, different vaccination requirements

were implemented by local governments, companies, and universities to enable the safe return to in-person

activities. One such policy, referred to as vaccinate-or-test, required individuals to either be fully vaccinated

or undergo testing, often once per week. In September 2021, the Biden administration announced that

this type of policy would be federally mandated for companies with over 100 employees, but it ended up

being blocked by the U.S. Supreme Court in January 2022 [9]. However, different institutions continued to

implement this type of requirement, with the duration and implementation details varying widely between

settings.

1.1.2.3 Traveler Screening Programs

Several countries, including the U.S., began screening travelers from Wuhan and other parts of China

in January 2020, shortly after cases were reported outside of China. Screenings early in the pandemic often

included temperature checks and health questionnaires. By April 2020, many countries had implemented

more comprehensive traveler screening programs, in addition to mandatory quarantine, testing upon arrival,

and tracking systems for incoming travelers. In the summer of 2020, some countries began requiring proof
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of a negative COVID-19 test before departure or upon arrival. By the end of 2020, more countries adopted

pre-travel testing requirements, either via rapid or PCR tests. Generally, either PCR testing was required

within 24 to 74 hours days of before departure or rapid test at departure or upon arrival from October 2021

to June 2022 [10].

1.2 Goals

I have two overarching goals for this thesis. First, I aim to deepen scientific knowledge of the role

of individual variation in infectious disease transmission, with a strong focus on SARS-CoV-2, and targeted

interventions based on such variation. Some of the heterogeneities considered in this thesis include dif-

ferences in susceptibility and infectiousness due to age, immune status, behavior, and pathogen load. The

second goal of this thesis is to use the results from the first goal to identify specific and realistic recommenda-

tions for public health policy. Additionally, I hope this thesis demonstrates the importance and applicability

of interdisciplinary science. My work relies on ideas from a plethora of fields, including complex systems,

statistics, probability, scientific computing, virology, immunology, and epidemiology. I believe training in

different disciplines enables creative research projects, and is necessary to achieve my two goals.

1.3 Outline

In Chapter 2, I explore how best to prioritize the initial doses of COVID-19 vaccines using a deter-

ministic, age-stratified, SEIR-type model, that was developed during the summer and fall of 2020 before the

approval of the first COVID-19 vaccine. At the time, it was unknown how efficacious the vaccine would be

against infection, transmission, and severe disease, or how many doses would initially be available. With

light of these unknown parameters, as well as ongoing questions about SARS-CoV-2 transmission and im-

munity, I explore how sensitive the best vaccine prioritization is to different population, vaccine, disease, and

distribution parameters as well as different objective functions (e.g., minimizing mortality versus cumulative

infections).

In the summer and fall of 2021, these vaccinate-or-test policies were considered by many govern-
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ments, companies, and schools to safely return to in-person activities. However, the decision to implement

these policies rarely considered the degree of population immunity. In Chapter 3, I introduce a model to

demonstrate how transmission dynamics change under different assumptions of population immunity, de-

pending on the circulating variant and the amount of vaccine-derived or infection-acquired immunity. I then

use this model to evaluate the effectiveness of unvaccinated-only testing programs for COVID-19 under

different outbreak and testing scenarios.

Throughout the first two years of the pandemic, different types of traveler screening programs were

implemented in countries around the world. The use of molecular testing in screening programs seemed to

offer better performance than symptom- or questionnaire-based screening due to the increased sensitivity

and ability to detect asymptomatic infections with no known exposure. In Chapter 4, I explore the poten-

tial effectiveness of using molecular tests to screen people at airports during emerging infectious disease

outbreaks for various pathogens.



Chapter 2

Model-informed COVID-19 vaccine prioritization strategies by age and serostatus

Portions of this chapter are adapted from:

K.M. Bubar, K. Reinholt, S. M. Kissler, M. Lipsitch, S. Cobey, Y. Grad, and D.B. Larremore. Model-

informed COVID-19 vaccine prioritization strategies by age and serostatus. Science. 371: 916-921, 2021.

2.1 Introduction

SARS-CoV-2 has caused a public health and economic crisis worldwide. As of January 2021, there

have been over 85 million cases and 1.8 million deaths reported [11]. To combat this crisis, a variety of

non-pharmaceutical interventions have been implemented, including shelter-in-place orders, limited travel,

and remote schooling. While these efforts are essential to slowing transmission in the short term, long-

term solutions—such as vaccines that protect from SARS-CoV-2 infection—remain urgently needed. The

benefits of an effective vaccine for individuals and their communities have resulted in widespread demand,

so it is critical that decision-making on vaccine distribution is well motivated, particularly in the initial

phases when vaccine availability is limited [12].

Here, we employ a model-informed approach to quantify the impact of COVID-19 vaccine prioritiza-

tion strategies on cumulative incidence, mortality, and years of life lost. Our approach explicitly addresses

variation in three areas that can influence the outcome of vaccine distribution decisions. First, we consider

variation in the performance of the vaccine, including its overall efficacy, a hypothetical decrease in efficacy
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by age, and the vaccine’s ability to block transmission. Second, we consider variation in both susceptibility

to infection and the infection fatality rate by age. Third, we consider variation in the population and policy,

including the age distribution, age-stratified contact rates, and initial fraction of seropositive individuals by

age, and the speed and timing of the vaccine’s rollout relative to transmission. While the earliest doses of

vaccines will be given to front-line health care workers under plans such as those from the COVAX initiative

and the US NASEM recommendations [13], our work is focused on informing the prioritization of the doses

that follow. Based on regulatory approvals and initial vaccine rollout speeds of early 2021, our investigation

focuses generally on scenarios with a partially mitigated pandemic (R between 1.1 and 2.0), vaccines with

protective efficacy of 90%, and rollout speeds of 0.2% of the population per day.

There are two main approaches to vaccine prioritization: (1) directly vaccinate those at highest risk

for severe outcomes and (2) protect them indirectly by vaccinating those who do the most transmitting.

Model-based investigations of the tradeoffs between these strategies for influenza vaccination have led to

recommendations that children be vaccinated due to their critical role in transmission [14, 15] and have

shown that direct protection is superior when reproduction numbers are high but indirect protection is supe-

rior when transmission is low [16]. Similar modeling for COVID-19 vaccination has found that the optimal

balance between direct and indirect protection depends on both vaccine efficacy and supply, recommending

direct vaccination of older adults for low-efficacy vaccines and for high-efficacy but supply-limited vac-

cines [17]. Rather than comparing prioritization strategies, others have compared hypothetical vaccines,

showing that even those with lower efficacy for direct protection may be more valuable if they also provide

better indirect protection by blocking transmission [18]. Prioritization of transmission-blocking vaccines

can also be dynamically updated based on the current state of the epidemic, shifting prioritization to avoid

decreasing marginal returns [19]. These efforts to prioritize and optimize doses complement other work

showing that, under different vaccine efficacy and durability of immunity, the economic and health benefits

of COVID-19 vaccines will be large in the short and medium terms [20]. The problem of vaccine prioritiza-

tion also parallels the more general problem of optimal resource allocation to reduce transmission, e.g. with

masks [21].
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Figure 2.1: Impacts of vaccine prioritization strategies on mortality and infections. (A) Distribution
of vaccines for five prioritization strategies: under 20, adults 20-49, adults 20+, adults 60+ and all ages. (B,
C) Example simulation curves show percentage of the total population infected over time and (F, G) cumu-
lative mortality for no vaccines (grey dashed lines) and for five different prioritization strategies (colored
lines matching panel A), with 10% (B, F) and 30% (C, G) vaccine supply. Summary curves show percent
reductions in (D, E) infections and (H, I) deaths in comparison to an unmitigated outbreak for vaccine sup-
plies between 1% and 50% after 365 days of simulation. Squares and diamonds show how the outputs from
single simulations (F, G) correspond to points in summary curves (H). Grey shading indicates period during
which vaccine is being rolled out at 0.2% of total population per day. Black dots indicate breakpoints at
which prioritized demographic groups have been 70% vaccinated, after which vaccines are distributed with-
out prioritization. These simulations assume contact patterns and demographics of the United States [32,33]
and an all-or-nothing, transmission-blocking vaccine with 90% vaccine efficacy and R0 = 1.5 (Scenario 2)
and R0 = 1.15 (Scenario 1).

2.2 Results

2.2.1 Evaluation of vaccine prioritization strategies

We evaluated the impact of vaccine prioritization strategies using an age-stratified SEIR model, be-

cause age has been shown to be an important correlate of susceptibility [22–24], seroprevalence [22, 25],

severity [26–28], and mortality [29,30]. This model includes an age-dependent contact matrix, susceptibility

to infection, and infection fatality rate (IFR), allowing us to estimate cumulative incidence of SARS-CoV-2

infections, mortality due to infection, and years of life lost (YLL; see Methods) via forward simulations of

one year of disease dynamics. Cumulative incidence, mortality, and YLL were then used as outcomes by

which to compare vaccine prioritization strategies. These comparisons may be explored using accompany-

ing open-source and interactive calculation tools that accompany this study [31].
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We first examined the impact of five vaccine prioritization strategies for a hypothetical infection- and

transmission-blocking vaccine of varying efficacy. The strategies prioritized vaccines to (1) children and

teenagers, (2) adults between ages 20 and 49 years, (3) adults 20 years or older, (4) adults 60 years or older,

and (5) all individuals (Fig. 3.1A). In all strategies, once the prioritized population was vaccinated, vaccines

were allocated irrespective of age, i.e. in proportion to their numbers in the population. To incorporate

vaccine hesitancy, at most 70% of any age group was eligible to be vaccinated [34].

We measured reductions in cumulative incidence, mortality, and YLL achieved by each strategy,

varying the vaccine supply between 1% and 50% of the total population, under two scenarios. In Scenario 1,

vaccines were administered to 0.2% of the population per day until supply was exhausted, with R0 = 1.15,

representing highly mitigated spread during vaccine rollout. In Scenario 2, vaccines were administered to

0.2% of the population per day until supply was exhausted, but withR0 = 1.5, representing substantial viral

growth during vaccine rollout (see Fig. 3.1 for example model outputs). Results for additional scenarios

in which vaccines were administered before transmission began are described in the Online Supplementary

Text, corresponding to countries without ongoing community spread such as South Korea and New Zealand.

We considered two ways in which vaccine efficacy (ve) could be below 100%: an all-or-nothing vaccine,

where the vaccine provides perfect protection to a fraction ve of individuals who receive it, or as a leaky

vaccine, where all vaccinated individuals have reduced probability ve of infection after vaccination (see

Methods).

Of the five strategies, direct vaccination of adults over 60 years (60+) always reduced mortality and

YLL more than the alternative strategies when transmission was high (R0 = 1.5; Scenario 2; 90% efficacy,

Fig. 3.1; 30%-100% efficacy, Online Supp. Fig. S5). For lower transmission (R0 = 1.15; Scenario 1),

vaccination of adults 20-49 reduced mortality and YLL more than the alternative strategies, but differences

between prioritization of adults 20-49, adults 20+, and adults 60+ were small for vaccine supplies above

25% (Figs. 3.1 and Online Supp. Fig. S5). Prioritizing adults 20-49 minimized cumulative incidence in

both scenarios for all vaccine efficacies (Figs. 3.1 and Online Supp. Fig. S5). Prioritizing adults 20-49 also

minimized cumulative incidence in both scenarios under alternative rollout speeds (0.05% to 1% vaccinated
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per day; Online Supp. Fig. S6 When rollout speeds were at least 0.3% per day and vaccine supply covered

at least 25% of the population, the mortality minimizing strategy shifted from prioritization of ages 20-49

to adults 20+ or adults 60+ for Scenario 1; when rollout speeds were at least 0.75% per day and covered

at least 24% of the population, the mortality minimizing strategy shifted from prioritization of adults 60+

to adults 20+ or 20-49 for Scenario 2 (Online Supp. Fig. S6). Findings for mortality and YLL were only

slightly changed by modeling vaccine efficacy as all-or-nothing (Online Supp. Fig. S5) or leaky (Online

Supplemental Figure S7).

2.2.2 Impact of transmission rates, age demographics, and contact structure

To evaluate the impact of transmission rates on the strategy that most reduced mortality, we varied the

basic reproductive number R0 from 1.1 to 2.0 when considering a hypothetical infection- and transmission-

blocking vaccine with 90% vaccine efficacy. We found that prioritizing adults 60+ remained the best way to

reduce mortality and YLL for R0 ≥ 1.3, but prioritizing adults 20-49 was superior for R0 ≤ 1.2 (Fig. 3.3A,

B and Online Supp. Fig. S8). Prioritizing adults 20-49 minimized infections for all values ofR0 investigated

(Online Supp. Fig. S8).

To determine whether our findings were robust across countries, we analyzed the ranking of priori-

tization strategies for populations with the age distributions and modeled contact structures of the United

States, Belgium, Brazil, China, India, Poland, South Africa, and Spain. Across these countries, direct vac-

cination of adults 60+ minimized mortality for all levels of vaccine supply when transmission was high

(R0 = 1.5, Scenario 2; Fig. 3.3E), but in only some cases when transmission was lower (R0 = 1.15, rollout

0.2% per day, Scenario 1; Fig. 3.3D). Decreasing rollout speed from 0.2% to 0.1% per day caused prioriti-

zation of adults 60+ to be favored in additional scenarios (Fig. 3.3C). Across countries, vaccination of adults

20-49 nearly always minimized infections, and vaccination of adults 60+ nearly always minimized YLL for

Scenario 2, but no clear ranking of strategies emerged consistently to minimize YLL in Scenario 1 (Online

Supp. Fig. S9).
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Figure 2.2: Mortality-minimizing vaccine prioritization strategies across reproductive numbers R0

and countries. Heatmaps show the prioritization strategies resulting in maximum reduction of mortality for
varying values of the basic reproductive number R0 (A, B) and across nine countries (C, D, E), for vaccine
supplies between 1% and 50% of the total population, for an all-or-nothing and transmission blocking vac-
cine, 90% vaccine efficacy. (A, B) Shown: contact patterns and demographics of the United States [32, 33];
(C, D, E) Shown: contact patterns and demographics of POL, Poland; ZAF, South Africa; CHN, China;
BRA, Brazil; ZWE, Zimbabwe; ESP, Spain; IND, India; USA, United States of America; BEL, Belgium,
with R0 and rollout speeds as indicated.

2.2.3 Vaccines with imperfect transmission blocking effects

We also considered whether the rankings of prioritization strategies to minimize mortality would

change if a vaccine were to block COVID-19 symptoms and mortality with 90% efficacy but with variable

impact on SARS-CoV-2 infection and transmission. We found that direct vaccination of adults 60+ min-

imized mortality for all vaccine supplies and transmission-blocking effects under Scenario 2, and for all

vaccine supplies when up to 50% of transmission was blocked in Scenario 1 (Online Supplementary Text

and Fig. S10) .

2.2.4 Variation in vaccine efficacy by age

COVID-19 vaccines may not be equally effective across age groups in preventing infection or disease,

a phenomenon known to affect influenza vaccines [35–38]. To understand the impact of age-dependent
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Diagram of hypothetical age-dependent vaccine efficacy shows decrease from 90% baseline efficacy to
50% efficacy among individuals 80+ beginning at age 60 (dashed line). (B, C) Percent reduction in deaths
in comparison to an unmitigated outbreak for transmission-blocking all-or-nothing vaccines with either
constant 90% efficacy for all age groups (solid lines) or age-dependent efficacy shown in panel A (dashed
lines), covering Scenario 1 (0.2% rollout/day, R0 = 1.15; B) and Scenario 2 (0.2% rollout/day, R0 = 1.5;
C). Black dots indicate breakpoints at which prioritized demographic groups have been 70% vaccinated,
after which vaccines are distributed without prioritization. Shown: contact patterns and demographics of
the United States [32, 33]; all-or nothing and transmission blocking vaccine.

COVID-19 vaccine efficacy, we incorporated a hypothetical linear decrease from a baseline efficacy of 90%

for those under 60 to 50% in those 80 and older (Fig. 3.4). As expected, this diminished the benefits of

any prioritization strategy that included older adults. For instance, strategies prioritizing adults 20-49 were

unaffected by decreased efficacy among adults 60+, while strategies prioritizing adults 60+ were markedly

diminished (Fig. 3.4). Despite these effects, prioritization of adults 60+ remained superior to the alternative

strategies to minimize mortality in Scenario 2.

To test whether more substantial age-dependent vaccine effects would change which strategy mini-

mized mortality in Scenario 2, we varied the onset age of age-dependent decreases in efficacy, the extent to

which it decreased, and the baseline efficacy from which it decreased. We found that as long as the age at

which efficacy began to decrease was 70 or older and vaccine efficacy among adults 80+ was at least 25%,

prioritizing adults 60+ remained superior in the majority of parameter combinations. This finding was ro-

bust to whether the vaccine was modeled as leaky vs all-or-nothing, but we observed considerable variation

from country to country (Online Supp. Fig. S11).
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2.2.5 Incorporation of population seroprevalence and individual serological testing

Due to early indications that naturally acquired antibodies correlate with protection from reinfec-

tion [39], seroprevalence will affect vaccine prioritization in two ways. First, depending on the magnitude

and age distribution of seroprevalence at the time of vaccine distribution, the ranking of strategies could

change. Second, distributing vaccines to seropositive individuals would reduce the marginal benefit of vac-

cination per dose.

To investigate the impact of vaccinating mid-epidemic while using serology to target the vaccine to

seronegative individuals, we included age-stratified seroprevalence estimates in our model by moving the

data-specified proportion of seropositive individuals from susceptible to recovered status. We then simu-

lated two approaches to vaccine distribution. In the first, vaccines were distributed according to the five

prioritization strategies introduced above, regardless of any individual’s serostatus. In the second, vaccines

were distributed with a serological test, such that individuals with a positive serological test would not be

vaccinated, allowing their dose to be given to someone else in their age group.

We included age-stratified seroprevalence estimates from New York City [August 2020; overall sero-

prevalence 26.9% [40]] and demographics and age-contact structure from the United States in evaluations

of the previous five prioritization strategies. For this analysis, we focused on Scenario 2 (0.2% rollout per

day, R = 1.5 inclusive of seropositives), and found that the ranking of strategies to minimize incidence,

mortality, and YLL remained unchanged: prioritizing adults 60+ most reduced mortality and prioritizing

adults 20-49 most reduced incidence, regardless of whether vaccination was limited to seronegative individ-

uals (Fig. 3.5). These rankings were unchanged when we used lower or higher age-stratified seroprevalence

estimates to test the consistency of results (Connecticut, July 2020, overall seroprevalence 3.4% [41] and

synthetic, overall seroprevalence 39.5%; Online Supp. Figs. S12 and S13). Despite lowered sensitiv-

ity to detect past exposure due to seroreversion [42, 43], preferentially vaccinating seronegative individuals

yielded large additional reductions in cumulative incidence and mortality in locations with higher seropreva-

lence (Figs. 3.5 and Online Supp. Fig. S13) and modest reductions in locations with low seroprevalence
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Figure 2.4: Effects of existing seropositivity on the impacts of prioritization strategies. Percent reduc-
tions in (A) infections, (B) deaths, and (C) years of life lost (YLL) for prioritization strategies when existing
age-stratified seroprevalence is incorporated [August 2020 estimates for New York City; mean seropreva-
lence 26.9% [40]]. Plots show reductions for Scenario 2 (0.2% rollout/day, R = 1.5) when vaccines are
given to all individuals (solid lines) or to only seronegatives (dashed lines), inclusive of 96% serotest sen-
sitivity, 99% specificity [45], and approximately three months of seroreversion [42] (see Methods). Shown:
U.S. contact patterns and demographics [32,33]; all-or-nothing and transmission-blocking vaccine with 90%
vaccine efficacy. See Online Supp. Figs. S12 and S13 for lower and higher seroprevalence examples, re-
spectively.

(Online Supp. Fig. S12). These results remained unchanged when statistical uncertainty, due to sample size

and imperfect test sensitivity and specificity, were incorporated into the model [44].

2.3 Discussion

This study demonstrated the use of an age-stratified modeling approach to evaluate and compare

vaccine prioritization strategies for SARS-CoV-2. After accounting for country-specific age structure, age-

contact structure, infection fatality rates, and seroprevalence, as well as the age-varying efficacy of a hypo-

thetical vaccine, we found that across countries those aged 60 and older should be prioritized to minimize

deaths, assuming a return to high contact rates and pre-pandemic behavior during or after vaccine rollout.

This recommendation is robust because of the dramatic differences in IFR by age. Our model identified

three general regimes in which prioritizing adults aged 20-49 would provide greater mortality benefits than

prioritizing older adults. One such regime was in the presence of substantial transmission-mitigating inter-

ventions (R0 = 1.15) and a vaccine with 80% or higher transmission blocking effects. A second regime was

characterized by substantial transmission-mitigating interventions (R0 = 1.15) and either rollout speeds of

at most 0.2% per day or vaccine supplies of at most 25% of the population. The third regime was character-
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ized by vaccines with very low efficacy in older adults, very high efficacy in younger adults, and declines in

efficacy starting at age 59 or 69. The advantage of prioritizing all adults or adults 20-49 vs. adults 60+ was

small under these conditions. Thus, we conclude that for mortality reduction, prioritization of older adults

is a robust strategy that will be optimal or close to optimal to minimize mortality for virtually all plausible

vaccine characteristics.

In contrast, the ranking of infection-minimizing strategies for mid-epidemic vaccination led to consis-

tent recommendations to prioritize adults 20-49 across efficacy values and countries. For pre-transmission

vaccination, prioritization shifted toward children and teenagers for leaky vaccine efficacies 50% and below,

in line with prior work [17], as well as for vaccines with weak transmission-blocking properties. Because a

vaccine is likely to have properties of both leaky and all-or-nothing models, empirical data on vaccine per-

formance could help resolve this difference in model recommendations, although data are difficult to obtain

in practice [see, e.g. [46, 47]].

It is not yet clear whether the first-generation of COVID-19 vaccines will be approved everywhere

for the elderly or those under 18 [48–50]. While our conclusions assumed that the vaccine would be ap-

proved for all age groups, the evaluation approaches introduced here can be tailored to evaluate a subset

of approaches restricted to those within the age groups for which a vaccine is licensed, using open-source

tools such as those that accompany this study [31]. Furthermore, while we considered three possible goals

of vaccination—minimizing cumulative incidence, mortality, or YLL—our framework can be adapted to

consider goals such as minimizing hospitalizations, ICU occupancy [17] or economic costs [20].

We demonstrated that there is value in pairing individual-level serological tests with vaccination, even

when accounting for the uncertainties in seroprevalence estimates [44] and seroreversion [42]. The marginal

gain in effective vaccine supply, relative to no serological testing, must be weighed against the challenges

of serological testing prior to vaccination. Serostatus itself is an imperfect indicator of protection, and the

relationship of prior infection, serostatus, and protection may change over time [20, 39, 42, 43]. Delays in

serological tests results would impair vaccine distribution, but partial seronegative-targeting effects might
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be realized if those with past PCR-confirmed infections voluntarily deprioritized their own vaccinations.

The best performing strategies depend on assumptions about the extent of a population’s interactions.

We used pre-pandemic contact matrices [32], reflecting the goal of a return to pre-pandemic routines once a

vaccine is available, but more recent estimates of age-stratified contact rates could be valuable in modeling

mid-pandemic scenarios [51, 52]. Whether pre-pandemic or mid-pandemic contact estimates are represen-

tative of contact patterns during vaccine rollout remains unknown and may vary based on numerous social,

political, and other factors. The scenarios modeled here did not incorporate explicit non-pharmaceutical

interventions, which might persist if vaccination coverage is incomplete, but are implicitly represented in

Scenario 1 (R0 = 1.15).

Our study relies on estimates of other epidemiological parameters. In local contexts, these include

age-structured seroprevalence and IFR, which vary by population [29, 30, 53]. Globally, key parameters

include the degree to which antibodies protect against reinfection or severity of disease and relative infec-

tiousness by age. From vaccine trials, we also need evidence of efficacy in groups vulnerable to severe

outcomes, including the elderly. Additionally, it will be critical to measure whether a vaccine that protects

against symptomatic disease also blocks infection and transmission of SARS-CoV-2 [54].

The role of children during this pandemic has been unclear. Under our assumptions about suscepti-

bility by age, children are not the major drivers of transmission in communities, consistent with emerging

evidence [22]. Thus, our results differ from the optimal distribution for influenza vaccines, which prioritize

school-age children and adults age 30-39 [15]. However, the relative susceptibility and infectiousness of

SARS-CoV-2 by age remain uncertain. While it is unlikely that susceptibility to infection conditional on

exposure is constant across age groups [22], we ran our model to test the sensitivity of this parameter. Under

the scenario of constant susceptibility by age, vaccinating those under 20 has a greater impact on reducing

cumulative cases than those 20-49 (Online Supp. Fig. S14 and S15).

Our study is subject to a number of limitations. First, our evaluation strategy focuses on a single

country at a time, rather than on between-population allocation [55]. Second, we only consider variation
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in disease severity by age. However, other factors correlate with disease outcomes, such as treatment and

healthcare access and comorbidities, which may correlate with factors like rural vs urban location, socioe-

conomic status, sex [56, 57], and race and ethnicity [58], that are not accounted for in this study. Inclusion

of these factors in a model would be possible, but only with statistically sound measurements of both their

stratified infection risk, contact rates, and disease outcomes. Even in the case of age stratification, contact

surveys have typically not surveyed those 80 years and older, yet it is this population that suffers dramati-

cally more severe COVID-19 disease and higher infection fatality rates. We extrapolated contact matrices

to those older than 80, but direct measurements would be superior. Last, our study focused on guiding strat-

egy rather than providing more detailed forecasting or estimates [20]. As such, we have not made detailed

parameter fits to time series of cases or deaths, but rather have used epidemiologic models to identify robust

strategies across a range of transmission scenarios.

Our study also considers variation in disease risk only by age, via age-structured contact matrices

and age-specific susceptibility, while many discussions around COVID-19 vaccine distribution have thus

far focused on prioritizing healthcare or essential workers [59, 60]. Contact rates, and thus infection poten-

tial, vary greatly not only by occupation and age but also by living arrangement (e.g., congregate settings,

dormitories), neighborhood and mobility [61–64], and whether the population has a coordinated and funda-

mentally effective policy to control the virus. With a better understanding of population structure during the

pandemic, and risk factors of COVID-19, these limitations could be addressed. Meanwhile, the robust find-

ings in favor of prioritizing those age groups with the highest IFR to minimize mortality could potentially

be extended to prioritize those with comorbidities that predispose them to a high IFR, since the strategy of

prioritizing the older age groups depends on direct rather than indirect protection.

Vaccine prioritization is not solely a question of science but a question of ethics as well. Hallmarks of

the COVID-19 pandemic, as with other global diseases, are inequalities and disparities. While these mod-

eling efforts focus on age and minimizing incidence and death within a simply structured population, other

considerations are crucial, from equity in allocation between countries to disparities in access to healthcare,

including vaccination, that vary by neighborhood. Thus, the model’s simplistic representation of vulner-
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ability (age) should be augmented by better information on the correlates of infection risk and severity.

Fair vaccine prioritization should avoid further harming disadvantaged populations. We suggest that, after

distribution, pairing serological testing with vaccination in the hardest hit populations is one possible equi-

table way to extend the benefits of vaccination in settings where vaccination might otherwise not be deemed

cost-effective.

2.4 Materials and Methods

2.4.1 Susceptible Exposed Infectious Recovered (SEIR) Model Overview

We used a continuous-time ordinary differential equations (ODE) compartmental model stratified

by age. Across all model variations and analyses, we simulated 365 days of dynamics, corresponding

to the first-year phase of vaccine prioritization. All individuals were assumed to be initially susceptible,

unless they had been effectively vaccinated or had naturally acquired immunity, which was considered to

be protective in this model. Susceptible people (S) transition to the exposed state (E) after contact with an

infectious individual. After a latent period, exposed individuals become infectious (I). After an infectious

period, individuals move to a recovered state (R) or die. We assume that recovered individuals are no longer

infectious and are immune to reinfection over the duration of simulations (up to 365 days). The duration of

time spent in compartments E and I , in expectation, are specified in Table ??. Model equations were solved

using lsoda ODE solver from the package deSolve, R version 3.6.0 [65]. Fig. 2.5 shows model schematic

diagrams for the variations of the SEIR model considered in this manuscript.

The force of infection, λi for a susceptible individual in age group i is

λi = ui
∑
j

cij
Ij + Ivj + Ixj
Nj − Ωj

,

where ui is the probability of a successful transmission given contact with an infectious individual and cij is

the number of age-j individuals that an age-i individual contacts per day. The term (Ij+Ivj+Ixj)/(Nj−Ωj)

is the probability that a random age-j individual is infectious, where Ij is the number of individuals who
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are unvaccinated and infectious, Ivj is the number of individuals who are vaccinated yet infectious, Ixj

is the number of individuals who are ineligible for vaccination (e.g. due to hesitancy or due to a positive

serological test) and infectious, Nj is the total number of individuals in group j and Ωj is the number of

individuals from group j who have died. To calculate the basic reproductive number, R0, we define the

next-generation matrix as

M = DuCDdI ,

where Du is a diagonal matrix with diagonal entries ui, C is the country-specific contact matrix, and DdI is

a diagonal matrix with diagonal entries dI , the infectious period. R0 is the absolute value of the dominant

eigenvalue of M . Age-stratified susceptibility values were drawn from literature estimates [23]. Table ??

details all parameters used in this manuscript and their sources.

2.4.2 Incorporation of Vaccine Hesitancy

To incorporate vaccine hesitancy, we limited vaccine uptake such that at most 70% of any age group

was eligible to be vaccinated [34]. To implement this restriction, 30% of each compartment for each age

group was initialized as ineligible for vaccination. These individuals were tracked using compartments Sx,

Ex, Ix, and Rx (Fig. 2.5). Initial conditions, inclusive of 30% vaccine hesitancy, are listed in Table ??.

2.4.3 Incorporation of Vaccination, Vaccine Rollout, and Vaccine Efficacy

In the simplest version of the model, the vaccine is assumed to be transmission- and infection- block-

ing, and to work with variable efficacy. We considered two classes of scenarios. In the first class of scenarios,

vaccinations are given in advance of model dynamics, which we call pre-transmission vaccination. In the

second class of scenarios, vaccinations are rolled out at the same time as the model dynamics, which we call

continuous rollout vaccination.

In continuous rollout scenarios (Scenarios 1 and 2), vaccine rollout was parameterized by the percent-
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age of the total population that was vaccinated in each day of simulation, with values ranging from 0.05% to

1% of total population (see Fig. ??). Scenarios 1 and 2 of the Main Text consider rollout speeds of 0.2% per

day. The prescribed number of individuals received the effects of vaccination in simulations prior to the start

of each day, such that disease dynamics proceeded in continuous time while vaccine rollout was computed

in discrete steps. We did not include an explicit delay between vaccination and protection, and therefore our

approach may be thought of as either a model for a vaccine with immediate protective effects, or as a model

in which the time of protection is explicitly modeled and injections are thus implicitly assumed to precede

said protection. In continuous rollout scenarios, the model was seeded with 0.25% of individuals in each

age group exposed and 0.25% of individuals in each age group infectious.

In pre-transmission vaccination scenarios (Scenario 3 and 4), all the available vaccines were dis-

tributed at the initial time step, prior to the epidemic. To incorporate vaccinations, we initialized the model

by dividing the total population of each age group between the susceptible compartment (S) and vaccinated

compartment (V or Sv), according to the vaccine prioritization strategy and number of vaccines available.

In pre-transmission vaccination scenarios, the model was seeded with one infectious person in I and one

infectious person in Ix in each age group. Scenarios 3 and 4 of the Supplementary Text use pre-transmission

rollout.

We considered two ways to implement vaccine efficacy (ve): as an all-or-nothing vaccine, where the

vaccine provides perfect protection to a fraction ve of individuals who receive it, or as a leaky vaccine, where

all vaccinated individuals have reduced probability ve of infection after vaccination (see Supplementary

Text). We ran simulations with both types of vaccine efficacy; Figures in the Main Text show results only

for all-or-nothing vaccines.

To incorporate age-dependent vaccine efficacy, we parameterized the relationship between age and

vaccine efficacy via an age-efficacy curve with (i) a baseline efficacy, an age at which efficacy begins to

decrease (hinge age), and a minimum vaccine efficacy vem for adults 80+ (Fig. 3.4A). We assumed that

ve is equal to the baseline value for all ages younger than the hinge age, then decreases stepwise in equal
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increments for each decade to the specified minimum vem for the 80+ age group. To determine whether

there exists a vem such that the mortality-minimizing strategy switches from directly vaccinating adults 60+

to an alternative strategy, we used the bisection method [66].

2.4.4 Incorporation of Existing Seroprevalence

To incorporate existing seroprevalence estimates and compare areas with differing naturally-acquired

immunity, we used data and seroprevalence estimates from Connecticut [low seroprevalence; [41]] and New

York City [moderate seroprevalence; [40]]. To model high seroprevalence, we simulated an unmitigated

epidemic with R0 = 2.6 until 40% cumulative incidence was reached. Seroprevalence was implemented

by moving the proportion of seropositive individuals from each age group into the recovered compartment

prior to forward simulations that incorporated vaccination.

The model’s implementation of vaccination depended on whether the vaccine was rolled out during

ongoing transmission or prior to transmission. For pre-transmission vaccination without consideration of

serostatus, vi doses were given to each population group i, a fraction θi of whom were already recovered.

Thus, the total number of individuals eligible for vaccination were S +R, assuming currentely infected in-

dividuals do not seek vaccination. In scenarios where vaccination was targeted only at seronegative individ-

uals, simulations were conducted with sensitivity 70% and specificity 99%, incorporating the performance

of a hypothetical Euroimmun IgG test [45] and a 25% reduction in sensitivity due to seroreversion [42].

Details of continuous vaccine rollout with dose redirection using an imperfect serological test can be found

in Supplementary Text.

2.4.5 Calibration to achieve target R0

Models were calibrated to achieve the target R0 by multiplying the next-generation matrix by a con-

stant to achieve the desired dominant eigenvalue, i.e. R0. Because the constant factors out of the next-

generation matrix equation, this may be mathematically interpreted as scaling up or down either the contact

rates C or susceptibilities u. All model calibration was performed prior to the inclusion of vaccination,
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meaning that the reproductive number R in the first days of a simulation may differ from R0 depending on

the scenario considered. Values of R0 studied ranged from 1.1 to 2.6. When incorporating seroprevalence,

calibration was performed after the inclusion of seroprevalence.

2.4.6 Measurement of outcomes: infections, deaths, and years of life lost

We ran simulations for 365 days from the date of the first vaccination to focus on the early prior-

itization phase of the COVID-19 vaccination programs. To compare the impact of different vaccination

prioritization strategies, we calculated the cumulative number of infections and deaths. Infected individ-

uals either move to the recovered or dead compartment, according to the age-dependent IFR [29] (see

Fig. 2.5). The cumulative number of new infections since the onset of vaccine rollout is the total num-

ber of recovered and dead at the end of the simulation minus the initial number of seropositive individuals,∑
iRi + Rx,i + Rv,i + Ωi − θiNi. The total number of estimated deaths was the number of people in the

dead compartment at the end of the simulation. To calculate years of life lost (YLL) due to a death at a

particular age, we multiplied standard life expectancy (SLE) by the number of deaths per age bin. We used

the country-specific SLE estimates from the WHO Global Health Observatory [67], aggregated into age bins

by decade using Y LLi =
1
10

∑
j Y LLj where j are the ages corresponding to decadal age bin i.

2.4.7 Contact Matrices and Demographics

Country-specific contact matrices include four types of contact: home, work, school, and other [32].

In all simulations, we used total contact matrices, equivalent to the sums of the four contact types. Age

demographics in all simulations were taken from the UN World Population Prospects 2019 for each coun-

try [33]. Age bins in each case were originally provided in 5-year increments, which were then combined

into 10-year increments by addition. For instance, the number of individuals between 20 and 29 was the

sum of individuals 20-24 and 25-29. The number of individuals 80 years and older was calculated as the

sum of all age bins greater than 80.

We made two adaptations to existing contact matrices [32]. First, we combined their five year age
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bins into ten year bins. Each entry xij in the original matrices corresponds to the number of individuals

of age-group j that a person in age group i typically comes into contact with. Thus, for a country with

population fraction di in age group i, the combined contact matrix entries are given by

cij =
d2i(x2i,2j + x2i,2j+1) + d2i+1(x2i+1,2j + x2i+1,2j+1)

d2i + d2i+1
.

Second, we extrapolated matrices to include individuals aged 80+. To extrapolate, we copied the contact

rates from 70-79 year-old to our new row and column for 80+, along the diagonal. Then we filled in the

end of our new row and column with the 70-79 contact rates with 0-9, assuming interactions with people

aged 0-9 are similar for people 70+. Lastly, to account for increased housing in long term living facilities

for 80+, we decreased their contacts with people aged 0-60 by 10% and added it to the 70 and 80 contacts.

Thus, 80+ year-olds have the same total number of contacts as 70-79 year-olds, but relatively fewer among

0-69-year-olds and proportionally more among 70+ year-olds.
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Figure 2.5: Schematics for vaccine modeling framework. Diagrams show compartmental models and
transition rates for the (A) all-or-nothing, (B) leaky, and (C) variable transmission-blocking vaccine models
used in this manuscript. S, E, I , and R represent susceptible, exposed, infectious, and recovered compart-
ments; V represents a perfectly protected and vaccinated compartment; subscripts of v and x denote those
who have been vaccinated with protection (v), and those who will either not be vaccinated (vaccine re-
fusal or positive serotest) or have been vaccinated but without protection (x). Grey unlabeled compartments
represent death. The incorporation of a point-of-care serological test can be included by using known sen-
sitivity se and specificity sp, or can be excluded by setting se = 0 and sp = 1 (a convenient mathematical
representation of the no-test scenario is simply a test that always returns a negative result). Vaccine rollout
count α is given by α = nvax/ [(S + E)sp+R(1− se)] where nvax is the total number of vaccines to be
rolled out in a particular day. All compartments are stratified by age, in the text, with index i. See text for
details and initial conditions.
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3.1 Introduction

SARS-CoV-2 has created a pandemic in which morbidity and mortality have been partially mitigated

in many areas by widespread vaccination. COVID-19 vaccines have been extremely effective at preventing

severe disease (vaccine efficacy, VE>90%, [68]), while also reducing susceptibility to infection (VES) and

risk of onward transmission (VEI ). In spite of these reductions, so-called vaccine breakthrough infections

and subsequent transmission have been widely documented [69], and have increased dramatically with the

emergence of the omicron variant in late 2021 [70, 71]. These developments raise the question of how to

best mitigate transmission in partially vaccinated populations.

Prior to the approval of COVID-19 vaccines, transmission mitigation via regular and repeated screen-

ing was shown to be an effective approach to break chains of transmission and decrease the burden of

COVID-19 using both RT-PCR [72–74] and rapid antigen testing [74,75]. Specifically, screening via testing,
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which we hereafter refer to simply as screening in most cases, is effective at the community level because

it decreases transmission from individuals who are already infected [74, 76]. However, policy proposals

in 2021 and early 2022 shifted to focus routine testing requirements on only the unvaccinated population,

including an Italian requirement announced in October, 2021 [77] and a U.S. requirement for healthcare

workers beginning February, 2022 [78]. By reducing rates of transmission from only the unvaccinated

population, such policies may be limited by the extent to which transmission is, in fact, driven by the unvac-

cinated. This raises critical questions about projected policy impacts relative to other non-pharmaceutical

interventions [79, 80]—particularly in areas where the unvaccinated population is small.

The role of vaccines in reducing transmission is complex and changing. First, VES and VEI vary

depending on which vaccine was administered [81]. Second, both VES and VEI wane with time since

vaccination [82–84], but can be boosted to higher levels for those receiving an additional dose [85]. Third,

those who have experienced a SARS-CoV-2 infection also show decreased risks of reinfection and subse-

quent transmission [81], providing partial protection to those who are previously infected and remain unvac-

cinated, but also augmenting protection for those who are both vaccinated and previously infected [85, 86].

Finally, preliminary estimates of VES and VEI , and their prior-infection equivalents, are markedly lower

for the omicron variant [70, 87]. Thus, the relative estimates of risk reductions due to vaccination, prior

infection, or both, as well as the sizes of the populations falling into each category of immunity, will affect

transmission dynamics—with or without testing.

In this study, we model the spread of SARS-CoV-2 in populations of mixed vaccination status, fo-

cusing on three critical questions. First, how do vaccinated and unvaccinated populations each contribute

to community spread and hospitalizations, and how do those contributions vary with rates of vaccination

and prior infection? Second, how do testing-based screening programs focused on unvaccinated individuals

alone affect community spread and hospitalizations? Third, how effective are delta-era screening strategies

likely to be against variants with higher breakthrough and reinfection rates? Our study’s goals are not to

make perfectly calibrated predictions but instead to elucidate more general principles of transmission and

unvaccinated-only testing in partially vaccinated populations. As such, our analyses consider a wide range
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of parameters and scenarios.

3.2 Results

Unvaccinated-only testing-based screening programs have been discussed and implemented during

transmission of both the delta and omicron variants, yet these variants differ in their transmission and disease

parameters, particularly among vaccinated or previously infected individuals—the focus of the present study.

As such, the analyses that follow incorporate a range of empirically estimated parameters for the delta variant

and plausible parameters associated with the omicron variant.

3.2.1 High vaccination rates drive total infections and hospitalizations down, increase the propor-

tions of vaccine breakthroughs, and shift the drivers of transmission

To examine the dynamics of transmission in a population with mixed vaccination status, we first mod-

eled transmission within and between communities of vaccinated (V ) and unvaccinated (U ) individuals in

the absence of a screening program. Based on a standard Susceptible Exposed Infected Recovered (SEIR)

model, we tracked the four transmission modes by which an infection might spread: U → U , U → V ,

V → U , and V → V (Fig. 3.1a). A constant and equivalent fraction of both populations was assumed to

have experienced prior SARS-CoV-2 infection, resulting in four categories of imperfect immunity: unpro-

tected (unvaccinated with no prior infection), infection-acquired, vaccine-acquired, and both vaccine- and

infection-acquired (so-called “hybrid” immunity). To account for introductions of infection from outside

the population, all susceptible individuals were subject to a small, constant rate of exposure, with infection-

acquired and vaccine-acquired immunity providing partial protection against subsequent infection.

Traditionally, the basic reproductive number R0 is defined as the number of secondary infections

generated by a typical infector in an entirely susceptible population, i.e., a population without any non-

pharmaceutical interventions (NPIs). At the time of writing, NPIs such as masking, ventilation and physical

distancing are commonplace in many areas, so we hereafter define RNPI
0 to be the expected number of

secondary infections generated by a typical infector in a population with possible NPIs, but prior to any
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impacts of population immunity. Furthermore, because precise estimates of RNPI
0 vary by context, variant,

and over time, we consider a range of RNPI
0 values from 4 to 6. In our baseline modeling scenario, vaccines

were assumed to reduce susceptibility to infection by VES = 65%, the likelihood of transmission to others

by VEI = 35%, and the likelihood of disease progression to hospitalization conditioned on infection by

VEP = 86%, values which land within plausible literature estimates for the effectiveness of two doses of

mRNA vaccine against the delta variant in the absence of dramatic waning and without boosting [81,85,88,

89]. Though less often studied in the literature, we assumed that prior SARS-CoV-2 infection would lead to

63% and 13% decreases in risk of infection and transmission based on a statistical model relating immunity

to neutralization [85], and that hybrid immunity would be superior to either vaccination or prior SARS-CoV-

2 infection alone. We further assumed an additional 54% decrease in risk of hospitalization conditioned on

infection for individuals with prior SARS-CoV-2 infection [90], and that individuals with hybrid immunity

receive the greater of vaccinated or prior immunity’s protection against hospitalization. See Materials and

Methods and Online Supplementary Tables 1 and 2 for a complete description of the model and parameters.

In a modeled population of N = 20, 000 with 58% vaccination rate (corresponding to U.S. estimates

as of Nov. 4, 2021 [91]) and 35% past infection rate, outbreaks still occurred, despite assuming a partially

mitigated delta variant (RNPI
0 = 4). During the ensuing outbreak, 59% of total infections and 89% of hospi-

talizations occurred in unvaccinated individuals (Fig. 3.1b,c), despite making up only 42% of the population.

Furthermore, the peak burden of disease occurred first in the unvaccinated community and then one week

later in the vaccinated community (Fig. 3.1b), a known consequence of disease dynamics in populations

with heterogeneous susceptibility and transmissibility [92, 93]. By categorizing transmission events into

four distinct modes (Fig. 3.1a), we observe that infections during a delta outbreak in both communities were

driven predominantly and consistently by the unvaccinated community (U → U , U → V ; Fig. 3.1d), but

that there was nevertheless some transmission from the vaccinated community (breakthrough transmission).

These differences occurred despite a “well mixed” modeling assumption—namely, that an individual with a

given vaccination status is no more or less likely to associate with a member of their own group vs the other

group.



29

0

250

500

750

1000

0 50 100 150 200
Time (days)

In
fe

ct
ed

 (#
)

b

0.0

0.5

1.0

1.5

2.0

0 50 100 150 200
Time (days)

N
ew

 d
ai

ly
 h

os
p.

 (#
)

c

0

20

40

60

80

0 50 100 150 200
Time (days)

N
ew

 d
ai

ly
 in

fe
ct

io
ns

 (#
) 

d

0

25

50

75

100

0 25 50 75 100
Population vacc. rate (%)

P
er

ce
nt

ag
e

e

0

25

50

75

100

0 25 50 75 100
Population vacc. rate (%)

P
er

ce
nt

ag
e

 f

0

25

50

75

100

0 25 50 75 100
Population vacc. rate (%)

Tr
an

sm
is

si
on

 m
od

e 
(%

) 

g

Total

Unvaccinated

a

Reff = 1

V

U
 U
 V

 U
 V

 U
 V

Ext.

Vaccinated

majority 
breakthrough 
transmission

Breakthrough 

Infections

Total 

Infections

majority 
breakthrough 
infections

Breakthrough 

Hospitalizations

         Total 

Hospitalizations

majority 

breakthrough 

hospitalizations

Total

Unvaccinated

Vaccinated

Figure 3.1: Vaccination affects which population drives transmission and dominates infections and
hospitalizations. (a) Diagram of four transmission modes within and between vaccinated and unvaccinated
communities, where vaccines and prior infection decrease risks of infection, transmission, and hospitaliza-
tion. (b) Number of infected individuals and (c) new daily hospitalizations over time (solid black), stratified
by unvaccinated (dashed gray) and vaccinated (solid gray) populations. (d) Daily transmission events sep-
arated and colored by transmission mode (see legend). (e) Cumulative infections and (f) hospitalizations
as a percentage of total infections/hospitalizations without vaccination (black), and the percent of each ac-
counted for by vaccine breakthroughs (gray) for varying vaccination rates. (g) Transmission mode (see
legend) as a percentage of cumulative infections for varying vaccination rates. Black arrows in panels e, f,
and g indicate vaccination rate at which Reff = 1; vertical dashed lines indicate the lowest vaccination rates
for which vaccinated individuals account for the majority of infections, hospitalizations, and transmission as
annotated. RNPI

0 = 4 for all plots, with baseline VE and immunity parameters vs the delta variant (Materials
and Methods, Online Supplementary Tables 1 and 2; no screening. Panels b, c, and d: 58% vaccination rate
and 35% rate of prior infection.

Vaccination and past infection rates vary widely across the U.S. [91] and the world [94] due to impacts

of both vaccine availability [94] and refusal [95], as well as the success or failure of transmission mitigation

policies. We therefore asked how a population’s vaccination and past infection rates would affect our obser-

vations about infections, hospitalizations, and the relative impacts of the four modes of transmission. This

analysis revealed three important points.

First, our results reinforce the fact that increased vaccination rates lead to decreased total infections
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drivers of transmission. Heatmaps show (a) the total number of infections, (b) the total number of hospi-
talizations, (c) the percentage of total infections occurring in the unvaccinated population (d) the percentage
of total infections caused by the unvaccinated population, and (e) the percentage of total hospitalizations
occurring in the unvaccinated population for simulated epidemics (see text). White annotation curves show
(a, b) isoclines of the effective reproductive number Reff calculated at t = 0, and the line of parameters
along which (c) 50% of infections were breakthroughs, (d) 50% of transmission was due to breakthrough
infections, and (e) 50% of hospitalizations were breakthroughs. N = 20, 000 and RNPI

0 = 4 for all plots,
with baseline VE and immunity parameters vs the delta variant (Materials and Methods, Online Supplemen-
tary Tables 1 and 2); no testing. See Online Supplementary Fig. 2 for RNPI

0 = 6.

and hospitalizations, both before and after the herd immunity threshold at Reff = 1 (Fig. 3.1e,f). Moreover,

when large proportions of the population are also partially protected by immunity from prior infection,

the vaccination levels required to reach Reff = 1 decrease considerably (Fig. 3.2a). For instance, increasing

prior infection rates from 35% to 50% decreases the required vaccination rate forReff = 1 from 87% to 80%

under baseline modeling parameters. Combinations of immunity from past infection and vaccination thus

have the potential to create a herd immunity frontier, beyond which transmission is no longer self-sustaining

even in the absence of screening. We caution that although total infections and hospitalizations may appear
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equal along lines of constant Reff (Fig. 3.2a,b), both actually decrease as vaccination rates increase, due to

vaccines’ superior protection, relative to prior infection, against infection and hospitalization.

Second, as vaccination rates increased, the fraction of infections classified as vaccine breakthroughs

increased (Fig. 3.1e), creating a transition point such that when 68% of the population was vaccinated, 50%

of all infections were breakthrough infections under our baseline modeling conditions for the delta variant.

To determine whether this transition point of 68% was sensitive to the precise fraction of the population

with immunity from past infection (35%, Fig. 3.1), we varied the fraction with infection-acquired immunity

between 0% and 100%, finding that the 50/50 breakthrough infection transition occurred between 63%

and 75% vaccine coverage (Fig. 3.2c). Because vaccines provide an additional level of protection against

hospitalization VEP , the 50/50 breakthrough hospitalization transition occurs at rates of vaccination of 90-

96% (Figs. 3.1f and 3.2e). Thus, our results set the expectation that increasing vaccination rates will decrease

total infections and hospitalizations, yet a higher proportion of both will be breakthroughs, irrespective of

levels of immunity due to prior infection.

Third, as vaccination rates increased, the unvaccinated community ceased to be the primary driver of

transmission. Under our baseline modeling conditions (RNPI
0 = 4, 35% with infection-acquired immunity),

this transition occurred when 80% or more of the population was vaccinated (Fig. 3.1g). When we varied

the fraction of the population with infection-acquired immunity between 0% and 100%, this transition point

varied from 76% to 82% (Fig. 3.2d). Thus, while COVID-19 hospitalizations remain concentrated primarily

in unvaccinated populations, only a minority of infections will occur in, and be driven by, the unvaccinated

community when vaccine coverage is sufficiently high. Note that this implies that unvaccinated individuals

living in highly vaccinated communities will still be exposed to SARS-CoV-2 and thus remain at risk of

infection and severe disease.

These findings are driven by reductions in susceptibility, disease severity, and infectiousness arising

from vaccination, prior SARS-CoV-2 infection, or both. However, quantitative estimates of those reduc-

tions vary depending on which vaccine was administered [84], time since vaccination or SARS-CoV-2 in-
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fection [82–84], whether an additional “booster” dose was given [85], and the variant circulating at the time

of the study [96, 97]. We therefore sought to determine how our findings might change under different sets

of assumptions about vaccine effectiveness by comparing our baseline scenario (VES =0.65, VEI =0.35,

VEP =0.86) with a waning/low immunity scenario (VES=0.5, VEI=0.1, VEP =0.80) and a boosted/high

immunity scenario (VES=0.8, VEI=0.6, VEP =0.90), as well as a scenario reflecting plausible VE values

based on early observations for the omicron variant (VES = 0.35, VEI = 0.05, VEP = 0.77; [89, 98]). To

explore the impact of these changes in vaccine effectiveness, we simulated outbreaks for all combinations

of vaccination and infection-acquired immunity rates under the four VE scenarios. Across simulations, to-

tal infections and hospitalizations were well predicted by calculating Reff at the start of each simulation

(Eq. (3.3); Methods). In particular, outbreaks were small when vaccination or past infection rates crossed

the herd immunity threshold (Reff < 1). When Reff > 1, total infections monotonically increased as Reff

increased (Online Supplementary Fig. 1). The herd immunity threshold was impossible to cross with vac-

cination alone in the waning or omicron VE scenarios with partially mitigated transmission (RNPI
0 = 4,

Fig. 3.3a,d; Online Supplementary Fig. 1), and in waning, baseline, and omicron VE scenarios with unmit-

igated transmission (RNPI
0 = 6; Online Supplementary Fig. 1), as evidenced by the fact that the Reff = 1

curves either fail to intersect the vaccination rate axis or appear at all.

Waning, boosting, or omicron-specific assumptions altered the proportions of infections and hospi-

talizations occurring in, and transmission from, the unvaccinated vs vaccinated communities. All else being

equal, waning or omicron VE led to increased fractions of breakthrough infections and hospitalizations, and

increased transmission from the vaccinated community, while boosted VE led to decreases of all three. In

turn, the population vaccination rates at which the majority of infections or hospitalizations were break-

throughs shifted down for waning or omicron VE (Fig. 3.3a,d), while the vaccination rate at which the

majority of transmission was driven by vaccinated individuals shifted up for boosted VE (Fig. 3.3c).

Among the four transition points identified in transmission dynamics, we observe that, in each VE

scenario, Reff is driven by both vaccination and past infection rates, as evidenced by curvature in Reff = 1

isoclines (Fig. 3.3, black lines). In contrast, isoclines representing the transition points between majority-
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Figure 3.3: Transition points for breakthrough infections, hospitalizations, and transmission. All
panels show curves representing the vaccination and prior infection rates infections (pink), transmission
(green), and hospitalizations (purple) are composed of equal numbers of vaccinated an unvaccinated indi-
viduals, with majority-breakthrough regions to the right of each line as indicated, for (a) waning/low, (b)
baseline, and (c) boosted/high VE vs the delta variant, and (d) plausible VE vs the omicron variant. Black
lines indicate Reff = 1 isoclines, which do not appear in panel (d) due to Reff > 1. See Online Supplemen-
tary Table 2 for immunity parameter values. RNPI

0 = 4 in all panels.

unvaccinated vs majority-breakthrough infections (Fig. 3.3, pink lines), between majority-unvaccinated

vs majority-breakthrough hospitalizations (Fig. 3.3, purple lines), and between majority-unvaccinated vs

majority-breakthrough transmission (Fig. 3.3, green lines) are relatively insensitive to variation in rates of

infection-acquired immunity, as evidenced by vertical or near-vertical isoclines. These findings suggest that

the relative proportions of breakthrough infections, hospitalizations, and transmission are driven more by

vaccination rates and VE, but not by rates of past infection or proximity to herd immunity; indeed, after the

herd immunity threshold, all three isoclines show essentially no variation. These observations suggest that

unvaccinated-only screening programs, which decrease rates of U → U and U → V transmission, may be

highly effective only in regimes where transmission is driven by the unvaccinated (i.e. to the “left” of green

isoclines, Fig. 3.3), an intuition we now explore in detail.

3.2.2 The impacts of unvaccinated-only screening depend on population immunity, compliance,

and VE

To explore the impact of unvaccinated-only screening on population transmission, we modified our

simulations so that a positive test would result in an unvaccinated individual isolating to avoid infecting

others [74, 99]. We considered test sensitivity equivalent to RT-PCR with a one-day delay between sample
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collection and diagnosis under three screening paradigms: weekly testing with 50% compliance—a value

which reflects observed compliance with a weekly testing mandate in a university setting [72]—weekly

testing with 99% compliance, and, specifically for the omicron variant, twice-weekly testing with 99%

compliance.

Our analysis shows that the benefits of an unvaccinated-only screening program fall into one of three

categories, depending on the population vaccination rate and transmission dynamics. These categories align

with three distinct regions in parameter space, denoted in Fig. 3.4 as regions I, II and III. In region I,

screening is insufficient to fully control transmission, yet nevertheless markedly reduces the peak number

of total infections, colloquially “flattening the curve” (Fig. 3.4a). In region II, screening successfully brings

transmission under control (Fig. 3.4b). In region III, screening has little impact on transmission due to the

fact that outbreaks are already mitigated by population immunity and other control measures (Fig. 3.4c).

Unvaccinated-only screening is therefore impactful in the first two regions, sufficient for transmission con-

trol in only the second region, and largely inconsequential to transmission in the third.

The three regions that correspond to different impacts of screening on transmission are separated
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Figure 3.5: The impacts of unvaccinated-only screening depend on population immunity, compli-
ance, and vaccine effectiveness. Percent reduction in cumulative infections due to screening over various
population vaccination rates assuming waning/low (a, d), baseline (b, e), and boosted/high (c, f) VE with
once-weekly screening at 50% (top row) and 99% (bottom row) compliance. White lines indicate the popu-
lation immunity rate at which Reff = 1 with screening (solid) and without screening (dashed), which divide
the space into three regions, labeled I, II and III. See Supplementary Tables ?? and ?? for parameter values.
RNPI

0 = 4 in all panels; see Online Supplementary Figure 5 for RNPI
0 = 6.

by boundaries which can be estimated from two analytical calculations of Reff—one which includes the

effects of screening and one which does not (Eq. 3.3, Methods). The boundary separating regions I and

II is given by those parameters for which Reff = 1 with screening, while the boundary separating regions

II and III is given by those parameters for which Reff = 1 without screening (Fig. 3.4d). Thus, the value

of a screening testing program in reducing infections can be evaluated based on which of three regions the

current vaccination rate, prior infection rate, and VE fall into.

To illustrate the value of this Reff-based analysis, we considered vaccination rates and prior infection

rates ranging from 0-100% and varied VE between waning, baseline, and boosted scenarios for the delta
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variant. Across scenarios, dramatic relative reductions in cumulative infections are concentrated within

the envelope between the boundaries of Reff = 1 with and without screening, i.e., region II (Fig. 3.5).

Outside of this effective screening envelope, percent reductions in cumulative infections decreased markedly,

either because unvaccinated-only screening flattened the infection curve but had little impact on cumulative

infections (region I), or because existing population immunity prevented large outbreaks in the first place

(region III). Assuming a 35% past infection rate and RNPI
0 = 4, region III appeared only for baseline and

boosted vaccine effectiveness assumptions, and only when vaccination rates were approximately 90% or

greater (baseline VE) or 75% or greater (boosted VE). Sensitivity analyses show that increasing RNPI
0 to

6, potentially representing pre-pandemic contact rates and the SARS-CoV-2 delta variant, cause region III

to shrink further (Online Supplementary Fig. 5). Thus continued screening for SARS-CoV-2 among the

unvaccinated may be of limited value when vaccination rates are sufficiently high.

The role of compliance—the fraction of scheduled tests that are actually taken—can also be clarified

by examining the three regions of screening testing impact. Both the simulations and equations forReff show

that increasing compliance from 50% (Fig. 3.5, row 1) to 99% (Fig. 3.5, row 2) causes the lower boundary

of the effective screening envelope to shift to lower vaccination and prior infection rates, decreasing the size

of region I and increasing the size of region II. Moreover, increased compliance increases the magnitude

of infection reductions within both regions, visible as an intensification of color in the infection reduction

heatmaps (Fig. 3.5). As a result of these observations, we conclude that, in addition to test sensitivity,

frequency, and turnaround time [74], high participation in screening programs is critical to expanding the

impact of unvaccinated-only screening testing programs. However, we also note that compliance had little

effect in region III where Reff < 1, a result which parallels analysis of universal screening programs [76].

This Reff-based analysis of transmission is not restricted to unvaccinated-only screening programs.

To illustrate this, we considered an identical set of simulations as in Fig. 3.5 but with universal screen-

ing, i.e. screening via testing of the vaccinated and unvaccinated populations alike. Universal screening

caused the boundary between regions I and II (Reff = 1 with screening) to shift, expanding the size of the

effective screening envelope (Online Supplementary Fig. 6). While we present these results here for com-
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Figure 3.6: Unvaccinated-only screening during omicron transmission cannot achieve Reff < 1 ex-
cept in low-vaccination and high-frequency regimes. Percent reduction in cumulative infections due to
screening over various population vaccination rates assuming plausible parameters for immunity versus the
omicron variant, with (a) once-weekly screening at 50% compliance, (b) once-weekly screening at 99%
compliance, and (c) twice-weekly screening at 99% compliance. (d) Number of individuals infected over
time, under screening scenarios denoted A, B, C, compared with no screening (black) with 58% vaccination
rate and 35% rate of prior infection. Solid white line indicates Reff = 1 with screening; Reff = 1 is not
achievable without screening. See Online Supplementary Tables 1 and 2 for parameter values. RNPI

0 = 4
in all panels; see Online Supplementary Figure 4 for RNPI

0 = 6 and Supplementary Figure 5 for universal
testing.

pleteness, universal testing in mixed vaccination status populations have been investigated elsewhere prior

to the present work [76].

The impact of screening on hospitalizations is also predicted well by the Reff-based effective screen-

ing envelope. While hospitalizations were not identical across all equal-Reff combinations of vaccination and

prior infection rates, dramatic relative reductions in cumulative hospitalizations were nevertheless clearly

concentrated within region II, with decreasing relative reductions in regions I and III (Online Supplemen-

tary Fig. 6). We therefore find that analysis based only on the effective screening envelope, calculated via

Eq. (3.3) (Methods), is useful in predicting the impact of screening regimens—both unvaccinated-only and

universal—on reductions in cumulative infections and hospitalizations alike.

The omicron variant’s rapid spread, and in particular its increased rates of reinfection and vaccine

breakthrough, raise key questions about the role of unvaccinated-only screening programs and whether pop-

ulations considering such policies may fall into region I, II, or III defined above. Because estimates of
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omicron-specific immunity parameters remain either limited or nonexistent at the time of writing, we as-

sumed plausible lower values of each based on extant data [89,98], alongside lower infection-hospitalization

rates for omicron in general (Online Supplementary Tables 1 and 2). Under such assumptions, weekly

unvaccinated-only screening with 50% compliance was ineffective at reducing cumulative infections even

though screening reduced the peak magnitude of infections (Fig. 3.6d). Regardless of compliance, all prior

infection and vaccination rate combinations with a weekly screening policy were in region I, indicating that

magnitude of peak infections can be mitigated but impact on cumulative infections is low (Fig. 3.6a,b).

Doubling the frequency of screening to twice weekly with 99% compliance creates a bifurcated landscape,

with highly effective screening only in settings with 18-40% vaccination rates (Fig. 3.6c). For vaccination

rates above 50%, even twice-weekly unvaccinated-only screening programs with near-perfect compliance

are unlikely to dramatically impact the spread of the omicron variant (region I). Universal screening showed

comparatively higher impact, yet, nevertheless, only twice-weekly testing regimens created broad region II

regimes in which community spread was controlled (Online Supplementary Fig. 6).

3.2.3 Unvaccinated-only screening shifts the balance of unvaccinated vs breakthrough transmis-

sion but not infection or hospitalization

By reducing transmission from unvaccinated individuals, screening programs specifically mitigate

U→U and U→V transmission modes, thus diminishing the role of the unvaccinated population in trans-

mission dynamics and amplifying the relative role of vaccine breakthrough transmission. As a consequence,

we observe that in the presence of screening, the vaccination rates at which the unvaccinated cease to drive

a majority of transmission decrease by up to 15 percentage points (Fig. 3.7b), with the largest decreases for

99% compliance and waning VE vs delta, and the smallest decreases for 50% compliance and boosted VE

vs delta, or in all screening scenarios vs the omicron variant. Under waning/low, baseline and omicron VE

scenarios, unvaccinated-only screening programs shrink the regime in which the unvaccinated population

drives outbreaks.

In contrast, unvaccinated-only screening programs had little effect on the percentage of infections
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Figure 3.7: Screening and vaccine effectiveness affect transition points to majority-breakthrough
regimes. The vaccination rates at which the vaccinated population makes up the majority of (a) infections,
(b) transmission, and (c) hospitalizations for low, moderate, and high vaccine effectiveness scenarios. Min-
imum (filled circle) and maximum (open circle) endpoints show the variation in transition points over all
combinations of vaccination and prior infection rates for no screening (black), 50% compliance (purple),
99% compliance (pink) over all possible values for past infection rates. RNPI

0 = 4 for all plots; see Online
Supplementary Figure 7 for RNPI

0 = 6.

or hospitalizations that were vaccine breakthroughs. Instead, majority breakthrough regimes remained pri-

marily dependent on vaccination rates and vaccine effectiveness (Fig. 3.7a,c), with transitions to majority-

breakthrough infection regimes beginning at 55 to 67% vaccination rates (waning VE, delta), 63 to 75%

vaccination rates (baseline VE, delta), 83 to 84% vaccination rates (boosted VE, delta), and 50 to 55%

vaccination rates (omicron). Transitions to majority-breakthrough hospitalizations occurred at 83 to 88%

(waning VE, delta), 91 to 96% (baseline VE, delta), 96 to 99% vaccination rates (boosted VE, delta), and 58

to 83% vaccination rates (omicron), regardless of screening. We therefore conclude that unvaccinated-only

screening programs do not markedly alter the expectations of majority-breakthrough infections or hospital-

izations at high vaccination levels, particularly if VE is low or waning.

3.3 Discussion

In this analysis, we find that in communities with mixed vaccination status, routine SARS-CoV-2

screening programs focused only on the unvaccinated may reduce infections and hospitalizations, but in a

manner dependent on two conditions. First, effective screening via testing requires high participation to be

most impactful, reinforcing the need for mechanisms to encourage or enforce high participation. Second,
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when immunity from vaccination and past infection are high enough to curtail transmission on their own,

or in concert with effective non-pharmaceutical interventions (NPIs) [79,80], testing the remaining unvacci-

nated population averts few infections and hospitalizations in both relative and absolute terms. On the other

hand, when transmission due to reinfection and/or vaccine breakthrough is sufficiently high, unvaccinated-

only screening will at best “flatten the curve” of infections, but cannot adequately control infections and

hospitalizations except when testing twice weekly with near-perfect participation in low vaccination commu-

nities. Once communities reach vaccination rates of ∼40% or more, even twice-weekly unvaccinated-only

screening, with near-perfect compliance and isolation adherence, cannot control the omicron variant. Thus,

targeted unvaccinated screening programs are highly effective only in a restricted region of epidemiological

parameter space, results echoed by similar work analyzing universal screening programs [76].

Key to understanding our study are three observations and findings. First, an unvaccinated-only

screening program simply tests fewer and fewer individuals as vaccination rates increase. Second, the rel-

ative role of the unvaccinated population in driving transmission decreases as vaccination rates increase,

regardless of vaccine effectiveness. Third, when vaccine effectiveness against infection and transmission

wanes, unvaccinated-only screening programs decrease in impact. As a consequence, our work broadly sug-

gests that unvaccinated-only screening is most beneficial when a population is undervaccinated and is close

to, but has not yet achieved, herd immunity—region II in our analyses—leading to the recommendation that

such testing programs be used in conjunction with other NPIs. Indeed, our work finds that unvaccinated-

only screening alone is generally insufficient to markedly reduce infections and hospitalizations when (i)

the population is far from the herd immunity threshold, inclusive of existing NPIs, in either direction, (ii)

vaccination rates are high, or (iii) testing is weekly and/or compliance is low. Against a backdrop of wan-

ing immunity and continued emergence of antigenically distinct variants, even herd immunity may be, at

best, temporary. In this context, weekly unvaccinated-only screening programs alone are an insufficient

countermeasure for the omicron variant.

Indeed, while our analysis focused on a single screening-based intervention in isolation, unvaccinated-

only (or universal) screening programs are typically implemented alongside other NPIs [72, 73, 75]. These
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NPIs, including limitations on gatherings, increasing the availability of personal protective equipment, and

school or restaurant closures, were estimated to have reduced the effective reproductive number Reff by

0.1 − 0.2 in 2020, particularly when implemented early [79], and by around 10% in 2021 [80]. In com-

parison, an unvaccinated-only weekly screening policy with a realistic (50%) compliance rate [72] and 58%

vaccination rate, would reduce Reff by an estimated 10.2% (Eq. (3.3)), decreasing further as vaccination

rates increase, and compliance and isolation adherence decrease. Thus, while our analysis ranks vaccinate-

or-test policies as potentially competitive with high-impact NPIs [79, 80], such screening will decrease in

impact as vaccination rates inch higher. Because prior work has shown that pandemic countermeasures also

vary in their impact depending on time, vaccination, and the presence of other NPIs or behaviors [80], an

empirical assessment of vaccinate-or-test programs would be valuable. However, just as empirical estimates

of NPIs’ impacts onReff include wide uncertainty [79,80], similar estimates for unvaccinated-only screening

programs are also likely to be highly uncertain.

Our study elucidates three critical transitions as vaccination rates increase. First, when vaccination

rates are sufficiently high, a majority of the albeit reduced number of infections will be vaccine breakthrough

infections. This fact should come as no surprise, as this transition must occur at some point for any vaccine

below 100% effectiveness; for the delta variant, our modeling estimates it to take place between 63% and

75% vaccine coverage (baseline VE; 55-67% vaccinated with waning VE; 83-84% vaccinated with boosted

VE), while for the omicron variant, we estimate it to take place between 55% and 59% vaccine coverage.

Second, a transition to majority breakthrough hospitalizations will occur at some point greater than the tran-

sition to majority breakthrough infections, a natural consequence of VEP > 0. Third, while community

spread is driven by the unvaccinated at low vaccination rates, it is driven by the vaccinated population at

high vaccination rates (Fig. 3.3). These vaccination rate transition points separating majority-unvaccinated

transmission and majority-breakthrough transmission are driven lower by unvaccinated-only screening pro-

grams (Fig. 3.7). Taken together, these results suggest that while the overall number of infections during an

outbreak decreases as vaccination rates increase, assuming VES > 0, vaccine breakthrough infections and

transmission events from vaccinated individuals should not be surprising in highly vaccinated populations—
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vaccine effectiveness is imperfect. Consequently, in anticipation of continued community transmission even

in highly vaccinated communities, those at increased risk of severe COVID-19 should take additional pre-

cautions to limit their risk of infection or severe disease.

Our analyses identify two limitations of screening via testing programs in reducing community trans-

mission which generalize beyond the specific scenarios investigated herein. First, the ability of a screening

program to prevent community spread is restricted to a limited “envelope” of past infection rate and vac-

cination rate combinations such that Reff without screening is greater than one, and Reff with screening is

less than one. Second, the width of that effective screening envelope, and thus the effectiveness of a screen-

ing program to control transmission more broadly, are highly sensitive to compliance and participation:

weekly screening with 50% compliance—a rate which reflects observed compliance in a population with

a weekly screening mandate [72]—is likely to be relatively ineffective. However, although our analyses

focus on the benefits of testing in reducing transmission, testing also plays an important role in diagnosis

and treatment, detection of variants, situational awareness and surveillance, and decreasing pressure on the

healthcare system during outbreaks. Furthermore, testing focused on the unvaccinated population may pro-

vide additional incentives to get vaccinated and thus avoid regular testing. Our study did not explore the

benefits of unvaccinated-only testing mandates for these additional purposes.

Our analysis is limited in at least three different manners. First, our modeling incorporated fixed

parameters that are difficult to estimate in practice. For instance, while our analysis considered boosted,

baseline, and waning scenarios for vaccines’ reductions in susceptibility VES , infectiousness VEI , and

hospitalization given infection VEP based on ranges of estimates in the current literature, few studies are

available to guide estimates of similar risk reductions associated with prior SARS-CoV-2 infection, with

or without vaccination (but see Refs. [81] and [85]). Moreover, real-time estimates for emerging variants

of concern such as omicron require observational study and are thus unavailable for prospective policy

analyses. Alternative parameter assumptions may be explored via the provided open-source code. Second,

we assumed perfect isolation after receiving a positive test result. Were this assumption to be violated

by imperfect or delayed isolation, we predict a proportional loss of screening impact across all scenarios.
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Third, our model assumes values ofRNPI
0 and immunity associated with the delta variant and plausible values

for the omicron variant, but other emerging variants may dramatically shift the values of these parameters.

These limitations affect the exact vaccination and past infection rates at which the three transitions identified

in our study occur, and thus our analyses describe fundamental phenomena but do not make projections or

predictions for specific communities.

Our analysis also uses a well-mixed SEIR model framework, inheriting two key limitations which

merit direct discussion. First, we assume that vaccination and past infection statuses are uncorrelated at the

population level. In reality, they may be anticorrelated due to the protective effects of vaccination, or because

those with past infection may choose to forgo subsequent vaccination. We similarly assumed no homophily

in contact patterns based on vaccination status, following the well-mixed assumption of the SEIR model

framework, yet those who choose to be vaccinated may be more likely to be situated in a social network

with others who choose to be vaccinated, and vice versa [100]. Second, compartmental SEIR models such

as ours assume uniform infectiousness in the I compartment, contrasting empirical observations [101] and

more sophisticated models [74, 99]. While our model’s latent and infectious periods are well aligned with

other SEIR models [76,102–104], they nevertheless lead to unrealistically long generation times. Decreasing

these periods proportionally to achieve the same reproductive number while aligning more closely with

generation time estimates [105] would change the time-scale across all simulations, but would not impact

the cumulative metrics or dynamics discussed in our key results.

More broadly, our work is situated within a family of research which uses mathematical modeling to

estimate the impact of targeted countermeasures or strategies in populations with heterogeneous susceptibil-

ity, transmissibility, and/or contact rates. Other areas of focus include the allocation of scarce personal pro-

tective equipment to reduce transmission [21], the prioritization of vaccines by subpopulation [15, 17, 106],

proactive screening programs in specific workplace structures [107] or contact networks [76], immunity

“passport” programs [99], or immune shielding strategies [108]. While our analyses are directed at SARS-

CoV-2, this work illustrates contributes general principles to this literature by showing that screening pro-

grams focused on testing the unvaccinated may be less effective than hoped in the face of high vaccination
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rates, waning vaccine effectiveness, or low compliance with testing.

3.4 Methods

3.4.1 SEIR model

Our analyses are based on a continuous time ordinary differential equation compartmental model

with Susceptible, Exposed, Infectious, and Recovered (SEIR) compartments, stratified into vaccinated V

and unvaccinated U groups. In addition to tracking infections among these two groups separately, we also

tracked infections from both groups separately, enabling us to investigate four modes of transmission: from

U to U , from U to V , from V to U , and from V to V . In all simulations, we used a constant total population

size of N = 20, 000 and denoted the vaccinated fraction of the population with ϕ.

To incorporate the possibility that individuals may have experienced prior infections, we further sub-

dividedU and V into SARS-CoV-2 naive and SARS-CoV-2 experienced subpopulations, such that a fraction

ψ of each was assumed to be previously infected and 1−ψ remains naive. For notation, we denote the sub-

populations of U to be u (unvaccinated, naive) and x (unvaccinated, experienced/prior infection), and the

subpopulations of V to be v (vaccinated, naive) and h (vaccinated, experienced). We assumed that vac-

cination and SARS-CoV-2 experience statuses were fixed at the start of each simulation and immutable

throughout, such that there was no ongoing vaccination, and individuals who were infected and recovered

during each simulation were not reassigned to SARS-CoV-2 experienced status [109].

We denote the protective effects of immunity as XE, VE, HE, expressed as reductions in risk due to

prior infection alone (x), vaccination alone (v), or prior infection and vaccination (i.e. so-called “hybrid”

immunity; h), respectively. Immunity was modeled to (i) decrease the risk of infection upon exposure, (ii)

decrease the risk of transmission upon infection, placing our vaccine and immunity model in the broader

category of leaky models [110], and (iii) decrease the risk of disease progression (i.e., hospitalization) upon

infection. Reductions in the risk of infection upon exposure (XES , VES , HES), reductions in the risk of

transmission when infected (XEI , VEI , HEI ), and reductions in the risk of hospitalization when infected
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(XEP , VEP , HEP ) were parameterized separately, based on ranges of estimates from the literature. Note

that VEH , the reduction in risk of hospitalization due to vaccination, is more commonly reported in the

literature than VEP , the reduction in risk of hospitalization due to vaccination conditional on infection. So,

we used the formula VEP = 1 − 1−VEH
1−VES

to estimate values for VEP . We used the same relationship to

estimate XEP . See Online Supplementary Table 2. Due to broad uncertainty in these effects over time

since exposure [81, 109] or vaccination [81–83], by vaccine manufacturer and schedule [84, 85, 111, 112],

by context [97,113], and by variant [85], our analyses intentionally consider a range of values. We assumed

that hybrid immunity against infection, HES , and transmission, HEI , would always be superior to either

vaccination alone or prior infection alone, via the simple formula HE = (1 − XE)VE + XE and hybrid

immunity against hospitalization given infection HEP = max{VEP ,XEP }.

Supplementary Fig. 8 (available online) shows a model schematic diagram for the SEIR model used

in the manuscript, where solid and dashed lines denote movement and transmission between classes, respec-

tively. In lieu of including hospitalization as a model compartment, we computed total hospitalizations in

each immunity class via multiplication of total infections, variant-specific infection hospitalization rates and

(1 − RRP ), where RRP is the risk reduction against progression to hospitalization given infection (i.e., 0,

VEP , XEP , or HEP ) (See Online Supplementary Tables 1 and 2).

To model a community with open boundaries, we included a uniform risk of exposure to infection

from an external source at a rate of N−1 per person per day. For instance, in a completely naive population,

Su/N individuals would be infected per day. After including the protective effects of vaccination and past

infection this resulted in importation of infections at per-capita rates of (1 − VES)N
−1, (1 − HES)N

−1,

(1− XES)N
−1, and N−1 new infections per day in the v, h, x, and u groups respectively.

All simulations were run for 270 days, and all individuals were initially in one of the susceptible

compartments Su, Sx, Sv, or Sh in proportions (1− ϕ)(1− ψ), (1− ϕ)ψ, ϕ(1− ψ), and ϕψ, respectively.

Model equations were solved using lsoda solver from the package deSolve, R version 4.1.0.
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3.4.2 Incorporation of community testing

Screening the unvaccinated population via community testing, and subsequent isolation of those test-

ing positive, was modeled by increasing the rate at which infected individuals were removed from the unvac-

cinated Iu and Ix compartments. Similarly, universal screening regardless of vaccination status was modeled

by increasing the rate at which infected individuals were removed from all I compartments, Iu, Ix, Iv and

Ih. The effectiveness of screening tests was assumed to be equal for vaccinated and unvaccinated individu-

als. We estimated increased rates of removal taking into account (i) the calibrated trajectories of viral loads

within individual infection [114], (ii) the relationship between viral load and infectiousness [74], (iii) the

frequency of testing, (iv) the test’s analytical sensitivity (i.e. limit of detection) and turnaround time [99],

and (v) screening compliance and valid sample rates, i.e. the fraction of scheduled or mandated tests which

actually produce a valid sample [72]. In particular, our adaptation takes a previous model [74, 99] and up-

dates viral load dynamics for the delta variant of SARS-CoV-2 [115, 116], the dominant variant at the time

of the present analysis. To incorporate the effectiveness of screening θ, we reduce the duration of infec-

tiousness 1/γ by a factor (1 − θ). Parameter values for θ are found in Supplementary Table 1 (available

online), and are based on weekly PCR testing with a one-day turnaround, analytical limit of detection of

103 RNA copies per ml sample, and compliance rates of 50% (as in [72]) or 99% (as in [75]). These values

assume that individuals immediately and successfully isolate upon receiving a positive diagnosis. We note

that estimated effects of rapid antigen tests (with higher analytical limits of detection, but zero turnaround

time) are highly similar to PCR testing under the assumptions above, provided that the community testing

program frequencies and compliance rates are identical [74].
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3.4.3 Transmission modes and forces of infection

Inclusive of all effects introduced above, the forces of infection are given by

λu = α

(
Iu
Nu

cu→u + [1− XEI ]
Ix
Nx

cx→u + [1− VEI ]
Iv

Nv
cv→u + [1− HEI ]

Ih
Nh

ch→u

)
+

1

N
(3.1)

λi =

[
α

(
Iu
Nu

cu→i + [1− XEI ]
Ix
Nx

cx→i + [1− VEI ]
Iv

Nv
cv→i + [1− HEI ]

Ih
Nh

ch→i

)
+

1

N

]
[1− (RRS)i] ,

(3.2)

where i = {x, v, h}, and reductions in susceptibility due to immunity are given by (RRS)i = {XES ,VES ,HES},

correspondingly. The parameter α is the probability an unvaccinated, SARS-CoV-2 naive individual is in-

fected by an infectious contact, tuned to achieve the desired RNPI
0 , ci→j is the number of times an individual

in group j is contacted by individuals from group i per day, and Nj is a convenience variable representing

the number of people in subpopulation j.

To produce counts of how many infections were caused by each of the transmission modes U → U ,

U → V , V → U , and V → V , we integrated the appropriate terms of Eqs. (3.1) and (3.2) over the duration

of each simulation. For instance, the cumulative number of vaccinated infections caused by the unvaccinated

population is given by integrating over the forces of infection from u and x to v and h,

U → V = α

∫ 270

0

[
Iu(t)

Nu

(
cu→vSv(t)[1− VES ] + cu→hSh(t)[1− HES ]

)
. . .

+ [1− XEI ]
Ix(t)

Nx

(
cx→vSv(t)[1− VES ] + cx→hSh(t)[1− HES ]

)]
dt

3.4.4 Reproductive number

The basic reproductive number R0 is defined as the expected number of secondary infections cre-

ated by a typical infector in an entirely susceptible population, in the absence of any non-pharmaceutical

interventions. Given the variety of environments in which SARS-CoV-2 spreads, and the presence of var-

ious permanent or semi-permanent non-pharmaceutical interventions, we use RNPI
0 in this work to denote
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the reproductive number in an entirely susceptible population inclusive of varying levels of now-baseline

NPIs for the delta, omicron, and future variants. We consider RNPI
0 = 4 (Main and Supplementary Figures)

and RNPI
0 = 6 (Supplementary Figures). For unvaccinated-only screening programs, this model’s effective

reproductive number is given by

Reff = RNPI
0 [fu(1− θ) + fxrx(1− θ) + fvrv + fhrh] , (3.3)

where fu = (1 − ψ)(1 − ϕ), fx = ψ(1 − ϕ), fv = (1 − ψ)ϕ, and fh = ϕψ represent the fractions of

the population in the unvaccinated, experienced, vaccinated, and hybrid immunity groups, respectively, and

rx = (1− XEI)(1− XES), rv = (1− VEI)(1− VES), and rh = (1− HEI)(1− HES) are the cumulative

impacts of immunity on each group. Setting the above equation equal to a constant produces isoclines shown

in plots throughout the paper. The reduction in Reff due to screening is given by

Rno screening −Rscreening = RNPI
0 θ(1− ϕ) [1− ψ(1− rx)] , (3.4)

a function linear in each of its variables which goes to zero as the vaccination rate ϕ approaches 1.

For universal screening programs, similar calculations yield

Runiversal
eff = RNPI

0 (1− θ) [fu + fxrx + fvrv + fhrh] , (3.5)

differing from Eq. (3.3) only in the terms to which (1 − θ) applies. For a complete derivation of these

equations, see the Online Supplementary Materials.
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Chapter 4

Fundamental limits to the effectiveness of traveler screening with molecular test

Note: The work in this chapter is ongoing. The majority of the analyses have been completed and a

draft for publication is in preparation.

4.1 Introduction

Air travel is a major driver of the geographic spread of emerging infectious diseases, directly linked to

the international spread of SARS in 2003, influenza A/H1N1 in 2009, and SARS-CoV-2 in 2020 [117–119]

as well as the importation of cases of influenza A/H7N9, MERS-CoV, Ebola, Lassa fever and Chikungunya

[117,120–122]. Although screening travelers for symptoms of infection may therefore seem like an intuitive

countermeasure, scenario modeling [117, 119, 120, 123, 124] and overwhelming empirical evidence [125–

129] show that syndromic and questionnaire-based screening programs are ineffective. For example, one

modeling study found that even with a theoretical symptom-based test with perfect sensitivity, fewer than

3%, 9%, 10% and 35% of infected travelers would be detected for Ebola, SARS-CoV-2, SARS-CoV-1 and

influenza, respectively [130].

An infected traveler may be missed by screening for two reasons. First, their infection may be unde-

tectable at the time they are screened. For instance, syndromic screening will fail to identify asymptomatic

and pre-symptomatic travelers. Second, their infection may be detectable in principle, yet missed because of

imperfect test sensitivity. For instance, a thermometer may fail to detect a fever or a person’s symptoms may

differ from those surveyed. Novel rapid molecular tests appear to address both of these issues, offering high
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sensitivity and specificity over a long detectable window with rapid turnaround. These observations lead us

to ask whether there are settings where screening travelers for an infectious disease with a state-of-the-art

molecular test could be effective in preventing or delaying an outbreak at travelers’ destination.

Unfortunately, empirical evidence is limited. While molecular tests were used for traveler screening

during the COVID-19 pandemic [131,132], the countries that most successfully prevented or delayed trans-

mission of SARS-CoV-2 such as New Zealand, Australia, Hong Kong, and Taiwan also had strict border

controls, post-arrival quarantine measures, widespread testing, or contact tracing. As a result, it is unclear

what role molecular testing of travelers per se played in practice, and what little evidence we do have (re-

viewed in [133]) covers only the number of individuals screening positive, but not programs’ effectiveness

or impact on delaying transmission. In place of empirical data, modeling studies offer various estimates.

For example, a PCR test within the 24 hours before departure is predicted to reduce the number of infec-

tious or pre-infectious travelers by 31% [134], while a PCR test within 3 days of departure is predicted to

reduce the cumulative number of infectious days over the travel period by 36%, and would identify 88%

of actively infectious travellers on the day of the flight [135]. Screening at airports has been projected to

reduce post-arrival transmission risk by 37-47% for rapid diagnostic tests (RDTs) [136] or 28-50% for PCR

or RDTs [137].

These modeling efforts have thus offered valuable estimates, but raise two key questions which form

the focus of this paper. First, why do molecular tests not perform better in traveler screening, despite their

high sensitivity? Second, how do these results extend to other settings and pathogens? To answer these

questions, we introduce a probabilistic model that incorporates within-host viral kinetics to evaluate the

screening effectiveness of four example pathogens, influenza A, SARS-CoV-1, SARS-CoV-2, and Ebola

virus. This modeling framework incorporates variation in individuals’ post-travel transmission potential

based on variability in individuals’ viral load trajectories and differences in when individuals travel during

their infection. It is generalizable and could be adapted for novel pathogens of concern or other testing

settings like pre-event screening.
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Figure 4.1: Model diagram. An example (A) viral load, (B) infectiousness βi(t), and (C) transmission
potentialRi(t) for an individual infected traveler i, with travel time t∗ and post-travel transmission potential
Ri(t

∗). There are four possible statuses for infected travelers: (1) not yet detectable or infectious, (2)
detectable and not yet infectious, (3) detectable and infectious, (4) detectable and no longer infectious. (D)
Factors that contribute to variation in Ri(t

∗): Stochastic realizations of viral load control points (first and
last time detectable, peak viral load), when people may travel [0, D], and the simulated travel time t∗ drawn
from ϕi(t), the infection age distribution among infected travelers.

4.2 Results

4.2.1 Model for traveler screening

From a public health perspective, the most important infections for a traveler screening program to

catch are those most likely to infect others during or after travel, and the least important are those with

little to no remaining infectiousness. To incorporate this concept into a mathematical model, we quantify

an individual’s post-travel transmission potential using a simple within-host viral kinetics model (Fig. 4.1).

We define individual i’s post-travel transmission potential, Ri(t
∗), as the expected number of secondary in-

fections generated after traveling at time t∗. This approach accounts for variation in individual reproductive

numbers and infection age at time of travel.

We considered two different approaches to quantify traveler screening effectiveness. First, we consid-



53

ered the number of infected travelers required to attempt travel to likely generate an outbreak with screening

in comparison to no screening (∆N ). To calculate ∆N , we used theory from stochastic processes about

the long-term probability of extinction to compute the number of infected travelers required to cause an

outbreak with probability p = 0.9. Second, we considered how long it takes for an outbreak of size X to

occur at the destination with screening in comparison to no screening (∆t). To calculate ∆t, we assumed

that the number of infected travelers arriving at the airport followed a Poisson process with mean λ infected

travelers per day. We simulated transmission chains initialized by infected travelers at the destination until

X infections had occurred.

Throughout this work, we make highly optimistic assumptions about test performance, assuming

instantaneous tests results, perfect compliance, and a limit of detection (LOD) equal to that of RT-PCR

(hereafter PCR), the gold standard LOD currently achievable for the diseases in this study. We assume 100%

sensitivity above the limit of detection. For currently available technology, these assumptions are unrealistic

because there is a tradeoff between sensitivity and turnaround time: PCR tests do not give instantaneous

results and rapid tests are less sensitive [74]. However, making these optimistic assumptions allows us to

characterize the best-case scenario, and thus the potential effectiveness of screening programs.

We considered two screening scenarios when an outbreak is growing exponentially at the departure

location: no screening and exit screening at the airport via molecular test. We do not consider the combina-

tion of exit and entry screening because previous modeling work has found marginal gains by entry and exit

screening when the screening method has high sensitivity [117, 123].

4.2.2 Screening effectiveness to delay transmission

We simulated 5,000 infected travelers for four example pathogens: SARS-CoV-1, SARS-CoV-2,

influenza A, and Ebola. We chose these pathogens to explore different areas of parameter space, and because

traveler screening programs have been implemented for all of them. Then, we ran 20,000 simulations of the

traveling process, sampling new infected travelers arriving at the airport from the 5,000 travelers until an

outbreak was likely triggered (Fig. 4.2A, B). To calculate the time until an outbreak of size X occurs at
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Figure 4.2: Screening effectiveness to delay transmission is limited and highly variable. Histograms of
(A) the number of infected travelers to likely trigger an outbreak with (pink) and without screening (gray)
and (B) the time to X infections generated at the destination with (pink) and without screening (gray) from
20,000 Monte Carlo simulations. X = 100, λ = 1 per day for SARS-CoV-1, SARS-CoV-2, and influenza
A. X = 1, λ = 2 per month for Ebola. (C, D) Distributions of ∆N and ∆t from 20,000 Monte Carlo
simulations (sample mean (pink diamond), IQR (dark gray) and 95% percentile range (light gray)).

the destination, we considered a plausible scenario for each pathogen. For SARS-CoV-1, SARS-CoV-2,

and influenza A, X = 100 and λ = 1 infected traveler attempting travel per day on average. For Ebola,

X = 1 and λ = 2 per month. We considered a different scenario for Ebola because, due to the severity of

symptoms, any local transmission would be of concern, and sustained local transmission is relatively rare so

X = 100 is less appropriate. We also expect the arrival rate of infected travelers to be less frequent because

Ebola’s generation interval is much longer than respiratory pathogens and non-pharmaceutical interventions

can usually bring Ebola transmission under control, or nearly so.

Of the four pathogens we considered, traveler screening is most effective for influenza A. With screen-

ing in place, it takes an average of 15 more infected individuals to attempt travel to trigger an outbreak in

comparison to no screening program (Fig. 4.2C). In units of time, screening delayed an influenza A outbreak

by 11.1 days on average (Fig. 4.2D). However, there is considerable variation in both of these outcomes,
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so it is important to consider the full distribution, and not just the mean, when interpreting these results.

One way to understand this variation is to consider the range of the outcomes, like the spread of the middle

50% of the data (Fig. 4.2C, D). Another way to understand this variation is to compute the probability that

screening delayed an outbreak by at least x infected travelers or x days. For example, screening delayed an

outbreak by at least a week in 57.6% of simulations for influenza A. See Supp. Table A.1 for more values of

x.

Traveler screening was less effective for the other three pathogens. The average ∆N was 0.2, 1.1,

and 2.1 infected travel attempts for SARS-CoV-1, Ebola, and SARS-CoV-2, respectively. Screening delayed

outbreaks by 0.4, 3.5, and 4.8 days on average for SARS-CoV-1, Ebola, and SARS-CoV-2, respectively

(Fig. 4.2D). Once again, it is important to consider the variation in these outcomes. For example, the

average value of ∆t for Ebola makes it seem like screening will usually delay the first secondary case by

a couple of days, but in over 50% of simulations, there is no delay at all. Screening delayed an outbreak

by at least a week in 1.4%, 9.3%, and 23.4% of simulations for SARS-CoV-1, Ebola, and SARS-CoV-2,

respectively.

4.2.3 Fundamental limit of traveler screening

Ideally traveler screening would prevent an outbreak at the destination, or delay transmission long

enough to enable some public health activation. However, even for influenza A, which had the most effective

traveler screening programs on average, individual trial results varied greatly, and sometimes screening did

not delay transmission at all (Fig. 4.2C, D). Why is screening not more reliably effective, especially under

highly optimistic assumptions about detectability and test sensitivity?

To answer this question, we observe that, for any test or pathogen, there always exists a gap between

when someone is infected and first detectable. This implies that there is a window of time when an infected

individual may travel and is undetectable at the airport. Crucially, travelers who are missed by screening

during this window have all of their transmission potential remaining (Fig. 4.3A). Thus, the travelers with

the most transmission potential are impossible to catch.
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Figure 4.3: The effectiveness of screening travelers is fundamentally limited by the gap between in-
fection and detectability. (A) Individual’s are undetectable by molecular testing when their transmission
potential is highest, fundamentally limiting the effectiveness of traveler screening because infected people
may travel during this window. (B) A growing epidemic exacerbates this fundamental limit because the
infection age distribution among infected travelers is positively skewed in comparison to a stable epidemic.

To quantify how this window of time limits traveler screening effectiveness, we calculated the ex-

pected proportion of transmission potential that is detectable by screening,

1−
E[

∫ t1
0 Ri(t)ϕi(t)dt]

E[
∫ ω
0 Ri(t)ϕi(t)dt]

, (4.1)

for all individuals i with transmission potential. Using the notation from Fig. 4.1, t1 is the time i is first

detectable, and ω is the time i is either no longer infectious or no longer able to travel (ω = min(t3, D)).

The infection age distribution among infected travelers, ϕi(t), is a mixture of the infection age distribution

and the propensity to travel at a particular age.

We found that, during a growing epidemic, only 2.8%, 9.7%, 40.2% and 59.8% of transmission

potential is expected to be detectable by traveler screening via molecular test for SARS-CoV-1, Ebola,

SARS-CoV-2, and influenza A, respectively. Our estimate for SARS-CoV-2 is comparable to other modeling

studies that found testing reduced post-arrival transmission risk by 29–53% [136, 137].

Expression 4.1 represents a fundamental limit to the effectiveness of traveler screening. Because of

the gap between infection and detectability, the fraction in Expression 4.1 is always positive. Consequently,
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traveler screening alone can never eliminate the risk of local transmission at the travel destination. Further-

more, during a growing epidemic, most of the infected traveling population would travel during this early

window of undetectability coincides (Fig. 4.3B), exacerbating the consequence of this fundamental limit.

4.2.4 Ascertainment overestimates transmission reduction.

Although difficult to measure in practice, a common approach in modeling studies to evaluate the

effectiveness of a screening program is to estimate ascertainment, the percentage of infections detected out

of all the infections screened. Out of the 5,000 simulated travelers, we found that ascertainment is extremely

low for SARS-CoV-1 and Ebola (3.1% and 10.5%, respectively), and better but still imperfect for SARS-

CoV-2 and influenza A (47.8% and 70.9%, respectively). Our estimate of SARS-CoV-2 ascertainment is

similar to an empirical estimate from testing at U.S. airports during 2022 (52%) [138].

The ascertainment rate of infected travelers is potentially misleading because it overestimates reduc-

tions in transmission at the destination. This occurs because one counterintuitive consequence of traveler

screening is that undetected travelers typically have higher post-travel transmission potential than those who

are detected. We found that the average Ri(t
∗) among undetected travelers is 2.6, 1.8, 2.5, and 1.2 for

SARS-CoV-1, Ebola, SARS-CoV-2, and influenza A, respectively, while for detectable travelers, it is 2.8,

1.7, 1.8, and 0.8. This pattern occurs because many of the detected infected travelers are near the end of

their course of infection and have little to no transmission potential (Supp. Fig. A.1). Moreover, for all four

pathogens, the percent of post-travel transmission potential that is detectable by screening is always less

than the corresponding ascertainment rate.

4.2.5 Sensitivity Analysis

The effectiveness of traveler screening is always limited by the amount of time people are infected

before they are detectable. How variable is such imperfect screening effectiveness across different epidemic

scenarios, test characteristics, infectiousness profiles and traveling behaviors?

Across various epidemic scenarios (λ = {1 per day, 1 per week, 2 per month}, X = {1, 10, 100}),
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we intuitively found that it takes longer for an outbreak to occur with screening in place when infected

people travel less frequently or when the outbreak threshold is larger (Supp. Figs. A.2, A.3, A.4, and A.5).

However, even in the best case scenario (λ = 2 per month, X = 100), ∆t remains highly variable. For

example, in this scenario, the average delay to 100 influenza A infections is 95.8 days, yet ∆t is less than

a week in 38.9% of simulations (Supp. Fig. A.2). We found negligible differences in ∆N and ∆t when

modeling the rate at which infected people attempt travel as either a homogeneous or non-homogeneous

Poisson process as in [123].

Infectious thresholds are reported in the literature for SARS-CoV-2 and influenza A (Table A.2) but

not for SARS-CoV-1 or Ebola. For these pathogens, we chose infectious thresholds so the distribution

of Ri(0) are similar to the gamma distribution with mean R0 and dispersion parameter k [139] and ran

sensitivity analyses with thresholds 10x larger and 10x smaller. A lower infectious threshold decreases the

amount of time it takes to generate X infections at the destination because more infected travelers have

post-travel transmission potential (Supp. Fig. A.6). However, the change in the average ∆N and ∆t due to

different infectious thresholds was at most 1 person or 2.4 days (Supp. Figs. A.7, A.8, A.9, and A.10).

Finally, we assume the probability an individual travels is uniform from infection to viral clearance for

SARS-CoV-2 and influenza A. For SARS-CoV-1 and Ebola, we assume symptoms prevent travel, limiting

travel from infection to the time of hospitalization. If symptom severity did not impede travel for these

pathogens, screening would be more effective because travelers are more likely to be detectable. The mean

∆t increased from 3.5 to 7.9 days for Ebola, (Supp. Fig. A.11) and from 0.5 to 3.8 days for SARS-CoV-1

(Supp. Fig. A.12).

4.3 Discussion

This study modeled the potential effectiveness of traveler screening programs with highly sensitive

molecular diagnostics to delay transmission at the destination. Overall, we found that screening effectiveness

is generally quite limited, or at best, highly variable. Of the four pathogens we considered, traveler screening

was most effective for influenza A, but even in this case with extremely optimistic assumptions about test
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performance, over 40% of post-travel transmission potential is not preventable by screening. This limitation

is exemplified by what we refer to as the fundamental limit of traveler screening. The idea is simple: the

effectiveness of traveler screening programs will always be limited because, for every diagnostic test and

pathogen, the newest infections with the most remaining transmission potential are impossible to catch.

Even with state-of-the-art tests where people are detectable before they are infectious, there is a window of

time after the infection event when individuals are not yet detectable and may travel, and their infectious

period will not begin until they are at the destination.

The consequences of this fundamental limit are exacerbated during a growing epidemic, precisely

when traveler screening programs would likely be implemented, because infections are more likely to be

recent. This fact reinforces the idea that any post-screening countermeasures such as arrival quarantines

should be sized and scoped for the full duration of when infections are likely undetectable [137], or in the

case of syndromic screening, the full incubation period [130].

The fundamental limit can help us understand when traveler screening programs are more likely to be

effective. The best case scenario for screening would involve a pathogen such that people are detectable very

quickly after infected (ideally within hours [130]) or, if individuals are undetectable for a long period of time,

they have low post-travel transmission potential (i.e., t1 and Ri(t) are negatively correlated). Additionally,

screening is more likely to be effective if transmission is highly dispersed simply because most individuals

who are missed by screening are unlikely to infect others [139]. Importantly, this notion of controllability

differs from that of Fraser et. al. [140] and Middleton and Larremore [141], who focus on the existence of

detectability before infectiousness. While necessary for traveler screening effectiveness, this condition is

insufficient. One also needs no undetectable window.

While molecular tests are typically more sensitive than syndromic screening, they are not always

superior for traveler screening. For example, we found traveler screening via molecular tests is extremely

ineffective for SARS-CoV-1, even though it is considered a controllable pathogen [140]. This discrepancy is

due to symptom onset occuring before infectiousness and typically before detectability by PCR. In the initial
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days post symptom-onset, 50-80% of infections test PCR negative with nasopharyngeal aspirate samples

[142–147], possibly because viral replication starts in the lower respiratory tract [142]. Thus, effective

screening depends on the natural history of the disease.

This work assumes the goal of traveler screening is to delay or prevent local transmission at the

destination, yet screening may also be used for general surveillance, sequencing, and public awareness of

an ongoing outbreak. For example, in Venezuela in 2021, the introduction of the SARS-CoV-2 Omicron

variant was rapidly detected in samples from airport screening [148]. Our work cautions that measurements

of prevalence among travelers are likely to be poor, even with a state-of-the-art test, yet could be corrected

using our model’s ascertainment estimates.

Our findings are subject to a number of limitations. First, the exact effectiveness of screening pro-

grams will depend on whether our model truly captures viral kinetics and infectiousness profiles. The data

available to parameterize viral load trajectories varies widely in quality and quantity. For example, the con-

trol points for the log viral load hinge function are well-established for SARS-CoV-2, but often meager

or nonexistent for other pathogens. In these cases, we used the best estimates available or extrapolated

plausible ranges from other available information like the percent of PCR positivity upon hospitalization

(Table A.2). Additionally, while the use of log viral load as a proxy for infectiousness is supported in the

literature (SARS-CoV-1 [140, 149], SARS-CoV-2 [150, 151], Ebola [152], influenza A [153]), other rela-

tionships between viral load and infectiousness [74, 154], or other proxies for infectiousness [155, 156], are

possible.

Another limitation of this model is that the simplistic model of βi(t) assumes that all variation in in-

dividuals’ transmission potential is due to their viral load, and not differences in social contacts or behavior.

This model also excludes other modes of transmission like post-mortem transmission that is known to be an

important driver in the spread of Ebola. Improved characterization of individual viral load trajectories, and

how they relate to infectiousness, symptoms and behavior, would greatly improve the impact and value of

this, and other [74,141,157], modeling studies. Moreover, while the simple triangular model of βi(t) is used
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in other modeling studies [141, 158], the modeling framework is flexible and more sophisticated functional

forms of βi(t) could capture time-varying contact patterns or behavior.

We assumed tests have a highly sensitive PCR limit of detection, around 102.6 copies of RNA/mL

(Table A.2). One way to improve screening effectiveness would be to design tests with a lower limit of

detection so individuals are detectable earlier. Lower PCR limits of detection are physically possible, for

example by using more sensitive PCR enzymes or optimizing the PCR conditions, but reliability at lower

thresholds is very challenging. We did not consider lower LODs because rapid tests that could be realistically

used at the airport are typically designed for quick and easy detection of higher levels of viral load, so a lower

LOD than the already optimistic PCR LOD is highly unlikely in this setting, and detecting lower viral loads

would be unreliable. Any operational delays in testing would substantially lower screening effectiveness, so

our results represent an upper bound on the potential effectiveness of traveler screening.

More broadly, our work is situated within a family of research which uses mathematical modeling to

evaluate different testing scenarios. Other areas that our modeling framework could easily extend to include

pre-event testing [136,157], screening in combination with other interventions such as quarantine or contact

tracing [119, 134, 135, 137], and combining multiple screening methods such as fever screening and health

questionnaires with molecular testing [117, 120].

Traveler screening programs are typically expensive and resource intensive to implement. Our results

suggest that, while traveler screening may delay an outbreak at the destination, combining traveler screening

with other interventions is necessary to more consistently delay, or ideally prevent, an outbreak post-travel.

Unfortunately, screening travelers with more sophisticated rapid molecular diagnostics will not be as effec-

tive as hoped at delaying transmission because the travelers with the highest transmission potential are likely

impossible to detect.
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4.4 Methods

4.4.1 Approximation of Ri(t)

Let βi(t) be the infectiousness of a single individual i at time t during their course of infection. We

assume that βi(t) reflects infectiousness and an average over typical behavior in the absence of interventions.

Mathematically,

Ri(t) =

∫ ∞

t
βi(t̃)dt̃, (4.2)

where Ri(t) is the expected number of secondary infections i will generate after time t. Here, Ri(0) is i’s

individual reproductive number and the population-level basic reproductive number R0 = E[Ri(0)]. The

individual reproductive number is also commonly referred to as ν [139] or simply Ri. Ri(t) is a monoton-

ically decreasing function, which is biologically realistic: the number of expected secondary transmission

events ahead in time decreases as an individual’s infection progresses (Fig. 4.1C).

To compute Ri(t), we approximate βi(t) using a simple within-host viral kinetics model with an in-

fectious threshold as a proxy for infectiousness over time (Fig. 4.1A, 4.1B). The within-host model assumes

there is a period after infection where the virus is undetectable, and then a proliferation phase of exponential

growth followed by a clearance phase of exponential decay. This type of log-linear proliferation and clear-

ance model, sometimes referred to as a hinge or tent function, is commonly used to describe the proliferation

and clearance phase of viral infection [74, 116, 157, 159]. We assume there is an infectious threshold such

that infectiousness is proportional to log viral loads above this threshold.

For SARS-CoV-2 and influenza A, we found estimates for the infectious threshold in the literature

(Table A.2). For SARS-CoV-1 and Ebola, we estimated infectious thresholds to result in distributions of

Ri(0) similar to the gamma distribution with mean R0 and dispersion parameter k, a typical choice for the

distribution of individual reproductive numbers [139]. Fitting the infectious threshold directly to the gamma

distribution would assume that all the variation in individual reproductive numbers is due to differences

in viral loads. However, we know that other factors contribute to differences in individual reproductive
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numbers so we would not expect the distribution of Ri(0) from the viral load model to identically match the

distribution of Ri(0) fit to contact tracing data. We checked how sensitive our results were to the infectious

threshold value in the sensitivity analyses (Supp. Fig. A.6, A.7, A.8, A.9, A.10).

4.4.2 Simulations

Each simulated infected traveller is assigned a time they are first and last detectable by a molecular

test with a PCR limit of detection, a time and magnitude of peak viral load, and a time of hospitalization (for

SARS-CoV-1 and Ebola) sampled from the distributions in Table A.2. Some of these distributions are hard to

estimate in practice so the distributions used were optimistic estimates informed by existing literature when

well-characterized distributions were not available (Described further in the Supp. Materials). Individuals’

travel times t∗ are sampled from the infected travelers infection age distribution ϕ(t) using the inverse CDF

method (see Section 4.4.5). With these parameters, we compute individuals’ Ri(t
∗) and screening result at

the time of travel.

For each individual, we simulate their contribution to infection at the destination using a branching

process in which the offspring distribution of the first generation is a Poisson distribution with λ = Ri(t
∗),

and for subsequent generations, a Negative binomial distribution with meanR0 and a disease-specific disper-

sion parameter k [139]. If i is not detected, the simulated branching processes are identical with and without

screening. This approach of comparing counterfactual scenarios ensures our results reflect the impact of

screening alone and not the stochasticity of transmission.

4.4.3 Number required to likely trigger an outbreak

Following Clifford et. al. [123], we can calculate the long-term probability of disease extinction with

offspring distribution NegBinom(R0, k), s0, from the implicit equation

s0 = (1 +
R0

k
(1− s0))

−k.
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Let si be the long-term probability of disease extinction in a population where the first generation of

infections is caused by infected traveler iwith transmission potentialRi(t
∗), and each subsequent generation

follows NegBinom(R0, k). Then,

si =IP(Z = 0) + IP(Z = 1) · s0 + IP(Z = 2) · s20 + IP(Z = 3) · s30 + ...

=e−Ri(t
∗) +Ri(t

∗)e−Ri(t
∗)s0 +

Ri(t
∗)2

2!
e−Ri(t

∗)s20 +
Ri(t

∗)3

3!
e−Ri(t

∗)s30 + ...

=e−Ri(t
∗)(1−s0).

As in [123], the probability that infected traveler i causes an outbreak at the destination is qi = 1−si.

To calculate N , the number of infected travelers required to trigger an outbreak, we know that the

first N − 1 travelers did not cause an outbreak. If qi = q for all infected travelers, X ∼ geometric(q) so

P (X ≤ k) = 1− (1− q)k.

However, since qi is dependent on an individual’s Ri(t
∗), qi is a random variable so

P (X ≤ n) = 1− (1− q1)(1− q2)...(1− qn)

for n infected travelers. For each run of our model simulation, we can use this equation to compute

the number of infected travelers N required to cause an outbreak with probability p. For our analyses, we

set p = 0.9.
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4.4.4 Time to X infections generated at the destination

To compute this outcome via simulation, we first generate an arrival time for an infected traveler and

simulate any transmission chains they generated using the distributions described above. We store the first

X subsequent cases and the timing of infection using the pathogen-specific generation interval. Then, we

generate the arrival time of the next infected traveler. If this infected traveler arrived before the last stored

case, or the number of cases at the destination is less than X , we repeat these steps until the requirements

have been met. The output, time toX infections generated at the destination is the time of theXth infection.

4.4.5 Infection age distribution

We assume traveler screening programs would be implemented at the beginning of an emerging in-

fectious disease outbreak when infections are growing exponentially. So, as previously described in [117],

the probability that an infected traveler has infection age t at the time of travel is

ϕ(t) =


R0
D

e
−R0
D

t

1−e−R0
, t ∈ [0, D]

0, t > D

whereD is the duration of infection in which an infected individual is assumed to travel. If the disease

does not prevent someone from traveling, D is the time from infection to viral clearance. If symptoms

prevent an individual from traveling, we assume D is the average time from infection to hospitalization.

The corresponding CDF is the probability that an infected traveler was infected less than or equal to

t days before travel,

F (t) =


1−e

−R0
D

t

1−e−R0
, t ∈ [0, D]

0, t > D.
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Chapter 5

Conclusion

The chapters of this thesis highlight how a variety of mathematical modeling approaches and analyses

can directly inform decision-making regarding infectious disease interventions. In Chapter 2, we developed

an age-structured SEIR-type model to explore who should be prioritized for the first doses of a COVID-19

vaccine when initial supplies were limited. We identified that prioritizing the oldest adults first is a robust

choice to minimize deaths in comparison to other age-based prioritization strategies. Next, in Chapter 3, we

modeled SARS-CoV-2 transmission dynamics in populations with mixed immunity in light of evaluating

the impact of unvaccinated-only testing programs. We found that in communities with mixed vaccination

status, vaccinate-or-test policies can be highly effective but only within a restricted region of epidemiolog-

ical parameter space. In areas with high vaccination rates, testing the remaining unvaccinated population

averts few infections, hospitalizations and deaths in both relative and absolute terms. Finally, in Chapter

4, we modeled the potential effectiveness of traveler screening programs with highly sensitive molecular

diagnostics to delay transmission at the destination for various pathogens. We found that screening effec-

tiveness is generally quite limited, or at best, highly variable, because of an concept we term the fundamental

limit to traveler screening: the effectiveness of traveler screening programs is always limited because, for

every diagnostic test and pathogen, the newest infections with the most remaining transmission potential are

impossible to catch.
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5.1 Significance

Altogether, these studies achieve the two broad goals described in Chapter 1. The first goal was to

deepen scientific knowledge of the role of individual variation in infectious disease transmission and to tar-

get interventions in light of such variation. Chapter 2 accomplished this goal by highlighting the importance

of age in the dynamics and outcomes of SARS-CoV-2 transmission. The result of prioritizing those 60+

to minimize deaths was such a robust choice across a wide range of scenarios because of the exponential

increase in the infection fatality rate by age. In Chapter 3, stratifying by immune status was necessary to ex-

plore how the effectiveness of vaccinate-or-test policies depends on population-level immunity. The results

challenged our intuition that routinely testing the unvaccinated would be most effective when the unvacci-

nated are driving the majority of transmission. In Chapter 4, explicitly including variation in individuals’

infection ages at the time of travel was crucial for understanding and quantifying how the gap between

infection and detectability fundamentally limits the effectiveness of traveler screening.

The second goal was to use the results from the first goal to identify specific and realistic recommen-

dations for public health policy. The work described in Chapter 2 accomplished this goal by defining clear

and straightforward recommendations for vaccine prioritization. Furthermore, this work was presented to

the WHO SAGE working group on COVID-19 vaccines during the summer of 2020. The work in Chapter 3

also accomplished this goal, by demonstrating the small impact unvaccinated-only testing programs would

likely have in settings with high vaccination rates, like many university campuses. The University of Col-

orado Boulder considered this result when designing their requirements for in-person schooling in fall 2021.

Since the work in Chapter 4 is not yet published at the time of writing, this work has not influenced relevant

policy. However, the results still accomplish the goal of providing clear and actionable recommendations

regarding the expected effectiveness of traveler screening programs.

5.2 Limitations

Each study here has limitations, as already discussed in detail in each chapter. Two consistent limi-

tations that apply to all three studies are (1) the difficulty to model and predict changes in human behavior
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as it relates to disease transmission and (2) the difficulty to retrospectively evaluate the effectiveness of

interventions because counterfactual scenarios are hard to measure in practice. Ideally, we would be able

to compare how outbreaks progress over time in socially and geographically similar locations with similar

immunity profiles and disease states that implement distinctly different policies, but these conditions rarely

exists in practice. However, one way to validate the robustness of our results in light of these two limitations

is to compare our results to other modeling studies. For example, since the work in Chapter 2 was published,

other modeling groups have found similar results and conclusions [17, 160–162]. This addresses the first

limitation since different modeling groups often make different assumptions about contacts and behavior,

but the general results remain true regardless of these details. Similarly, it helps build trust in the policy

recommendations in place of analyzing counterfactual situations.

It is also worth stating that these models are not intended to forecast the exact number of infections,

deaths, etc. that will occur. Rather, the types of analyses described in Chapters 2-4 are meant to help us

understand possible contagion scenarios, and general principles about the effectiveness of different inter-

ventions.

5.3 Future Research

The work presented in this thesis provides clarity on who to prioritize first for COVID-19 vaccines,

when unvaccinated-only testing policies are likely to be effective in populations with mixed immunity, and

the effectiveness of traveller screening programs. In the following sections, I will describe a few possible

directions for future work inspired by Chapters 2-4.

5.3.1 Updating contact matrices for changing demographics

In Chapter 2, we used age-structured contact matrices from Prem et. al. to model how different age

groups interact with each other [32]. Contact matrices, which describe how often different age groups typ-

ically interact with each other on a daily basis, are typically generated from diary-based contact surveys.

Prem et. al. developed synthetic contact matrices for 177 geographical regions in the COVID-19 era, extrap-
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olating empirical contact matrices to other countries lacking such survey data.

While contact matrices are not symmetric because they are defined per capita, there is a symmetry

condition that should hold in theory:

CijNj = CjiNi (5.1)

where Ni is the number of individuals in class i, C is the contact matrix and Cij is the average number of

individuals in age class i that an individual from class j contacts per unit time. In practice, I have found that

this symmetry condition does not hold exactly with the synthetic contact matrices. One initial area of future

work is to develop a simple and reasonable method to ensure the symmetry condition holds with a synthetic

contact matrix and corresponding age distribution N . I would then compare how different this updated

contact matrix is from the previous, and if it affects any key epidemiological outcomes when simulating

an outbreak. If it is not necessary for modelling outcomes for the symmetry condition to be met, another

area of future work would be to determine when new contact matrices are needed to adapt to changing

age distributions. Large contact surveys are time consuming and labor intensive to implement so contact

matrices are infrequently updated, but updated data on the age structure of a population is more readily

available. Over time, or for very quickly changing populations, the use of potentially outdated contact

matrices that do not correspond to the current age distribution will likely have a greater affect on modelling

results. Is there a simple and reasonable method to update synthetic contact matrices without more surveys?

At what point should we use such a method?

5.3.1.1 Stratifying contacts by vaccination status

The model developed in Chapter 3 assumed homogeneous mixing throughout the population because

we are unaware of any currently available data describing contact patterns stratified by vaccination status.

However, I would expect some degree of homophily, the idea that “birds of a feather flock together”, in

realistic social settings. While working on Chapter 3, we did explore a simple approach to adding homophily

to the SEIR-type model, and found that the main takeaways of the paper did not change. However, detailed

contact matrices stratified by both age and vaccination status are currently under development by Jonathan
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Figure 5.1: Distribution of individual reproductive numbers from 5,000 viral load trajectories using the
within-host method (gray) and drawing from a Γ(R0, k) distribution (red) for SARS-CoV-2 (left) and in-
fluenza (right). Parameter values for viral load trajectories, infectiousness thresholds, R0 and k are found in
Table A.2.

Read’s lab at Lancaster University. I believe an interesting area of future research would be to extend our

model to include these contact matrices when they become available. I think the addition of age to our

SARS-CoV-2 transmission model would be beneficial, as highlighted by Chapter 2, and a more realistic

model of social interaction would strengthen our understanding of targeted routine screening programs.

5.3.2 Estimating individual reproductive numbers using within-host models

In Chapter 4, we used a within-host modeling approach to calculate individual’s reproductive number,

which we will denote here as Ri. The approach considers an individual’s infectiousness βi(t), as a function

of time and asserts thatRi is proportional to the area under βi(t). A common approach to approximate βi(t)

is to set βi(t) equal to the logarithm of viral load above an infectiousness threshold [74, 141, 157]. Another

way to estimate the distribution of Ri is to do so empirically, by fitting different candidate models to contact

tracing data and using model selection to determine which model is best of the candidates. Lloyd-Smith et.

al. used this approach for various pathogens and found that Ri ∼ Γ(R0, k) was typically the best candidate

model to describe outbreak data [139].

The distribution of Ri estimated from the within-host approach does not align with the distribution

estimated from contact tracing data (Figure 5.1). While this result is perhaps unsurprising, since contact

tracing data accounts for social behavior and the within-host method does not, it highlights a flaw in this
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methodology. Future work to develop theory that more closely aligns these approaches would improve

our understanding of individuals’ reproductive numbers and enable more complex multiscale modeling that

could explore the role of variation in viral dynamics on population-level transmission dynamics.
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jon, Florian Schödel, Joanne E. Tomassini, Honghong Zhou, and Jacqueline Miller. Efficacy of
the mRNA-1273 SARS-CoV-2 vaccine at completion of blinded phase. New England Journal of
Medicine, 2021.

[69] Anoop S.V. Shah, Ciara Gribben, Jennifer Bishop, Peter Hanlon, David Caldwell, Rachael Wood,
Martin Reid, Jim McMenamin, David Goldberg, Diane Stockton, Sharon Hutchinson, Chris Robert-
son, Paul M. McKeigue, Helen M. Colhoun, and David A. McAllister. Effect of vaccination on
transmission of SARS-CoV-2. New England Journal of Medicine, 2021.

[70] Nick Andrews, Julia Stowe, Freja Kirsebom, Samuel Toffa, Tim Rickeard, Eileen Gallagher, Char-
lotte Gower, Meaghan Kall, Natalie Groves, Anne-Marie O’Connell, et al. Covid-19 vaccine effec-
tiveness against the Omicron (B. 1.1. 529) variant. New England Journal of Medicine, 386(16):1532–
1546, 2022.

[71] Jamie Ducharme. We need to start thinking differently about breakthrough infections, Dec. 21, 2021.
https://time.com/6130704/breakthrough-infections-omicron/.

[72] Kristen K Bjorkman, Tassa K Saldi, Erika Lasda, Leisha Conners Bauer, Jennifer Kovarik, Patrick K
Gonzales, Morgan R Fink, Kimngan L Tat, Cole R Hager, Jack C Davis, and et al. Higher viral
load drives infrequent severe acute respiratory syndrome coronavirus 2 transmission between asymp-
tomatic residence hall roommates. The Journal of Infectious Diseases, 2021.

[73] Diana Rose E Ranoa, Robin L Holland, Fadi G Alnaji, Kelsie J Green, Leyi Wang, Richard L
Fredrickson, Tong Wang, George N Wong, Johnny Uelmen, Sergei Maslov, et al. Mitigation of
SARS-CoV-2 transmission at a large public university. Nature communications, 13(1):3207, 2022.

[74] Daniel B. Larremore, Bryan Wilder, Evan Lester, Soraya Shehata, James M. Burke, James A. Hay,
Milind Tambe, Michael J. Mina, and Roy Parker. Test sensitivity is secondary to frequency and
turnaround time for COVID-19 screening. Science Advances, 7(1), 2021.

[75] Martin Pavelka, Kevin Van-Zandvoort, Sam Abbott, Katharine Sherratt, Marek Majdan, CMMID
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Appendix A

Supplementary Materials to Chapter 4

A.0.1 Viral load parameterization

Table A.2 contains all of the parameter values and distributions used to simulate infected travelers for

each pathogen. For each parameter that is treated as a random variable, we used the reported distribution

when reported in the literature. If we could not find a reported distribution, we used a truncated normal

when a mean and standard deviation were reported, truncated either at the lowest and highest reported

values or within a reasonable range that captured the vast majority of measurements. If mean and SD

were not reported, then we used a uniform distribution within a reasonable range that captured the vast

majority of measurements. We used the serial interval as an approximation for the generation interval when

generation interval estimates were not available. Examples of 100 simulated viral load trajectories for these

four pathogens are shown in Supp. Fig. A.13. We chose the lowest reported PCR limit of detection, since this

corresponds to a best case scenario for testing. Below we elaborate on specific assumptions and rationale

for each pathogen.

A.0.1.1 SARS-CoV-1

We assumed that all the cases are hospitalized. This is appropriate because hospitalization rates for

symptomatic SARS-CoV-1 were high and, while estimates of asymptomatic infections vary from 0.1% [163]

to 13% [164], there is no known transmission from asymptomatic patients so we do not consider them in

our analyses [164]. We chose the distribution uniform(0,9) days post symptom onset as an optimistic guess
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for the time first detectable by PCR. This range was chosen based off data that reported 50-80% did not test

positive via PCR in initial days post symptom onset [142–147], >50% were positive by day 6-7 [143, 144],

and >95% are PCR positive by day 10 [147]. Although not necessary for the model, we also parameterized

individuals’ time of symptom onset since other parameters were measured in units of the time since symptom

onset.

A.0.1.2 SARS-CoV-2

We parameterized the model for the ancestral strain of SARS-CoV-2. Many of the parameters needed

for our model are well characterized by Kissler et. al. [157]. We did not distinguish between symptomatic

and asymptomatic cases, nor did we include hospitalization.

A.0.1.3 Influenza A

We parameterized the model for influenza A. The majority of references reported data from influenza

H1N1 subtype, a few from influenza H3N2, and some simply referenced influenza A without specifying

the subtype. We did not distinguish between symptomatic and asymptomatic cases, nor did we include

hospitalization.

A.0.1.4 Ebola

For Ebola, higher viral load is correlated with mortality [165]. We parameterized the model for

non-fatal cases assuming they would be more likely to travel and assumed all such cases are hospitalized.

Although not necessary for the model, we parameterized individuals’ time of dry and wet symptom onset

since other parameters were measured in units of the time since symptom onset. Note that the model

parameters are not as well characterized for Ebola as other pathogens, possibly because the incubation

and infectious periods are highly variable [166].

Our model of infectiousness implicitly assumes that we are only considering direct transmission via

fomites, droplets, or aerosols [167], and not post-mortem transmission. Thus, we did not consider asymp-
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tomatic cases because they would not have transmission potential, and asymptomatic cases are rare [168].

We chose the distribution uniform(0, 3) days post onset of dry symptoms as an optimistic guess for

the time first detectable by PCR. This range implies that individuals are sometimes detectable when they

have dry symptoms, and everyone is detectable by the time their symptoms progress to wet symptoms. This

was informed by the notion that there is no evidence that infected people are viremic before symptom onset,

but some are PCR positive on the day of illness onset [169]. Additionally, most are detectable by the time

they are hospitalized (87% [170]).

Note that viral load measurements are measured in mL of serum. This is appropriate for our model,

since RDTs that could potentially be used for airport screening can collect a blood sample through a finger

prick [171].
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IP(∆N ≥ x) IP(∆t ≥ x)

x 7 days 14 days 21 days 1 person 10 people 20 people
SARS-CoV-1 0.014 0.001 0 0.055 0.001 0
SARS-CoV-2 0.234 0.037 0.004 0.567 0.026 0
Influenza A 0.576 0.289 0.149 0.998 0.728 0.248
Ebola 0.093 0.078 0.061 0.350 0.006 0

Table A.1: Examples of the CCDF IP(X ≥ x) for screening effectiveness ∆N and ∆t. For ∆t, we used
the same scenarios as the main text where X = 100, λ = 1 for SARS-Cov-1, SARS-CoV-2 and influenza
A, and X = 1, λ = 1/14 for Ebola.

Figure A.1: Traveler screening programs decrease the number of infected travelers reaching the des-
tination, but the average imported case has more transmission potential than without screening. His-
tograms of simulated infected travelers’ transmission potential at the destination, Ri(t

∗), with all 5,000
travelers shown in gray and undetectable travelers in teal. Vertical arrows indicate the mean of each dis-
tribution. The means overlap for SARS-CoV-1 and Ebola. Ascertainment rates are reported in each upper
right corner.
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Pathogen Parameter Value/Distribution Units Source

SARS-CoV-1

time first detectable Unif(0,9) days from SO [142–147]
time of peak VL Unif(7, 14) days from SO [143, 147, 149, 172]
time last detectable Unif(18, 28) days from SO [143, 144, 147]
PCR LOD 2.6 log10 copies/mL [173]
infectious threshold 6.5 log10 copies/mL See Methods
peak VL Unif(5.8, 8.5) log10 copies/mL [147, 174–176]
time to symptoms Unif(2,10) days from infection [177, 178]

time to hospitalization
Trunc. normal (µ = 2.9,
σ = 2.6, a = −1, b = 9) days from SO [177]

R0 2.55 / [139]
k 0.21 / [139]
generation interval 8.4 days [179]

SARS-CoV-2
(ancestral)

time first detectable Unif(2.6, 3.8) days since infection [180]
time of peak VL Γ(shape=2.3, rate=0.7) days from first detect. [157]
time last detectable Γ(shape=2.4, rate=0.3) days from peak [157]
PCR LOD 40 CT [157]
infectious threshold 5 log10 copies/mL [?, 157]
peak VL Normal(µ = 22.3, σ = 4.2) CT [157]
R0 2.8 / [181]
k 0.55 / [182]
generation interval 5.9 days [183]

Influenza A

time first detectable Unif(0.5, 1.5) days from infection [184, 185]
time of peak VL Unif(1, 3) days from first detect. [184–186]
time last detectable Unif(2, 3) days from peak [184–186]
PCR LOD 2.95 log10 copies/mL [186]
infectious threshold 4 log10 copies/mL [153]
peak VL Unif(6, 8.5) log10 copies/mL [186]
R0 1.26 / [187]
k 2.36 / [187]
generation interval 2.6 days [188]

Ebola

time first detectable Unif(0, 3) days from SO [189–191]
time of peak VL Unif(3, 6) days from SO [192–195]

time last detectable
Trunc. normal(µ = 12.7,
σ = 3.8, a = 9, b = 16.5) days from SO [192]

PCR LOD 2.7 log10 copies/mL [194]
infectious threshold 7 log10 copies/mL See Methods
peak VL Unif(6.5, 9.2) log10 copies/mL [192, 193, 195]
time to dry symptoms Unif(5, 13) days from infection [196, 197]
time to wet symptoms Unif(3, 5) days from SO [190]

time to hospitalization
Trunc. normal(µ = 4.5,
σ = 2.5, a = 2, b = 7) days from SO [192]

R0 1.8 / [198–200]
k 0.18 / [200]
generation interval 13 days [197]

Table A.2: Model parameters. Values or distributions used for each pathogen-specific parameter. SO
stands for symptom onset.
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Figure A.2: Screening effectiveness for influenza A. Screening effectiveness ∆N and ∆t for a range of
scenarios. The gray row is the plausible example reported in the Main Text.

Figure A.3: Screening effectiveness for SARS-CoV-2. Screening effectiveness ∆N and ∆t for a range of
scenarios. The gray row is the plausible example reported in the Main Text.
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Figure A.4: Screening effectiveness for Ebola. Screening effectiveness ∆N and ∆t for a range of scenar-
ios. The gray row is the plausible example reported in the Main Text.

Figure A.5: Screening effectiveness for SARS-CoV-1. Screening effectiveness ∆N and ∆t for a range of
scenarios. The gray row is the plausible example reported in the Main Text.
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Figure A.6: Different approaches to calculate the individual reproductive number Ri(0) result in im-
portant differences in the population-level distributions of Ri(0). (A, C, E, G) Distribution of the indi-
vidual reproductive number Ri(0) sampled from a gamma distribution with mean R0 and dispersion param-
eter k. (B, D, F, H) Distribution of Ri(0) from the within-host viral kinetics model with various infectious
thresholds.

Figure A.7: Screening effectiveness for Ebola with a lower infectious threshold. Screening effectiveness
∆N and ∆t for a range of scenarios. The infectious threshold is 6 log10 copies RNA/mL. An infectious
threshold of 7 log10 copies RNA/mL was used in the Main Text.
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Figure A.8: Screening effectiveness for Ebola with a higher infectious threshold. Screening effectiveness
∆N and ∆t for a range of scenarios. The infectious threshold is 8 log10 copies RNA/mL. An infectious
threshold of 7 log10 copies RNA/mL was used in the Main Text.

Figure A.9: Screening effectiveness for SARS-CoV-1 with a lower infectious threshold. Screening ef-
fectiveness ∆N and ∆t for a range of scenarios. The infectious threshold is 5.5 log10 copies RNA/mL. An
infectious threshold of 6.5 log10 copies RNA/mL was used in the Main Text.
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Figure A.10: Screening effectiveness for SARS-CoV-1 with a higher infectious threshold. Screening
effectiveness ∆N and ∆t for a range of scenarios. The infectious threshold is 7.5 log10 copies RNA/mL.
An infectious threshold of 6.5 log10 copies RNA/mL was used in the Main Text.

Figure A.11: Screening effectiveness ∆N and ∆t for Ebola, assuming people travel until viral clear-
ance. Screening effectiveness ∆N and ∆t for a range of scenarios. In the Main Text, we assumed people
traveled up until the time they hospitalized.
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Figure A.12: Screening effectiveness ∆N and ∆t for SARS-CoV-1 assuming people travel until viral
clearance. In the Main Text, we assumed people traveled up until the time they hospitalized.

Figure A.13: Simulated viral load trajectories for SARS-CoV-1, Ebola, SARS-CoV-2 and influenza A.
100 stochastically drawn viral load trajectories for SARS-CoV-1, Ebola, SARS-CoV-2, and influenza A,
using the control points and parameter values in Table A.2.
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