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Abstract

Disease outbreaks caused by existing and emerging pathogens pose a serious threat to local
and global communities in the form of epidemics and pandemics, respectively. The 2009 HINI1
pandemic and the 2019 COVID-19 pandemic are exemplars of how underprepared both the
developed and developing nations are at mitigating pandemics.

Mathematical modeling and simulation of disease outbreaks has served as a powerful tool
to understand disease transmission dynamics. They also aid in developing effective intervention
strategies. However, existing models are usually particularized to a region, or a specific disease
pathogen and interventions used in these models may not translate well to novel outbreaks or
existing epidemics in another region. This could be due to the dynamic nature of evolving
population demographics and disease parameters. Fully understanding the time-varying
transmission dynamics of diseases, the effect of disease outbreaks on varying population
demographics, the impact of effective interventions (both pharmaceutical and non-
pharmaceutical), is imperative for epidemic and pandemic preparedness.

The goal of this dissertation is to propose frameworks and methodologies that model
epidemics or pandemics and implement them to derive useful insights for intervention strategies
that effectively mitigate disease burden in a population. Simulation models such as agent-based
(AB) and compartmental approaches are implemented to closely follow the epidemic outcomes in
regional outbreaks. The modeling frameworks presented in this dissertation have been used to
simulate both novel disease outbreaks (COVID-19) and ongoing regional epidemics (HIV/AIDS).

Combinations of varying levels of intervention measures are applied within the models to assess

1X



the impact of the interventions, and the changes in trends of epidemic outcomes. Information and
insights derived from these models aim to help policy makers with informed decision-making and

improve public health metrics during an epidemic.



Chapter 1: Introduction

In the past, mathematical models have served as powerful tools for prediction of disease
outbreak outcomes and public health decision making, especially in the wake of pandemics and
epidemics [1]. In recent times, the COVID-19 pandemic has underscored the need for such models
and their contribution in public health decision making, thus, there has been an explosive growth
in literature for mathematical models that mimic epidemics and pandemics and develop
intervention measures. Despite such plethora of studies, gaps in implementation of interventions
derived from them to real-time policy has become increasingly evident. This could be caused by
the manner in which interventions are designed in studies, type of interventions implemented, risk
groups modeled, outcomes analyzed, socio-economic factors considered, among others [2].
Therefore, although existing models have filled a lot of existing research gaps, there appears to be
a continuous need in developing innovative and insightful models that can adapt to changing
dynamics of pathogens, populations, and interventions.

The objective of this dissertation is first, to develop mathematical simulation models that
can mimic the transmission of infectious diseases in a population, and second, to develop effective
intervention measures, and third, assess the impact of such interventions on the disease outcomes
in a population. We developed AB models, and compartmental simulation models to evaluate the
COVID-19 and HIV/AIDS epidemics in regions in the United States.

A granular AB model was developed to closely follow the COVID-19 disease outbreak
outcomes (number of age-specific reported infections, hospitalizations, and deaths) in an urban

region (considering Miami-Dade County, FL, U.S.A. as a case study). We implemented social
1



interventions such as full and partial stay at home orders, face mask usage, contact tracing and
performed a sensitivity analysis on some interventions (face mask usage and contact tracing) and
identified levels and combinations of interventions that would closely follow the epidemic
outcomes and reduce the disease outbreak outcomes to statistically significant values. The
methodology and results are explained in detail in Chapter 2.

The AB modeling framework was extended to implement school reopening (following
intervention timelines implemented in the case-study region of Miami-Dade County, FL, U.S.A)
at various levels of percentage return to school. A sensitivity analysis was performed on the
transmission coefficient among students in a school (due to lack of data to calibrate transmission
coefficient to age-specific reported infections in a school setting). The results of this study are
presented in Chapter 3.

The AB model was recalibrated to follow outcomes (continuing to follow intervention
timelines implemented in the case-study region of Miami-Dade County, FL, U.S.A) till early
December 2020, and a vaccination framework is embedded. The model evaluated three different
vaccine prioritization strategies (random strategy, age-specific strategy, and minor variant of CDC
strategy). The epidemic outcomes (reported infections, hospitalizations, and deaths) from each of
the three strategies are compared with no vaccination scenario to identify the most effective
prioritization strategy. The results of this study are presented in Chapter 4.

A compartmental model was developed to simulate the COVID-19 epidemic in a
residential university setting (University of Massachusetts-Amherst). The study analyzed
combinations and levels of testing (symptom-based testing, mass testing, and tracing and testing)
on thresholds of contact rate for non-essential workers, and population size on campus that would

keep reported infections and deaths below three measures of tolerance (relaxed, medium, and



tight). The study also assessed combinations and levels of testing and relative levels of vaccine
coverage and population size. The results of this study are presented in Chapter 5.

A compartmental model was developed to simulate the HIV/AIDS epidemic in the U.S.
The study develops a jurisdictional model initialized to HIV epidemic data for 2018 and projects
epidemic outcomes (incidence, prevalence, diagnoses, and deaths) till 2030. The model simulated
geographical heterogeneity as outlined in the national HIV prevention plan: Ending the HIV
Epidemic (EHE) plan, and applied interventions to reach the care continuum targets as per the
EHE plan. The objective of the model was to evaluate if mixing between jurisdictions and
jurisdictional heterogeneity is important in time varying outcomes and decisions. The results of
this study are presented in Chapter 6.
1.1 Research Contribution

Individual research contribution for each study is highlighted in the respective chapters. In
what follows, an overview of the research contribution and broader impacts are presented.
1.1.1 Developing a Granular Simulation Modeling Framework for Region-Specific Epidemics

Literature for COVID-19 modeling largely consisted of compartmental models that
simulated SEIR (Susceptible-Exposed-Infected-Recovered/Removed) framework or relative
extensions. Compartmental models are effective in modeling movement of aggregate populations
across stages of disease but assume uniform mixing. Thus, they fail to capture special transmission
dynamics (which could relate to occupation-level, age-specific, and gender-specific mixing) that
may play a significant role for certain infectious diseases such as COVID-19. In the study
presented in Chapter 2, a highly granular AB model was developed that considered comprehensive
population demographics of a region and embedded it with the disease transmission model of

COVID-19. The combination of a granular population structure combined with a disease



transmission model enabled the simulation to closely follow the epidemic outbreak in the case
study region. The simulation model reports actual infected and reported infections, thus, allowing
us to assess the true and relative impact of interventions in a population. The AB simulation model
is also stochastic in nature, thus naturally modeling uncertainties of various input parameters,
which is contrasting to the deterministic nature of the compartmental simulation model.
Interventions implemented in the case study region can be applied to similar urban region that have
similar population demographics. Further, the AB model can be particularized to other regions or
other disease outbreaks that share disease dynamics of COVID-19. The model is built to be
dynamic and thus can evaluate changes to disease transmission dynamics (changing
transmissibility of virus, changing rate of hospitalization and deaths for specific age groups),
interventions, and population demographics, and can apply real-time interventions applied to the
case study region. The model was also used to identify effective COVID-19 vaccine prioritization
strategies (presented in Chapter 4) which can be helpful for public health decision makers in
regions which are still actively disseminating the vaccine among their population.
1.1.2 Developing Policies for Safe School/University Reopening During an Epidemic

When the COVID-19 pandemic hit the world in early 2020, school closure along with
lockdown was implemented immediately across the U.S., (and the world). However, during Fall
2020, academic institutions debated on 1) how to safely reopen campuses, and 2) what would the
impact of the reopening be on the epidemic. The compartmental model developed for a university
setting (presented in Chapter 5) allows us to address the first question, i.e., how to safely reopen
campuses and what levels of testing and vaccination resources (two key interventions) would be

required. The AB model developed to evaluate impact of school reopening (presented in Chapter



3) would address the second question, i.e., what would be the impact of region wide school
reopening on the epidemic outcomes.
1.1.3 Identifying Impact of Jurisdictional Mixing and Heterogeneity on National Epidemic
HIV/AIDS is a disease that is transmitted primarily by sexual interactions and injecting
drug use. In the U.S. HIV is national epidemic and several models have evaluated either nationally
aggregate model or individual level jurisdictional models. National level models are useful in
projecting epidemic outcomes over time and developing nation-wide policies, but they do not
consider the jurisdictional heterogeneity in population demographics and care, or the interactions
between jurisdictions. Similarly, individual models specific to each jurisdiction are evaluated
independently, which also ignore the interactions between jurisdictions. To address these gaps, a
national HIV model was developed that split the model into individual jurisdictions and simulated
mixing between these jurisdictions. Mixing of sexual partners across jurisdictions can have a
significant impact on new infections and decisions taken to mitigate the disease burden. However,
there are no models in literature that can evaluate mixing on a nation-wide level (especially for the
U.S.). The compartmental model for HIV (presented in Chapter 6) can assess both, the impact of
mixing, and changes to population demographics on an individual level for each jurisdiction on
the epidemic. The model can also estimate levels of interventions to meet targets for each
individual jurisdiction. This model can be replicated for other nations, or even evaluated to

represent global mixing for HIV or other disease where mixing plays a role in transmission.



Chapter 2: Impact Assessment of Full and Partial Stay-at-Home Orders, Face Mask
Usage, and Contact Tracing: An Agent-Based Simulation Study of COVID-19 for an
Urban Region

The complete article titled “Impact assessment of full and partial stay-at-home orders, face
mask usage, and contact tracing: An agent-based simulation study of COVID-19 for an urban
region” [3] (published in Global Epidemiology) can be found in Appendix C. This article presents
the framework for an agent-based model that simulates COVID-19 epidemic in an urban region in
the U.S. (Miami-Dade County). The simulation model is particularized for the region of study with
demographics obtained from U.S. census. The model closely follows the epidemic in the region of
study and implements several non-pharmaceutical interventions implemented in the U.S., such as
stay-at-home orders (or lockdowns), face mask usage, contact tracing, and phased reopening of
businesses and workplaces. The study assesses the impact of these interventions and derives useful
insights on how to significantly reduce the disease burden of the epidemic by implementing them.
2.1 Abstract

Social intervention strategies to mitigate COVID-19 are examined using an agent-based
simulation model. Outbreak in a large urban region, Miami-Dade County, Florida, USA is used as
a case study. Results are intended to serve as a planning guide for decision makers.
The simulation model mimics daily social mixing behavior of the susceptible and infected

generating the spread. Data representing demographics of the region, virus epidemiology, and



social interventions shapes model behavior. Results include daily values of infected, reported,
hospitalized, and dead.

Results show that early implementation of complete stay-at-home order is effective in
flattening and reversing the infection growth curve in a short period of time. Whereas, using
Florida's Phase II plan alone could result in 75% infected and end of pandemic via herd immunity.
Universal use of face masks reduced infected by 20%. A further reduction of 66% was achieved
by adding contact tracing with a target of identifying 50% of the asymptomatic and pre-
symptomatic.

In the absence of a vaccine, the strict stay-at-home order, though effective in curbing a
pandemic outbreak, leaves a large proportion of the population susceptible. Hence, there should
be a strong follow up plan of social distancing, use of face mask, contact tracing, testing, and
isolation of infected to minimize the chances of large-scale resurgence of the disease. However, as
the economic cost of the complete stay-at-home- order is very high, it can perhaps be used only as
an emergency first response, and the authorities should be prepared to activate a strong follow up
plan as soon as possible. The target level for contact tracing was shown to have a nonlinear impact
on the reduction of the percentage of population infected. Increase in contact tracing target from

20% to 30% appeared to provide the largest incremental benefit.



Chapter 3: Impact of School Reopening on Pandemic Spread: A Case Study Using an
Agent-Based Model for COVID-19

The complete article titled “Impact of school reopening on pandemic spread: A case study
using an agent-based model for COVID-19” [4] (published in Infectious Disease Modelling) can
be found in Appendix D. This article utilizes an agent-based model particularized to an urban
region in the U.S. (Miami-Dade County, FL), to assess the impact of school reopening on the
COVID-19 pandemic spread. The study performs a sensitivity analysis on two important factors
that impact pandemic spread within schools: levels of student return to campuses, and levels of
transmission probability. The study aims to assist policy makers in reopening schools in urban
regions and assess the impact of varying levels of return and transmission probability on the
pandemic outcomes of the region.
3.1 Abstract

This article examines the impact of partial/full reopening of school/college campuses on
the spread of a pandemic using COVID-19 as a case study. The study uses an agent-based
simulation model that replicates community spread in an urban region of U.S.A. via daily social
mixing of susceptible and infected individuals. Data representing population demographics,
SARS-CoV-2 epidemiology, and social interventions guides the model’s behavior, which is
calibrated and validated using data reported by the government. The model indicates a modest but
significant increase (8.15 %) in the total number of reported cases in the region for a complete
(100%) reopening compared to keeping schools and colleges fully virtual. For partial returns of

75% and 50%, the percent increases in the number of reported cases are shown to be small (2.87%
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and 1.26%, respectively) and statistically insignificant. The AB model also predicts that relaxing
the stringency of the school safety protocol for sanitizing, use of mask, social distancing, testing,
and quarantining and thus allowing the school transmission coefficient to double may result in a
small increase in the number of reported infected cases (2.14%). Hence for pandemic outbreaks
from viruses with similar characteristics as for SARS-CoV-2, keeping the schools and colleges
open with a modest campus safety protocol and in-person attendance below a certain threshold

may be advisable.



Chapter 4: Impact of Vaccine Prioritization Strategies on Mitigating COVID-19: An
Agent-Based Simulation Study Using an Urban Region in the United States

The complete article titled “Impact of Vaccine Prioritization Strategies on Mitigating
COVID-19: An Agent-Based Simulation Study using an Urban Region in the United States™ [5]
(submitted to BMC Medical Research Methodology) can be found in Appendix E. This article
utilizes an agent-based model particularized to an urban region in the U.S. (Miami-Dade County,
FL) and compares three vaccination prioritization strategies to evaluate which yields the most
beneficial outcomes during a pandemic. The study aims to aid policy makers around the world
(especially those belonging to urban regions) in identifying risk groups that need prioritizing
during limited vaccine supply.

4.1 Abstract

Approval of novel vaccines for COVID-19 had brought hope and expectations, but not
without additional challenges. One central challenge was understanding how to appropriately
prioritize the use of limited supply of vaccines. This study examined the efficacy of the various
vaccine prioritization strategies using the vaccination campaign underway in the U.S.

The study developed a granular agent-based simulation model for mimicking community
spread of COVID-19 under various social interventions including full and partial closures,
isolation and quarantine, use of face mask and contact tracing, and vaccination. The model was
populated with parameters of disease natural history, as well as demographic and societal data for
an urban community in the U.S. with 2.8 million residents. The model tracks daily numbers of

infected, hospitalized, and deaths for all census age-groups. The model was calibrated using
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parameters for viral transmission and level of community circulation of individuals. Published data
from the Florida COVID-19 dashboard was used to validate the model. Vaccination strategies were
compared using a hypothesis test for pairwise comparisons.

Three prioritization strategies were examined: a minor variant of CDC’s recommendation,
an age-stratified strategy, and a random strategy. The impact of vaccination was also contrasted
with a no vaccination scenario. The study showed that the campaign against COVID-19 in the U.S.
using vaccines developed by Pfizer/BioNTech and Moderna 1) reduced the cumulative number of
infections by 10% and 2) helped the pandemic to subside below a small threshold of 100 daily new
reported cases sooner by approximately a month when compared to no vaccination. A comparison
of the prioritization strategies showed no significant difference in their impacts on pandemic
mitigation.

Even though vaccines for COVID-19 were developed and approved much quicker than
ever before, their impact on pandemic mitigation was small as the explosive spread of the virus
had already infected a significant portion of the population, thus reducing the susceptible pool. A
notable observation from the study is that instead of adhering strictly to a sequential prioritizing
strategy, focus should perhaps be on distributing the vaccines among all eligible as quickly as
possible, after providing for the most vulnerable. As much of the population worldwide is yet to
be vaccinated, results from this study should aid public health decision makers in effectively

allocating their limited vaccine supplies.
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Chapter 5: Threshold Analyses on Combinations of Testing, Population Size, and Vaccine
Coverage for COVID-19 Control in a University Setting

The complete article titled “Threshold analyses on combinations of testing, population size,
and vaccine coverage for COVID-19 control in a university setting” [6] (published in PLOS One)
can be found in Appendix G. This article presents the framework for a compartmental SEIR-type
(Susceptible Exposed Infected Recovered/Removed) model that simulates the COVID-19
epidemic in a residential university setting in the U.S. (University of Massachusetts, Amherst,
MA). The simulation model is particularized for the university using demographics obtained from
census and literature. The study identifies threshold levels for combinations of testing
(symptomatic testing, tracing and testing, mass testing), contact rates, vaccine coverage, and
population sizes that can keep the epidemic in the university below certain levels of tolerance.
Threshold levels were evaluated for three tolerances (relaxed, medium, and tight). The study also
implemented varying coefficients of transmission and contact rates based on interventions (such
as social distancing and face mask usage). The study derives useful insights into preparedness for
residential campuses across the country when deciding to reopen amid a pandemic. It also provides
trade-offs to policy makers to decide what levels of resources might be required to create safe
reopening possible for students, faculty, and staff.
5.1 Abstract

We simulated epidemic projections of a potential COVID-19 outbreak in a residential
university population in the United States under varying combinations of asymptomatic tests (5%

to 33% per day), transmission rates (2.5% to 14%), and contact rates (1 to 25), to identify the
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contact rate threshold that, if exceeded, would lead to exponential growth in infections. Using this,
we extracted contact rate thresholds among non-essential workers, population size thresholds in
the absence of vaccines, and vaccine coverage thresholds. We further stream-lined our analyses to
transmission rates of 5 to 8%, to correspond to the reported levels of face-mask-use/physical-
distancing during the 2020 pandemic.

Our results suggest that, in the absence of vaccines, testing alone without reducing
population size would not be sufficient to control an outbreak. If the population size is lowered to
34% (or 44%) of the actual population size to maintain contact rates at 4 (or 7) among non-essential
workers, mass tests at 25% (or 33%) per day would help control an outbreak. With the availability
of vaccines, the campus can be kept at full population provided at least 95% are vaccinated. If
vaccines are partially available such that the coverage is lower than 95%, keeping at full population
would require asymptomatic testing, either mass tests at 25% per day if vaccine coverage is at 63-
79%, or mass tests at 33% per day if vaccine coverage is at 53-68%. If vaccine coverage is below
53%, to control an outbreak, in addition to mass tests at 33% per day, it would also require lowering
the population size to 90%, 75%, and 60%, if vaccine coverage is at 38-53%, 23-38%, and below
23%, respectively.

Threshold estimates from this study, interpolated over the range of transmission rates, can
collectively help inform campus level preparedness plans for adoption of face mask/physical-
distancing, testing, remote instructions, and personnel scheduling, during non-availability or

partial-availability of vaccines, in the event of SARS-Cov2-type disease outbreaks.
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Chapter 6: Evaluating the Sensitivity of Jurisdictional Heterogeneity and Mixing in
National-Level HIV Prevention Analyses: Context of the U.S. Ending the HIV Epidemic
Goal

6.1 Introduction

In the United States (U.S.), there were an estimated 1.18 million people living with HIV
(PWH) as of 2019, and an estimated average of 36,500 new infections each year between 2015
and 2019 [7]. Although HIV disease has no cure, consistent use of antiretroviral therapy treatment
(ART) by infected persons can fully suppress viral load, thus preventing transmissions [8]. Further,
pre-exposure prophylaxis (PrEP) for high-risk susceptible individuals can reduce HIV acquisition
by 99% [9]. However, there are considerable gaps in administering these preventive tools. As of
2019, nationally, 87% of PWH were aware of their infection(proportion aware), but only 66% of
those aware were on ART with viral load suppression (proportion with VLS) [10]. Among
susceptible persons with PrEP eligibility, only 23% were administered PrEP. In addition, there is
considerable heterogeneity in these care gaps by age, risk-group, and jurisdictions. Across
geographical jurisdictions in the U.S., the proportion aware ranged from 80% to 96%, the
proportion with VLS ranged from 49% to 83%, and PrEP coverage ranged from 6% to 93% [10].
Taking these jurisdictional disparities into consideration, the most recent U.S. national strategic
plan, Ending the HIV Epidemic (EHE), in addition to continuing the age and risk-group focused
efforts as in the previous national plan, also aims for jurisdictional focused efforts. Specifically,
the EHE plan first aims to reduce national incidence by 75% by 2025 by focusing prevention

efforts in 50 counties and 7 states (we will refer to these as the EHE jurisdictions), which had
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accounted for more than 50% of nationwide diagnoses in 2017, and secondly reduce incidence by
90% by 2030 by expanding prevention efforts to the rest of the nation (we will refer to these as the
non-EHE jurisdictions) [11]. The goal of the EHE plan is to reach care continuum targets of 95-
95-95 (i.e., 95% awareness among PWH, 95% linkage to care among those aware, and 95% VLS
among those aware) and PrEP target of 50% coverage among eligible, by 2025 in EHE
jurisdictions, and by 2030 in all jurisdictions nation-wide [12].

Mathematical models play a key role in evaluating alternative combination interventions
that are most-effective in achieving the EHE incidence goal. Recent literature includes multiple
jurisdiction-specific models [6—13] and national-level models [21,22] that have conducted
intervention analyses related to the U.S. EHE plan. The jurisdiction-specific models cover 6 EHE
jurisdictions (Atlanta, Baltimore, Los Angeles, Miami, New York, and Seattle), however, each
jurisdiction is evaluated independently, which ignores the interactions between jurisdictions. On
the other hand, the national-level models do not consider the jurisdictional heterogeneity in
population demographics and care, or the interactions between jurisdictions. In addition to the
jurisdictional heterogeneity in care noted above, data show considerable jurisdictional differences
in population size of men-who-have-sex-with-men (MSM) [23], who are a key high risk-group for
HIV. Data also show significant partnership mixing between persons of different jurisdictions [24—
27]. These data suggest that there is potential for strategies adopted in one jurisdiction to influence
the nation-wide HIV incidence. However, these interactions between heterogeneous jurisdictions
have not been studied, and thus, it is not clear if and to what extent it would alter the epidemic
projections or decisions inferred through independent jurisdiction-specific models or generalized

national-level models as those available in the current literature.
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To address these gaps in literature, we developed a national HIV epidemic compartmental
simulation model representative of the U.S. population and split into 96 jurisdictions. These
jurisdictions represent 54 EHE jurisdictions (47 counties and 7 states) and the remaining represent
42 non-EHE jurisdictions (all 42 are states) (Table H.1). We did not model 3 of the 50 EHE
counties and 1 non-EHE state due to data unavailability (see Table H.1). We simulated mixing
between jurisdictions using varying assumptions for the magnitude of partnership mixing, which
were informed by estimates from molecular network clusters that used nucleotide sequence data
of persons with recent diagnoses of HIV to infer jurisdictional mixing [27]. Within each
jurisdiction, the population was further split into risk-groups (HF, HM, and MSM) and age-groups
(individuals from ages 13 to 100).

We used the simulation model to evaluate the following: 1) the sensitivity of jurisdictional-
mixing and the sensitivity of jurisdictional heterogeneity in care (care-continuum and PrEP
coverage) on the national HIV incidence estimates; 2) the sensitivity of jurisdictional-mixing on
the projected national HIV incidence estimates when simulating the EHE plan, i.e., achieving the
95-95-95 care-continuum targets and 50% PrEP targets by 2025 in EHE-jurisdictions and by 2030
for all other jurisdictions; and 3) the sensitivity of jurisdictional-mixing on the intervention
decisions inferred through simulated estimates, such as HIV-testing and retention-in-care
necessary to achieve the EHE plan targets. These evaluations would help understand the
implications of modeling jurisdictions independently, specifically, potential differences in model
inferred decisions and corresponding incidence projections. Further, data for partnership mixing
between persons of different jurisdictions are limited. Mixing data is indirectly inferred from
molecular network clusters, which use nucleotide sequence data of persons with recent HIV

diagnoses to infer close transmissions by creating pairwise links between persons with closely
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related viral DNA sequence. Data from molecular network cluster analyses show that a significant
number of pairwise links were formed between persons of different geographical jurisdictions [27].
However, links formed through nucleotide sequencing do not necessarily indicate direct
transmissions. Therefore, the sensitivity analyses from this model can help inform future data
collection related to jurisdictional heterogeneity and mixing, and subsequent model development.
A model that can evaluate the national epidemic as a whole, with geographical heterogeneity in
population demographics, HIV epidemic, and interventions, would help identify what jurisdiction-
specific strategies to adopt, such as how often to test, what should be the aim for retention-in-care,
and what should be the target for PrEP coverage to achieve the intended goals of the EHE.
6.2 Methods
6.2.1 Compartmental Model

We developed a compartmental simulation model of HIV stratified into three sexual risk-
groups (HF, HM, MSM), eighty-eight age groups (individual ages from 13 to 100), four care
continuum stages (Unaware, Aware no ART, ART no VLS, ART VLS), and five disease
progression stages (Acute, CD4 > 500, CD4 350-500, CD4 200-350, CD4 <200). The flow
diagram for care continuum and disease stage progression can be seen in Figure 6.1. We only
simulated sexually transmitted cases of HIV and did not model injecting drug use. We developed
two models, an aggregate National-Model, i.e., without geographical split (resulting in a total of 3
X 88 X 4 X 5 compartments), and a Jurisdictional-Model where the national population was further
split into 96 geographical jurisdictions (resulting in a total of 3 X 88 X 4 X 5 X 96 compartments)

as follows:
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6.2.1.1 National-Model

The main purpose of the National-Model was, first, for calibration of sexual behavioral
parameters specific to risk-group and age-group, for which data was more widely available at the
national level, and second, as a comparison against the Jurisdictional-Model to evaluate the
sensitivity of jurisdictional heterogeneity and mixing. We briefly discuss the model here and
present the data used for model calibration in the Appendix H. We initialized the National-Model
to the 2011 HIV epidemic, using data from the National HIV Surveillance System (NHSS) to
distribute the population into the different compartments, and simulated the model for the period
2011 to 2018. We simulated using differential equations as typically done in compartmental
modeling (see Appendix J).

For the rates of transitioning across disease stages (acute, and CD4-count stages) we used
data from the literature (see Table H.2). For simulating the transitioning between the care
continuum stages, we used data from literature for rate of achieving VLS when on ART and for
rate of re-entry-to-care after dropping out, and data from the NHSS for the proportion linkage to
care at diagnosis (see Table H.2).

The remaining two care continuum transition parameters, i.e., rates of HIV-diagnosis and
care-drop-out, are dependent on testing and retention-in-care interventions, which are likely to
change over time. Thus, we estimated these rates in the simulation by fitting to the annual NHSS
data on care continuum distributions (see Appendix K).

We estimated incidence using a Bernoulli transmission equation (see Appendix L), using
data related to behavior, transmission risk due to infected PWH in varying care continuum and
disease stages, and coverage of PrEP for susceptible population. For behavioral data, we used

information from the literature for age-group and risk-group specific mixing, number of partners,
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number and type of acts per partner, and condom use and effectiveness (see Tables H.8, H.9, H.10,
and H.11). We used simulated data for proportion of infected in care continuum and disease stage,
along with NHSS data for PrEP coverage among susceptible persons. Note, PrEP coverage was
simulated for only 2017 and 2018 as PrEP was only recently initiated in the U.S., and data were
available for only this period. We used literature data for transmission risk associated with care
continuum and disease stages, and PrEP coverage. Using the data ranges from the literature, we
calibrated the per act probability of transmission, age-group mixing, and average number of sexual
acts per partner by fitting simulated incidence to the surveillance estimates of incidence over the
period 2011 to 2018.

6.2.1.2 Jurisdictional-Model

In this model, we further split the population into 96 jurisdictions using census data [28]
for the overall population sizes, NHSS data for HIV population by age and risk-groups [29], and
estimates from the literature for the proportion of MSM among adult males, [23] using jurisdiction-
specific data when available. We did not model jurisdictions that did not have prevalence data, i.e.,
where data was either unavailable or suppressed (see Table H.1 for the list of jurisdictions modeled
and excluded).

For the rates of transitioning across disease stages (acute, and CD4-count stages) we used
the same literature data as in the National-Model. For simulating the transitioning between the care
continuum stages, we used the same data as that in the National-Model for the rate of achieving
VLS when on ART and re-entry-to-care after dropping out (see Table H.2).

The remaining two care continuum transition parameters, i.e., rates of HIV-diagnosis and
care-drop-out, are related to testing and retention-in-care interventions, and thus, likely to vary

across jurisdictions and over time. Thus, we evaluated multiple scenarios to test the sensitivity of
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jurisdictional variations. We evaluated scenarios that applied the same rates estimated by the
National-Model to every jurisdiction. We also evaluated scenarios that estimated rates by fitting
to jurisdiction-specific NHSS data on care continuum distributions. These scenarios are described
in more detail under section Scenarios Modeled.

As HIV surveillance data by jurisdiction were only available for 2017, 2018, and 2019 at
the time of this study, we initialized the Jurisdiction-Model to 2017. Further, as data for care
continuum distributions specific to risk-group and for each jurisdiction were not available, we
assumed that the ratio of risk-group specific metric to overall population metric observed at the
national-level would be the same as the ratio at the jurisdictional-level. Specifically, we applied
this simplified assumption to two metrics within each jurisdiction, proportion aware and proportion
with ART VLS. We normalized the values to ensure the sum of the proportions across all care
continuum stages (Unaware, Aware no ART, ART no VLS, ART VLS) is equal to 1 for each
jurisdiction. These modified care continuum distributions were used in estimation of rates for HIV-
diagnosis and care-drop-out specific to risk-group and jurisdiction.

We estimated incidence rates using a Bernoulli transmission equation, using the same
behavioral data (including the calibrated values) as in the National-Model for every jurisdiction,
except that we also modeled interactions between jurisdictions by using a jurisdictional-mixing
matrix, and used jurisdiction-specific simulated data for disease and care continuum stage among
infected persons. We evaluated the sensitivity of jurisdictional variations in access to PrEP by
implementing scenarios that used the national PrEP coverage for every jurisdiction and
jurisdiction-specific PrEP coverage. To test the sensitivity of jurisdictional-mixing, we evaluated

scenarios with varying levels of mixing, using data from molecular cluster analyses studies that
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used nucleotide sequence data to infer transmission clusters between people [27]. We discuss these
scenarios under section Scenarios Modeled.
6.3 Scenarios Modeled

We used the Jurisdictional-Model to simulate the HIV epidemic for the period 2018 to
2030. The time-unit in the model was monthly. We evaluated 16 scenarios to analyze the
sensitivity of jurisdictional heterogeneity in care continuum and the sensitivity of jurisdictional
mixing. Details of each scenario are discussed below and summarized in Table 6.1, and their broad
differences are as follows. Scenarios 1 to 8 assumed homogeneity in care across jurisdictions by
using national-level estimates for HIV-diagnosis rate, care-drop-out rate, and PrEP coverage for
every jurisdiction, and homogeneity in risk-group distribution by assuming national-level
estimates for the proportion of the population who are MSM. While scenarios 9 to 16 assumed
heterogeneity in care across jurisdictions by using jurisdiction-specific HIV-diagnosis rate, care-
drop-out rate, and PrEP coverage, and heterogeneity in risk-group distribution by assuming
jurisdiction-specific estimates for proportion MSM. Scenarios 1 to 4 and 9 to 12 assumed
continuation of status-quo interventions by using baseline year (2018) estimates for HIV-diagnosis
rate, care-drop-out rate, and PrEP coverage, and keeping it constant over the period 2019 to 2030.
Scenarios 5 to 8 and 13 to 16 modeled the EHE plan by using time-varying values for HIV-
diagnosis rate, care-drop-out rate, and PrEP coverage, estimated to reach the EHE targets (95-95-
95 care targets and 50% PrEP coverage among eligible) by 2025 for EHE and by 2030 for non-
EHE jurisdictions (see Appendix K). Scenarios 1, 5, 9, and 13 assumed no mixing between
jurisdictions, Scenarios 2, 6, 10, and 14 assumed lower levels of mixing between jurisdictions
within the same state (Level-1-mixing), Scenarios 3, 7, 11, and 15 assumed higher levels of mixing

between jurisdictions within the same state (Level-2-mixing), and Scenarios 4, 8, 12, and 16
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assumed higher levels of mixing between jurisdictions within and outside the same state (Level-
3-mixing).
6.3.1 Jurisdictional Mixing Assumptions

As noted above, we evaluated no-mixing and three types of mixing scenarios. Though data
for mixing between jurisdictions are not available, data from molecular analyses studies, which
creates pairwise links between persons with closely related viral DNA sequence, provides a
reference point. One study showed that, about 47% to 65% of links were between persons of same
county, about 78% to 88% between persons of same state, and the remaining between persons of
different states [27] (summarized in Table 6.1). The range corresponds to the differences across
risk groups. Because links do not represent direct transmissions, they do not represent partnership
links. As the results from the above levels of mixing were sensitive to model outputs, to further
test the sensitivity we evaluated a scenario with higher values of mixing within county, 85% to
90%, which would represent a scenario with low levels of outside mixing.
6.3.1.1 No Mix (Scenarios 1, 5, 9, and 13 in Table 6.1)

For these scenarios we assumed partnership mixing was 100% within jurisdiction, and 0%
outside jurisdiction.
6.3.1.2 Level-1-Mixing (Scenarios 2, 6, 10, and 14 in Table 6.1)

For these scenarios we assumed persons in a jurisdiction could have partnerships with
persons in other jurisdictions within the same state but not with persons in other states. If the
jurisdiction modeled is an EHE county or a non-EHE state with EHE counties within it, we used
the following for proportion mixing-within-jurisdiction: 90% for HM and HF, and 85% for MSM
and used 1 minus mixing-within-jurisdiction for the proportion mixing with the rest of the

jurisdictions within the state. If there were multiple EHE counties within a state, we split the value
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(1 minus mixing-within-jurisdiction) equally between the other EHE jurisdictions and the rest of
the state. If the jurisdiction modeled is a state with no EHE counties within it, we assumed 100%
mix within their state.

6.3.1.3 Level-2-Mixing (Scenarios 3, 7, 11, and 15 in Table 6.1)

For these scenarios, as above, we assumed persons in a jurisdiction could have partnerships
with persons in other jurisdictions within the same state but not with persons in other states, but
assumed higher levels of outside mixing. If the jurisdiction modeled is an EHE county or a non-
EHE state with EHE counties within it, we used the following data from [27] for the proportion
mixing-within-jurisdiction: 57% for HM, 65% for HF, and 47% for MSM and used 1 minus
mixing-within-jurisdiction for the proportion mixing with the rest of the jurisdictions within the
state. If there were multiple EHE counties within a state, we split the value (1 minus mixing-
within-jurisdiction) equally between the other EHE jurisdictions and the rest of the state. If the
jurisdiction modeled is a state with no EHE counties within it, we assumed 100% mix within their
state.
6.3.1.4 Level-3-Mixing (Scenarios 4, 8, 12, and 16 in Table 6.1)

For these scenarios we assumed persons in a jurisdiction could have partnership with
persons in any jurisdiction. If the jurisdiction modeled is an EHE county or a non-EHE state with
EHE counties within it, we used the following data from [27] for the proportion mixing-within-
jurisdiction: 57% for HM, 65% for HF, and 47% for MSM. We used mixing-within-state minus
mixing-within-jurisdiction data for the proportion mixing within state but outside their own
jurisdiction (28% for HM, 23% for HF, and 31% for MSM), and distributed it equally among the
jurisdictions within state. We used 1 minus mixing-within-state for mixing-outside-state and

distributed it across all other states weighing by distance to the state. If the jurisdiction modeled is
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a state without EHE counties within, we used mixing-within-state data from [27] for mixing within
jurisdiction and distributed the remaining across all other states weighting by the distance to that
state. We used the Euclidean distance between the geographical co-ordinates (latitude and
longitude) of two states as a proxy for the distance between jurisdictions.

6.3.2 Evaluating Sensitivity of Jurisdictional Mixing Keeping Homogeneity in Care

We used the Jurisdictional-Model to evaluate the sensitivity of jurisdictional mixing when
keeping interventions at status-quo, i.e., HIV-diagnosis rate, care-drop-out rate, and PrEP coverage
constant over the period 2018 to 2030 at 2018 baseline values (Scenarios 1, 2, 3, and 4), and when
scaling-up interventions over time to meet the 95-95-95 care and 50% PrEP targets (Scenarios 5,
6, 7, and 8). In these scenarios, we initialized the care continuum distribution of each jurisdiction
to be equal to the national level for year 2017 year-end. This is explained in more detail below.
6.3.2.1 Baseline National (Homogeneity in Care Across Jurisdictions) (Scenarios 1, 2, 3, and 4
in Table 6.1)

In these scenarios, we used the baseline estimates derived by the National-model for rates
of HIV-diagnosis and care-drop-out, fitted to the national care continuum distribution in 2018. We
kept these rates constant for the following years (i.e., 2019 to 2030) for all jurisdictions. We also
kept PrEP-coverage constant at 2018 national level for all years and all jurisdictions. While we
used jurisdiction-specific data for PWH in each risk group, we assumed that the proportion of the
population who are MSM is the same for every jurisdiction and used national-level estimates from

[23].
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6.3.2.2 EHE National (Homogeneity in Care Across Jurisdictions) (Scenarios 5, 6, 7, and 8 in
Table 6.1)

In these scenarios, we used national-level estimates for the scale-up in interventions (HIV-
diagnosis rate, care-drop-out rate, and PrEP coverage) to meet the EHE targets. Specifically, we
used the National-Model to estimate the HIV-diagnosis rate, care-drop-out rate, and PrEP coverage
necessary to linearly scale-up care continuum proportions and PrEP coverage from its national
baseline values in year 2018 to the EHE targets. For EHE jurisdictions, the interventions were
linearly scaled- over the period 2019 to 2025 and kept constant thereafter, and for the non-EHE
jurisdictions, the values were kept constant for the period 2018 to 2025 and linearly scaled-up over
the period 2026 to 2030. To recollect, the EHE targets were 95-95-95 for the care continuum and
50% for PrEP coverage among those eligible. In the U.S., PrEP eligibility is based on specific
indicators, such as a person’s risk factor for acquiring HIV and recency in sexually transmitted
infection [30]. In the model, we do not simulate these PrEP indicators, thus, we use the reported
numbers for persons with prescribed PrEP among those eligible to determine the percentage of
susceptible population who are eligible and take 50% of that percentage as the EHE target for PrEP
coverage. Thus, a 50% coverage among those eligible would approximately be equal to 15%
coverage among susceptible.

6.3.3 Evaluating Sensitivity of Jurisdictional Mixing and Jurisdictional Heterogeneity in Care

We used the Jurisdictional-Model to evaluate the sensitivity of jurisdictional heterogeneity
in care when keeping HIV-diagnosis rate, care-drop-out rate, and PrEP coverage constant over the
period 2018 to 2030 (Scenarios 9, 10, 11, and 12), and when scaling-up over time to meet the 95-
95-95 targets (Scenarios 13, 14, 15, and 16). Contrary to the case above (Scenarios 1 to 8), here

we initialized the model to jurisdiction-specific care data for 2017 year-end and estimated
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jurisdiction-specific HIV-diagnosis rates, care-drop-out rates, and PrEP-coverage for the period
2019 to 2030. This is explained in more detail below.

6.3.3.1 Baseline Jurisdiction-Specific (Heterogeneity in Care Across Jurisdictions) (Scenarios 9,
10, 11, and 12 in Table 6.1)

In these scenarios, we used the jurisdiction-specific estimates for HIV-diagnosis rate, care-
drop-out rate, and PrEP coverage. We derived jurisdiction-specific HIV-diagnosis rate and care-
drop-out rate in the Jurisdictional-Model by using the 2018 jurisdiction-specific care continuum
distributions, and kept it constant for the period 2019 to 2030. We also used 2018 jurisdiction-
specific estimates of PrEP coverage and kept it constant for the period 2019 to 2030.
6.3.3.2 EHE Jurisdiction-Specific (Heterogeneity in Care Across Jurisdictions) (Scenarios 13, 14,
15, and 16 in Table 6.1)

In these scenarios, we used jurisdiction-specific estimates for the scale-up in interventions
(HIV-diagnosis rate, care-drop-out rate, and PrEP coverage) to meet the EHE targets. Specifically,
we used the Jurisdictional-Model to estimate jurisdiction-specific HIV-diagnosis rate, care-drop-
out rate, and PrEP coverage necessary to linearly scale-up care continuum proportions and PrEP
coverage from its jurisdiction-specific baseline values in year 2018 to the EHE targets. For EHE
jurisdictions, the interventions were linearly scaled- over the period 2019 to 2025 and kept constant
thereafter, and for the non-EHE jurisdictions, the values were kept constant for the period 2019 to
2025 and linearly scaled-up over the period 2026 to 2030. To recollect, the EHE targets were 95-
95-95 for the care continuum and 50% for PrEP coverage among those eligible. PrEP eligibility

was determined in the same manner as described above for EHE national scenarios.
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6.4 Model Verification and Output Metrics

As the sexual behavioral parameters in the National-Model were calibrated to the national
incidence between 2011 and 2018, and because these parameters were then used in the
Jurisdictional-Model, we first verified that the annual risk-group specific incidence simulated by
the National-Model compares well with NHSS estimates for years 2011 to 2018 (Figure 6.2).
Results suggest overall good fit to NHSS incidence for all three risk-groups.

For each of the 16 scenarios simulated in the Jurisdictional-Model, for each jurisdiction,
we extract the following metrics for the period 2018 to 2030: incidence, prevalence, HIV-testing
interval (using the inverse of the HIV-diagnosis rate as proxy), and retention-in-care rates (using
1 minus the care-drop-out rate as proxy). HIV testing intervals and retention-in-care rates serve as
decision metrics to inform HIV testing and retention-in-care intervention programs, and incidence
and prevalence projections serve as expected outcomes from implementing those decisions. We
compare these metrics across the 16 scenarios to infer the sensitivity of model outputs to
jurisdictional mixing and jurisdictional heterogeneity in care.

6.5 Results

While the risk-specific incidence estimates from the National-Model were within the range
of NHSS estimates (as mentioned in Model Verification), the incidence estimates from the
Jurisdictional-Model were not always within the range (Figure 6.2), which is expected as the
mixing assumptions were national aggregated estimates and the jurisdictional model excluded
some counties and states due to data unavailability. However, the magnitude of the estimates are
close to the ranges, providing verification that the Jurisdictional-Model, which simulated local
HIV epidemics in 96 jurisdictions can collectively generate results close to the overall national

estimates.
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For years 2018 and 2019, risk-specific incidence estimates simulated by the Jurisdictional-
Model were sensitive to jurisdictional mixing (see Figure 6.2) (comparing no-mix Scenarios 1, 5,
9 and 13, with Level-1-mixing Scenarios 2, 6, 10, and 14, Level-2-mixing Scenarios 3, 7, 11, and
15, and Level-3-mixing Scenarios 4, 8, 12, and 16). Keeping care metrics (HIV-diagnosis rate,
care-drop-out rate, and PrEP coverage) fixed at the 2018 baseline values, incidence projections for
the period 2020 to 2030 were sensitive to jurisdictional mixing, both when assuming jurisdictional
homogeneity in care (Scenario 1 compared to 2, 3 and 4) and jurisdictional heterogeneity in care
(Scenario 9 compared to 10, 11, and 12) (Figure 6.2). Similar observations can be made for time
varying estimates of overall incidence (Figure 6.3, Table 6.2). Although overall estimates of
incidence were sensitive to jurisdictional mixing, the differences in incidence were much lower
with jurisdictional heterogeneity in care, i.e., differences between Scenarios 9, 10, 11, and 12 were
lower than differences between Scenarios 1, 2, 3, and 4. Compared to Scenario 9, the overall
incidence in Scenarios 10, 11, and 12 changed by 2 to 2%, 7 to 5%, and 8 to 9%, respectively, the
range corresponding to years 2018 to 2030 (Table 6.2), whereas, compared to Scenario 1, the
overall incidence in Scenarios 2, 3, and 4 changed by 7 to 11%, 24 to 22%, and 24 to 26%,
respectively (Table 6.2). In scenarios that scaled-up care metrics to meet EHE targets, differences
in incidence were identical in year 2018, i.e., differences between Scenarios 5 to 8 (jurisdictional
homogeneity) were identical to differences between Scenarios 1 to 4, and differences between
Scenarios 13 to 16 (jurisdictional heterogeneity) were identical to difference between Scenarios 9
to 12, which is as expected as they start with the same baseline in 2018 (Table 6.3). However, as
incidence significantly decreased over the period 2019 to 2030 because of scale-up of care, the
differences between Scenarios 5 to 8, and differences between Scenarios 9 to 12 diminished

(Figure 6.3 Table 6.3).
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The differences in incidence estimates between no mixing and different levels of mixing
assumptions observed in Figures 6.2 and 6.3 predominantly resulted from the non-EHE
jurisdictions (see Figure 6.4, and are summarized in Tables 6.2 and 6.3). When assuming
jurisdictional homogeneity in care, compared to no-mixing Scenario 1, incidence in Scenarios 2,
3, and 4 changed by 19 to 28%, 67 to 55%, and 60 to 60%, respectively, for non-EHE jurisdictions,
whereas, it changed by -3 to -4%, -10 to -8%, and -5 to -4%, respectively, for EHE jurisdictions
(Table 6.2), the range corresponding to years 2018 to 2030. Similarly, when assuming
jurisdictional heterogeneity in care, compared to no-mixing Scenario 9, incidence in Scenarios 10,
11, and 12 changed by 15 to 7%, 18 to 15%, and 19 to 21%, respectively, for non-EHE
jurisdictions, whereas, it changed by -1 to -1%, -2 to -2%, and 0 to 0%, respectively, for EHE
jurisdictions (Table 6.2). As with overall incidence, differences in incidence split by EHE and non-
EHE jurisdictions between Scenarios 5 to 8 were identical to differences between Scenarios 1 to
4, and differences between Scenarios 13 to 16 were identical to difference between Scenarios 9 to
12, which is as expected as they start with the same baseline in 2018 (Table 6.3).

In baseline year, 2018, though differences in incidence between mixing assumptions were
minimal in most cases (overall or split by EHE and non-EHE) when assuming heterogeneity in
care, i.e., between Scenarios 9 to 12 (Table 6.2), or between Scenarios 13 to 16 (Table 6.3), the
differences at the individual jurisdictions varied over a wide range. Taking differences in incidence
within each jurisdiction, compared to Scenario 13, incidence in Scenarios 14, 15, and 16 changed
by -9% to 30%, -31% to 109%, and -27% to 94%, respectively, the range corresponds to data
across individual jurisdictions (Table 6.4). Further, taking only EHE jurisdictions, compared to
Scenario 13, incidence in Scenarios 14, 15, and 16, changed by -9% to 11%, -31% to 39%, and -

27% to 46%, respectively (see Figure 6.5.a, Table 6.4). Considering only non-EHE jurisdictions,
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compared to Scenario 13, incidence in Scenarios 14, 15, and 16, changed by -5% to 30%, -18% to
109%, and -11% to 94%, respectively (see Figure 6.5.b, Table 6.4). Differences in incidence for
Scenario 13 compared to Scenario 14, 15, and 16, for EHE and non-EHE jurisdictions specific to
risk groups are presented in Figures I.1.a and I.1.b for HM, Figures 1.2.a and 1.2.b for HF, and
Figures 1.3.a and 1.3.b for MSM in Appendix L.

A consequence of the differences in the baseline jurisdictional-level incidence estimates is
that the jurisdiction-level decisions inferred from the model would vary based on our mixing
assumptions. We evaluate % change in testing interval across different mixing assumptions
compared to the no-mixing scenario for risk group MSM (see Figures 6.6.a and 6.6.b, and Table
6.5). We grouped the testing interval into two cohorts: interval <2 years, and interval between 2-4
years.

In year 2022 (mid-intervention for EHE jurisdictions), when testing interval for no-mixing
(Scenario 13) was < 2 years, interval for Scenario 14 was between 14% lower and 9% higher,
Scenario 15 was between 32% lower and 25% higher, and Scenario 16 was between 35% lower
and 20% higher. When testing interval for no-mixing (Scenario 13) was 2-4 years, interval for
Scenario 14 was between 9% lower and 10% higher, Scenario 15 was between 23% lower and
36% higher, and Scenario 16 was between 20% lower and 34% higher.

In year 2025 (year reaching target for EHE jurisdictions), when testing interval for no-
mixing (Scenario 13) was < 2 years, interval for Scenario 14 was between 23% lower and 5%
higher, Scenario 15 was between 44% lower and 13% higher, and Scenario 16 was between 45%
lower and 12% higher. When testing interval for no-mixing (Scenario 13) was 2-4 years, interval
for Scenario 14 was between 2% higher and 10% higher, Scenario 15 was between 4% higher and

34% higher, and Scenario 16 was between 6% higher and 30% higher. The levels of HIV-testing
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interval for HM are presented in Figures 1.4.a (for EHE) and 1.4.b (for non-EHE) and for HF are
presented in Figures 1.5.a (for EHE) and 1.5.b (for non-EHE).

In year 2028 (mid-intervention for non-EHE jurisdictions), when testing interval for no-
mixing (Scenario 13) was <2 years, interval for Scenario 14 was between 2% lower and 15%
higher, Scenario 15 was between 0% lower and 53% higher, and Scenario 16 was between 16%
lower and 48% higher. When testing interval for no-mixing (Scenario 13) was 2-4 years, interval
for Scenario 14 was between 10% higher and 15% higher, Scenario 15 was between 34% higher
and 60% higher, and Scenario 16 was between 36% higher and 37% higher.

In year 2030 (year reaching target for non-EHE jurisdictions), when testing interval for no-
mixing (Scenario 13) was < 2 years, interval for Scenario 14 was between 4% lower and 13%
higher, Scenario 15 was between 7% lower and 50% higher, and Scenario 16 was between 14%
lower and 37% higher. Testing interval for no-mixing (Scenario 13) did not exceed 2 years for
non-EHE jurisdictions. These differences show us that on an individual jurisdictional level, across
mixing assumptions, there could be significant change in both outcomes (such as incidence) and
future decisions (such as testing interval).

The estimated levels of retention-in-care were similar across all scenarios, and high, likely
because of the high rates necessary to achieve the care continuum targets (Figures 1.6.a and 1.6.b
for HM, Figures 1.7.a and 1.7.b for HF, and Figures 1.8.a and 1.8.b for MSM).

Comparing the estimates for overall reduction in incidence between EHE target scenarios
and baselines scenarios within each mixing and care-continuum assumption, the differences were
similar except for non-EHE jurisdictions (Table 6.6). While the expected incidence reduction in
no-mixing assumption was 5% when assuming jurisdictional homogeneity in care (and 9% when

assuming jurisdictional heterogeneity in care), the incidence reductions in level-1 mixing was 14%
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(and 15%), level-2 mixing was 24% (and 24%), and level-3 mixing was 23% (and 25%) (Table
6.6).

We also compare prevalence (number of PWH) estimates from the Jurisdictional-Model
for years 2018 and 2019 with the surveillance (NHSS) estimates in Figure 6.7. For the surveillance
estimates, we plot both national estimates (‘NHSS-National’) for years 2017-2019 and sum of the
96 jurisdictions for 2017 (‘NHSS-Sum of jurisdictions’). The ‘NHSS-Sum of jurisdictions’ were
lower than the ‘NHSS-National’ estimates because of data suppression or unavailability in some
jurisdictions. Simulated estimates of prevalence match close to the surveillance estimates for years
2017 to 2019, however, similar to the differences in incidence as seen in Figure 6.2, the projected
estimates for years 2020 to 2030 are sensitive to jurisdictional mixing (no-mixing Scenarios 1, 5,
9 and 13, compared to mixing, i.e., Level-1-mixing Scenarios 2, 6, 10, and 14, Level-2-mixing
Scenarios 3, 7, 11, and 15, and Level-3-mixing Scenarios 4, 8, 12, and 16). Simulated prevalence
estimates were also sensitive to jurisdictional heterogeneity in care parameters (Scenarios 1 to 8,
compared to Scenarios 9 to 16). Projections of PWH estimates for EHE and non-EHE jurisdictions
are presented in Figure 1.9 in Appendix I. Non-EHE jurisdictions have lower PWH than EHE
jurisdictions for all scenarios. When considering national estimates of care metrics (Scenarios 1-
8) projections of PWH for non-EHE jurisdictions are sensitive to mixing assumptions, while EHE
jurisdictions are not significantly different. When considering jurisdiction-specific estimates of
care metrics (Scenarios 9-16) projections of PWH for non-EHE jurisdictions are sensitive to
mixing assumptions, while EHE jurisdictions are not significantly different for scenarios that fixed
care metrics at baseline level (2018) (Scenarios 9-12). For scenarios that scaled-up care metrics to
reach 95-95-95 targets (Scenarios 13-16), both, EHE and non-EHE jurisdictions do not see

significant differences in PWH projections for mixing assumptions.
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6.6 Conclusions

In this study, we developed a compartmental model to project the national HIV epidemic
in the U.S. We first developed a National-Model, which calibrated risk-group and age-group
specific sexual behavioral parameters at the national level for years 2011-2018. The national model
was not split into individual jurisdictions. We then developed a Jurisdictional-Model, which split
the population into 96 jurisdictions and simulated the national HIV epidemic in the U.S. from
2018-2030. The purpose of the Jurisdictional-Model was to evaluate the sensitivity of
jurisdictional-mixing and the sensitivity of jurisdictional heterogeneity in care (care-continuum
distributions and PrEP coverage) on national HIV incidence estimates, PWH estimates, evaluate
the sensitivity of jurisdictional-mixing on the projected national HIV incidence estimates when
simulating the EHE plan, , and evaluate the sensitivity of jurisdictional-mixing on the simulated
estimates of HIV-testing interval and retention-in-care rates necessary to achieve the targets in the
EHE plan.

We believe this is the first model that simulates the U.S. national HIV epidemic through
simulating interacting individual sub-geographical jurisdictions. Our results suggest that incidence
and PWH estimates are sensitive to jurisdictional-mixing assumptions and heterogeneity in care
metrics, more so in earlier years when incidence was high and intervention was low. Intervention
implemented as scaled-up care metrics to reach targets minimize the differences in mixing
assumptions over time. However, decisions related to HIV-testing inferred from the model are
sensitive to jurisdictional-mixing assumptions and heterogeneity in care metrics. As the level of
partnership-mixing between jurisdictions increases, the differences increased. Another important
observation from our study is that individual level differences in mixing may be significantly

different for each jurisdiction. These results suggest that when modeling jurisdictions
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independently, understanding the magnitude and accounting for the mixing outside jurisdiction
could lead to better decisions.

Our model has limitations. Our model only simulates sexual partnership and does not
model transmission due to injecting drug use, which are a high-risk demographic for HIV.
Assumptions of mixing and jurisdiction-specific care continuum bear a significant impact on
incidence and prevalence estimates; thus, our model is currently limited to be used as a tool to
evaluate trends of decisions. With more accurate data related to mixing and care continuum
proportions specific to each jurisdiction, the model can be further improvised to project incidence
and prevalence estimates for each jurisdiction and make informed real-time decisions about care
metrics. We assumed no change in behavioral, demographic, and disease transmission factors over
time. Thus, the incidence estimates are sensitive to changes in these factors.

In summary, our results show that the aggregated national incidence estimates in 2030 with
the implementation of the EHE plan, were not sensitive to jurisdictional mixing when assuming
jurisdictional heterogeneity in care ,however, within each jurisdiction, incidence were significantly
sensitive to mixing. The consequences of this were that the decisions inferred from the model to
reach the EHE goal were sensitive to jurisdictional mixing and jurisdictional heterogeneity in care.
The estimates for overall reductions in incidence between continuing status-quo versus
implementing EHE plan were also sensitive to jurisdictional mixing assumptions but were not

sensitive to assumptions on heterogeneity in care.
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Table 6.1

Scenarios simulated using the jurisdictional model

Scena | Scenario | Mixing datal Care data (rates of HIV-diagnosis,
rio no. | Name care-drop-out, and level of PrEP
(mixing coverage)
data; care
data)
EHE jurisdictions | non-EHE
jurisdictions
TO EVALUATE THE IMAPCT OF MIXING
[1] No- No National estimates | National estimates
mixing; kept constant, at kept constant, at
Baseline 2018 national 2018 national
national values, for all values, for all
jurisdictions and for | jurisdictions and for
all years all years
[2] Level-1- . M || National estimates | National estimates
Mixing; Risk | H HF | S kept constant, at kept constant, at
Baseline || 87" | M M || 2018 national 2018 national
national Same | 90 90% 85 || values, for all values, for all
Jjuri % ® 1% || jurisdictions and for | jurisdictions and for
Other all years all years
Juri 10 o 15
same | % 10% %
State
Other 0 0 0
States
[3] Level-2- . M || National estimates | National estimates
mixing; Risk | H HF | S kept constant, at kept constant, at
Baseline || 87" | M M || 2018 national 2018 national
national Same | 57 65% 47 || values, for all values, for all
Jjuri % ® 1% || jurisdictions and for | jurisdictions and for
Other all years all years
Juri 43 o 53
same | % 35% %
State
Other 0 0 0
States
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Table 6.1 (Continued)

[4] Level-3- . M || National estimates | National estimates
mixing; Risk | H HF | S kept constant, at kept constant, at
Baseline group | M M || 2018 national 2018 national
national Same | 57 65% 47 || values, for all values, for all

Juri % ® 1% || jurisdictions and for | jurisdictions and for
Other all years all years

Juri 28 o 31

same | % 23% %

State

Other | 14 o, |22

states | % 12% %

[5] No- No National estimates | National estimates
mixing; calibrated to kept constant at
EHE nationally achieve | 2018 national
national EHE targets (95- values until 2025,

95-95) by 2025, and thereafter,

and kept constant at | calibrated to

2025 value nationally achieve

thereafter EHE targets (95-95-
95) by 2030

[6] Level-1- . M || National estimates | National estimates
mixing; Risk | H HF | S calibrated to kept constant at
EHE group | M M | | nationally achieve | 2018 national
national Same | 90 90% 85 | | EHE targets (95- values until 2025,

Juri | % ® 19% ||95-95) by 2025, and thereafter,
Other and kept constant at | calibrated to

Juri 10 10% 15 2025 value nationally achieve
same | % A thereafter EHE targets (95-95-
state 95) by 2030

Other 0 0 0

states

[7] Level-2- . M || National estimates | National estimates
mixing; Risk | H HF |S calibrated to kept constant at
EHE group | M M | | nationally achieve | 2018 national
national Same | 57 65% 47 | | EHE targets (95- values until 2025,

Juri | % ® 1% |]95-95) by 2025, and thereafter,
Other and kept constant at | calibrated to

Juri 43 359 53 || 2025 value nationally achieve
same | % ° 1oy thereafter EHE targets (95-95-
state 95) by 2030

Other 0 0 0

states
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Table 6.1 (Continued)
[8] Level-3- . M | | National estimates | National estimates
. . Risk | H .

mixing; M HF |S calibrated to kept constant at

EHE sroup M || nationally achieve | 2018 national

national Same | 57 65% 47 || EHE targets (95- values until 2025,
Juri | % ° 1% || 95-95) by 2025, and thereafter,
Other and kept constant at | calibrated to
juri 28 30 31 || 2025 value nationally achieve
same | % ° 1oy thereafter EHE targets (95-95-
state 95) by 2030
Other | 14 o, |22
states | % 12% %

TO EVALUATE THE IMAPCT OF CARE CONTINUUM ACCESS

[9] No- No Jurisdiction- Jurisdiction-specific
mixing; specific estimates estimates kept
Baseline kept constant for all | constant for all
Jjurisdictio years at 2018 years at 2018
n-specific baseline values. baseline values.

[10] Level-1- . M || Jurisdiction- Jurisdiction-specific
mixing; Risk | H HF |S specific estimates estimates kept
Baseline group | M M | | kept constant for all | constant for all
jurisdictio || Same | 90 90% 85 || years at 2018 years at 2018
n-specific || juri % ® 1% || baseline values. baseline values.

Other
Juri 10 o 15
same | % 10% %
State

Other 0 0 0
States

[11] Level-2- . M || Jurisdiction- Jurisdiction-specific
mixing; Risk | H HF |S specific estimates estimates kept
Baseline group | M M || kept constant for all | constant for all
jurisdictio || Same | 57 65% 47 || years at 2018 years at 2018
n-specific || juri % ® 1% || baseline values. baseline values.

Other

Juri 43 o 53
same | % 35% %
State

Other 0 0 0
States
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Table 6.1 (Continued)

[12] Level-3- . M || Jurisdiction- Jurisdiction-specific
mixing; Risk | H HF |S specific estimates estimates kept
Baseline group | M M || kept constant for all | constant for all
jurisdictio || Same | 57 65% 47 || years at 2018 years at 2018
n-specific || juri % ® 1% || baseline values. baseline values.

Other
Juri 28 o 31
same | % 23% %
State

Other | 14 o, |22
states | % 12% %

[13] No- No Jurisdiction- Jurisdiction-specific
mixing; specific estimates estimates kept
EHE calibrated to constant at 2018
Jurisdictio achieve EHE values until 2025,
n-specific targets (95-95-95) | and thereafter,

within each calibrated to
jurisdiction by achieve EHE
2025, and kept targets (95-95-95)
constant at 2025 by 2030 within
value thereafter each jurisdiction

[14] Level-1- ) M || Jurisdiction- Jurisdiction-specific
mixing; Risk | H HF |S specific estimates estimates kept
EHE group | M M || calibrated to constant at 2018
Jjurisdictio || Same | 90 90% 85 || achieve EHE values until 2025,
n-specific || juri % ® % targets (95-95-95) | and thereafter,

Other within each calibrated to

Juri 10 L0% 15 || jurisdiction by achieve EHE
same | % ° 1oy 2025, and kept targets (95-95-95)
state constant at 2025 by 2030 within
Other value thereafter each jurisdiction
states 0 0 0

[15] Level-2- ) M || Jurisdiction- Jurisdiction-specific
mixing; Risk | H HF |S specific estimates estimates kept
EHE group | M M || calibrated to constant at 2018
jurisdictio || Same | 57 65% 47 || achieve EHE values until 2025,
n-specific || juri % ® % targets (95-95-95) | and thereafter,

Other within each calibrated to

Juri 43 iy 53 || jurisdiction by achieve EHE
same | % ® |9 |]2025, and kept targets (95-95-95)
state constant at 2025 by 2030 within
Other value thereafter each jurisdiction
States 0 0 0
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Table 6.1 (Continued)
[16] Level-3- . M || Jurisdiction- Jurisdiction-specific
. . Risk | H . . .

mixing; M HF | S specific estimates estimates kept

EHE sroup M || calibrated to constant at 2018

jurisdictio || Same | 57 65% 47 || achieve EHE values until 2025,

n-specific || juri % ® % targets (95-95-95) | and thereafter,
Other within each calibrated to
juri 28 3% 31 || jurisdiction by achieve EHE
same | % ® |9 |]2025, and kept targets (95-95-95)
state constant at 2025 by 2030 within
Other | 14 22 | | value thereafter each jurisdiction

12%

states | % %

Table 6.2 Percentage difference between incidence estimates for no mixing when compared to
mixing for year 2018 and 2030. For scenarios that keep care metrics (HIV-diagnosis rate, care-

drop-out rate, and PrEP coverage) fixed at the 2018 baseline values (Scenarios 1-4 and 9-12).

Scenario | 1 2 3 4 9 10 11 12
#
(Baseline)
Homogeneity in care across Heterogeneity in care across
jurisdictions jurisdictions
No- Mixing | Mixing | Mixing | No- Mixing | Mixing | Mixing
mixing | level 1 |level 2 |level 3 | mixing | level I | level 2 | level 3
Overall Ref 7% and | 24% 24% Ref 2% and | 7% and | 8% and
11% and and 2% 5% 9%
22% 26%
EHE Ref -3% -10% -5% Ref -1% -2% 0% and
and and - and and and 0%
-4% 8% -4% -1% -2%
Non-EHE | Ref 19% 67% 60% Ref 5% and | 18% 19%
and and and 7% and and
28% 55% 60% 15% 21%

Values represent the % change in incidence estimate in mixing scenario compared to no mixing

scenario and calculated as 100(mixing scenario - no mixing scenario)/mixing scenario).
The range refers to the minimum and maximum value.




Table 6.3 Percentage difference between incidence estimates for no mixing when compared to
mixing for year 2018 and 2030. For scenarios that scale up care metrics (HIV-diagnosis rate,
care-drop-out rate, and PrEP coverage) to reach EHE targets by 2025 for EHE jurisdictions and
by 2030 for non-EHE jurisdictions (Scenarios 5-8 and 13-16).

Scenario | 5 6 7 8 13 14 15 16
# (EHE
targets)
Homogeneity in care across jurisdictions | Heterogeneity in care across jurisdictions
Mixing | Mixing Mixing | No- Mixing | Mixing | Mixing
No- level 1 level 2 level 3 mixing | level 1 | level 2 level 3
mixing
Overall | Ref 7% and | 24% and | 24% and | Ref 2% and | 7% and | 8% and
4% 6% 10% -1% -3% 1%
EHE Ref -3% and | -10% and | -5% and | Ref -1% -2% and | 0% and
0% 1% 7% and 4% | 8% 15%
Non- Ref 19% and | 67% and | 60% and | Ref 5% and | 18% and | 19% and
EHE 7% 9% 13% -4% -11% -9%

Values represent the % change in incidence estimate in mixing scenario compared to no mixing
scenario and calculated as 100(mixing scenario - no mixing scenario)/mixing scenario).
The range refers to the minimum and maximum value

Table 6.4 Percentage difference between incidence estimates across jurisdictions for no mixing
when compared to mixing for baseline year 2018. For scenarios that assume jurisdictional
heterogeneity and scale up care metrics (HIV-diagnosis rate, care-drop-out rate, and PrEP
coverage) to reach EHE targets by 2025 for EHE jurisdictions and by 2030 for non-EHE
jurisdictions (Scenarios 13-16).

Scenario # 13 14 15 16

No- Mixing | Mixing | Mixing
mixing | level I |level 2 | level 3

Overall Ref 9% to | -31%to | -27% to
30% 109% 94%

EHE Ref 9% to | -31%to | -27% to
11% 39% 46%

Non-EHE Ref -5%to | -18%to | -11% to

30% 109% | 94%

Footnotes:

Values represent the % change in incidence estimate in mixing scenario compared to no mixing
scenario and calculated as 100(mixing scenario - no mixing scenario)/mixing scenario).

The range refers to the minimum and maximum value across jurisdictions.
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Table 6.5 Percentage difference between HIV testing interval estimates for risk group MSM.
Difference calculated across jurisdictions for no mixing when compared to mixing for mid-
intervention years (2022 for EHE and 2028 for non-EHE) and target year (2025 for EHE and
2030 for non-EHE). For scenarios that assume jurisdictional heterogeneity and scale up care
metrics (HIV-diagnosis rate, care-drop-out rate, and PrEP coverage) to reach EHE targets by

2025 for EHE jurisdictions and by 2030 for non-EHE jurisdictions (Scenarios 13-16).

Mid intervention year Target year
(2022 for EHE and (2025 for EHE and
2028 for non-EHE 2030 for non-EHE
Scenario # 13 14 15 16 13 14 15 16
No- . . . No- .. .. .
Jur. | Interval .. | Mixing | Mixing | Mixing .. | Mixing | Mixing | Mixing
mixi mixi
type | Cohort ng level 1 | level2 | level 3 ng level 1 | level 2 level 3
<2 Ref -14%to | -32% to | -35% to Ref -23%to | -44% to | -45% to
EHE |_years 9% 25% 20% 5% 13% 12%
2-4 Ref -9%to | -23% to | -20% to Ref 2% to 4% to 6% to
years 10% 36% 34% 10 % 34% 30%
<2 Ref 2%to | 0%to |-16% to Ref -4%to | -7%to | -14%to
Non- | years 15% 53% 48% 13% 50% 37%
EHE | 2.4 10% to | 34% to | 36% to
years | R0 | iso, | 0% | 37% | Rt - ] ]

Values represent the % change in HIV-testing interval estimate in mixing scenario compared to
no mixing scenario and calculated as 100(mixing scenario - no mixing scenario)/mixing

scenario).
The range refers to the minimum and maximum value across jurisdictions for the specific time
interval cohort (i.e., <2 years or 2-4 years).
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Table 6.6 Percentage reduction in cumulative incidence over time (2018-2030) from baseline

scenario compared to EHE target scenario.

Scenario # 1 2and6 | 3and7 | 4and8 | 9and | 10and | 11 and | 12 and
(EHE and 13 14 15 16
targets - 5
baseline)
Homogeneity in care across Heterogeneity in care across
jurisdictions jurisdictions
No- | Mixing | Mixing | Mixing | No- | Mixing | Mixing | Mixing
mixi | level 1 | level 2 | level 3 | mixing | level 1 | level 2 | level 3
ng
Overall - -27% -30% -30% | -30% | -31% -33% -33%
24%
EHE - -40% -38% -40% | -45% | -44% -41% -41%
41%
Non-EHE | -5% | -14% -24% -23% -9% -15% -24% -25%

Values represent the % reduction in cumulative incidence estimate for baseline scenario and

EHE target scenario (i.e., (EHE target scenario-baseline scenario)/ baseline scenario).
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Figure 6.2 Comparing annual risk-group specific incidence simulated from the National-Model
and 16 Jurisdictional-Model scenarios (S1 to S16) with NHSS estimates. Comparing national
estimates for the period 2011 to 2019. Comparing model projections between the 16 Jurisdiction-
Model scenarios for the period 2020 to 2030. NHSS: National HIV Surveillance System; NHSS-
National: national level estimates from NHSS.
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Figure 6.5.a EHE jurisdiction; Comparing percentage difference of overall incidence between
mixing scenarios. Comparing no mixing (Scenario 13) with Level-1-mixing (Scenario 14),
Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each EHE jurisdiction for
year 2018.
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Figure 6.5.b Non-EHE jurisdiction; Comparing percentage difference of overall incidence
between mixing scenarios. Comparing no mixing (Scenario 13) with Level-1-mixing (Scenario
14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each non-EHE
jurisdiction for year 2018.
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Figure 6.6.a EHE jurisdictions; Comparing HIV interval between testing in months across years
(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group MSM.
Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario
15), and Level-3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years
2019-2025. For each year the order of HIV interval between testing is no mixing, Level-1-
mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was
capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years.
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West Virginia

Figure 6.6.b Non-EHE jurisdictions; Comparing HIV interval between testing in months across
years (2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group MSM.
Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario
15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years
2026-2030. For each year the order of HIV interval between testing is no mixing, Level-1-
mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was
capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years.
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Figure 6.7 Comparing PWH simulated from the 16 Jurisdiction -Model scenarios (S1 to S16) for
the period with NHSS national and aggregate jurisdiction estimates for the period 2018 to 2030.
NHSS: National HIV Surveillance System; NHSS-National: national level estimates from
NHSS; NHSS-Sum of Jurisdictions: sum of jurisdiction level estimates from NHSS.
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Chapter 7: Conclusions

Modeling tools are an asset in understanding existing epidemics and emerging epidemics.
The studies presented in this dissertation provide valuable contributions to existing literature on
the frameworks required to tackle disease outbreaks on different levels and scales of population
(school/university level, county level, state level, or nation level). The methodologies presented
serve as a tool for analyzing trends in epidemic outcomes (infections, reported cases,
hospitalizations, and deaths) and evaluate mitigation measures (pharmaceutical and non-
pharmaceutical interventions) that successfully reduce the said outcomes. The intellectual merit of
this research is the frameworks that can analyze varied interventions for different scales of
population sizes. Further, the research also evaluates two key parameters that have impact on
transmission of infection: mixing of populations across different jurisdictions, and changes in
population demographics and access to care across jurisdictions.

The outcomes of this research hope to help make decisions not just for the epidemics
modeled (i.e., COVID-19 and HIV/AIDS) but also for disease epidemics that share similar
transmission dynamics and disease natural history. Also, the case study regions only serve as an
example, but the models can be re-particularized for other regions. The models and outcomes were
developed to aid public health policy makers in evaluating decisions either for novel disease

outbreaks or for existing epidemics.
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gf)y\rgn:; Results: Results show that early implementation of complete stay-at-home order is effective in flattening and re-

SARS-CoV-2 versing the infection growth curve in a short period of time. Whereas, using Florida's Phase II plan alone could

Agent-based simulation model result in 75% infected and end of pandemic via herd immunity. Universal use of face masks reduced infected

Intervention strategies by 20%. A further reduction of 66% was achieved by adding contact tracing with a target of identifying 50% of

Face mask the asymptomatic and pre-symptomatic.

Contact tracing Conclusions: In the absence of a vaccine, the strict stay-at-home order, though effective in curbing a pandemic
outbreak, leaves a large proportion of the population susceptible. Hence, there should be a strong follow up
plan of social distancing, use of face mask, contact tracing, testing, and isolation of infected to minimize the
chances of large-scale resurgence of the disease. However, as the economic cost of the complete stay-at-home-
order is very high, it can perhaps be used only as an emergency first response, and the authorities should be pre-
pared to activate a strong follow up plan as soon as possible. The target level for contact tracing was shown to
have a nonlinear impact on the reduction of the percentage of population infected. Increase in contact tracing tar-
get from 20% to 30% appeared to provide the largest incremental benefit.
© 2020 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://
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List of abbreviations and acronyms Introduction

Emergence of the severe acute respiratory syndrome coronavirus

type 2 (SARS-CoV-2) was first reported on December 31, 2019 in

WHO World Health Organization Wauhan, China and subsequently declared a global pandemic on March

AB Agent-based 11 by the World Health Organization (WHO) [3,52]. As of Sept. 9,

a Confidence interval 2020, the number of reported cases worldwide has reached over 27.5

208 Adjusted oddsratio. million causing 897,789 deaths. The number of infected cases continues
SEIR Susceptible exposed infected recovered/removed . G a s "

cB Gigabytes to rise quite significantly [2]. The U.S. has been among the hardest hit by

SARS-CoV-2 Severe acute respiratory syndrome coronavirus 2 the coronavirus pandemic with 6.3+ million reported infections and

COVID-19 Coronavirus Disease 2019. 189,538 reported deaths (>21% of the total reported deaths worldwide)

so far. However, as the daily new cases, hospital admissions, and deaths

began to decline in mid-May, most States in the U.S. began phased

lifting of their social intervention measures. For example, Florida

adopted a three phased approach: Phase I (which began in May 18,

* Corresponding author. 2020) allowed most businesses and workplaces to reopen with up to

E-mail add : tatapudi@mail.usf.edu (H. Tatapudi), das@usf.edu (T.K. Das). 50% of their building capacities and with large events constrained to

https://doi.org/10.1016/j.gloepi.2020.100036
2590-1133/© 2020 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).



H. Tatapudi, R. Das and TK. Das

25%; Phase II (began in June 5, 2020) allowed all businesses to reopen
for up to 50-75% of their capacities and also permitted events in large
venues with no more than 50% of their capacities; Phase III will be
akin to a complete reopening for which neither a date nor the criteria
have been declared. A summary of Florida's phased intervention plan
can be seen in Figure A1 (in the Appendix). As the reopening entered
Phase II, Florida, along with many other states, began to see sharp
increases in daily new infections (e.g., Florida reported over 15,000
new cases on July 11, 2020 along with a test positivity rate reaching
over 15%).

In this paper, we investigate a few ‘what-if’ scenarios for social inter-
vention policies including if the stay-at-home order were not lifted, if
the Phase II order continues unaltered, what impact will the universal
face mask usage have on the infections and deaths, and finally, how
do the benefits of contact tracing vary with various target levels for
identifying asymptomatic and pre-symptomatic. We conduct our inves-
tigation by first developing a comprehensive agent-based simulation
model for COVID-19, and then using a major urban outbreak region
(Miami-Dade County of Florida, USA with 2.8 million population) as
the case study for the model.

Methodology

Agent-based (AB) simulation models have been widely used to
mimic complex social contact processes and transmission dynamics of
influenza and respiratory type viruses. One of the early applications of
AB simulation model for influenza can be found in [16]. The authors ex-
amined flexible immunization routines and variable vaccine response
patterns on 1957 Asian and 1968 Hong Kong pandemic strains of influ-
enza A. In [ 18,19,24], authors presented AB simulation models with a
detailed approach to generate new infections using calculation of force
of infection received by susceptible from infected for potential pan-
demic outbreaks of A(H5N1) influenza virus in Southeast Asia and
US./UK. Assessment of disease burden from a potential A(H7N9) out-
break in the U.S. was studied using an AB simulation model in [43]. AB
models have been used for examining both pharmaceutical and non-
pharmaceutical intervention strategies, for example, mass vaccination
for smallpox outbreak [26], effectiveness of targeted antiviral prophy-
laxis to contain influenza before widespread availability of a vaccine
[33], development of mitigation strategies for a potential A(H5N1) out-
break using a design of experiment approach [35], optimal resource al-
location among multiple regions of a country during an influenza
pandemic [51], and simulation-based reinforcement learning frame-
work for dynamic mitigation of influenza [14].

A number of papers have appeared in recent literature using AB
models to examine COVID-19 outbreak. The papers include: an AB
model integrated with mobility data to evaluate intervention measures
such as testing, social distancing, contact tracing and quarantine for a
potential second wave of the COVID-19 pandemic in the Boston metro-
politan area [1]; a general framework of an AB simulator for COVID-19
using geo-spatial data to evaluate intervention measures such as closure
of community locations, shops, social distancing, face mask, isolation,
among others [34]; health and economic impacts of social interventions
for COVID-19 [42]; a probabilistic approach using an AB model to simu-
late COVID-19 transmission and evaluate mitigation strategies in a
closed built environment [15]; and a granular AB model of COVID-19
in Australia to compare school closures and varying levels of interven-
tion strategies such as air travel, case isolation, quarantine, and social
distancing [9].

COVID-19 in the U.S. has been handled in a very decentralized man-
ner, where mitigation policies were developed and adopted at munici-
pality/county levels. For example, several counties within the State of
Florida, U.S.A. adopted the universal facemask policy while others
didn't. As a result, spread of SARS-CoV-2 has not been uniform. Hence,
we focused on developing a granular model that can be region-
specific and can yield outcomes to guide regional decision makers.
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While we have presented the model development in the main body of
the paper using Miami-Dade County (a county of Florida with 2.8 mil-
lion population) as a case study region, we have also presented a step-
by-step approach (in the Appendix) on how the model can be imple-
mented for other regions. The virus transmission model that is embed-
ded within our AB model follows closely the approach used in [18] that
modeled a potential A(H5N1) pandemic. Instead of using real-time mo-
bility data, access to which is limited in the U.S. for privacy reasons, we
used detailed census data for generating both population and establish-
ments in the region. This information together with people's daily
schedules, guided by the prevailing social-behavioral norms, were
used to generate social mixing process for the COVID-19 pandemic.
The model is first calibrated and validated with evolving daily
age-specific reported data on infection, hospitalization, and deaths.
We then extended the model into future months to forecast pandemic
impact under various intervention conditions.

Models for COVID-19 in literature are either data-driven (e.g.,
[4,5,11,17,53]) or compartmental like SEIR (susceptible, exposed, in-
fected, and recovered) or their variants (e.g. [1,28,41,54,55]). Observation
data driven models are well suited for understanding the past progression
of a pandemic and also for estimating parameters characterizing virus ep-
idemiology. However, they offer limited prediction ability for the future,
especially in situations where conditions are changing (e.g., testing and
treatment ability, social interventions, people’s behavior, and response).
SEIR type compartmental models guided by differential equations have
been most widely used for communicable diseases, some early examples
are [13,29,30]. Such models are aggregate in nature and assume uniform
behavior of the population over time. Hence, these models also do not
adapt well to changing pace of disease transmission. As stated in [10],
an agent-based modeling approach is more suitable for a detailed consid-
eration of individual attributes, specific disease natural history, and com-
plex societal interventions that change over time.

The AB simulation model replicates the dynamics of the pandemic
outbreak by incorporating: 1) population demography of the outbreak
region for all age groups and their employment categories, 2) establish-
ment information concerning numbers, sizes, and compositions of
households, schools, workplaces, and community places, 3) daily sched-
ules for people of all age groups before and during the intervention or-
ders (e.g., stay-at-home), 4) isolation of infected and quarantine of
household members, 5) closure of schools, workplaces, and community
places, 6) compliance to isolation and quarantine requirements, and
7) epidemiological parameters of the virus. The key epidemiological pa-
rameters include: disease natural history with average lengths of latent,
incubation, symptomatic, and recovery periods; distribution of infec-
tiousness; percent asymptomatic; and fatality rate.

Each day, the AB model tracks the following for each person:
1) hourly movements and locations based on their daily schedules
that depend on age, employment status, prevailing intervention orders,
and quarantine/isolation status; 2) hourly contacts with other suscepti-
ble and infected; 3) force of infection accumulation; 4) start of infection;
5) visit/consult with a doctor (if symptomatic and insured); 6) testing
(if infected and visited/consulted a doctor or asymptomatic chosen for
testing either randomly or via contact tracing); 7) test reporting
delay; 8) disease progression of infected; 9) hospitalization (if infected
with acute illness); and 10) recovery or death. The AB model reports
daily and cumulative values of actual infected, doctor visits, tested, re-
ported cases, hospitalized, recovered, and deaths, for each age category.
A schematic diagram depicting the algorithmic sequence and parameter
inputs for the AB simulation model is presented in Fig. 1.

Our AB simulation model works as follows. It begins by generating
the individual people according to the U.S. census data that gives popu-
lation attributes including age (see Table A1) and occupational distribu-
tion (see Table A4). Thereafter, it generates the households based on
their composition characterized by the number of adults and children
(see Table A2). The model also generates, per census data, schools
(see Table A3) and the workplaces and other community locations
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Fig. 1. A schematic of agent-based simulation model for COVID-19.
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Main

1 for simulation_day = 0,...,max_day

2 if simulation_day = 0

3 generate_entities()

4 generate_businesses()

5 initalize_oubtreak() // Introduces a small number of infected individuals who are contagious
6 begin_outbreak() // Begin interaction among infected and susceptible and start community spread
7 report (infected, tested, reported, hospitalized, death) // Keeps track of daily age specific numbers

Function: Generate entities
// Generates population in the region based on census and assigns them to household and
workplace/school (including those unemployed who stay at home)
for household = 1,...,total _household_types
nl = number of adults
n2 = number of children
fori=1,...,m
assign_age_household_workplace()
forj=1,....m
assign_age_household_school()

=T R e Y e S

Function: Generate businesses

1 // Generates businesses in the region based on census data and
2 // classifies them as essential and non-essential industries and community places
3 for business = 0,...,total_business_types
4 initialize_mixing_groups() // Creates smaller mixing groups (departments) within each
5 business and assigns employees
6
Function: Begin outbreak
1 // Assigns daily schedules based on prevailing social intervention, tracks hourly social mixing, accounts for
2 viral transmission, creates new infections, tests and reports infected, tracks disease progress for infected, monitors
3 stay at home/hospitalization, and records recovery and death
4 if simulation_day < lockdown_day
5 schedule = schedule_1  // Pre-pandemic schedule
6 if (simulation_day >= lockdown_day) and (simulation_day < Phase_I)
7 schedule = schedule_2  // Schedule after lockdown begins (closure of non-essential places and schools and
8 partial opening of essential places with limited capacity)
9 if (simulation_day >= Phase_I) and (simulation_day < Phase_II)
10 schedule = schedule_3  // Schedule during Phase I of reopening (schools remain closed, partial opening of
11 essential and non-essential with limited capacity)
12 if (simulation_day >= Phase_II) and (simulation_day < Full_reopening)
13 schedule = schedule_4  // Schedule during Phase II of reopening (schools remain closed, increased partial
14 opening of essential and non-essential places)
15 for hour=1,...,24
16 disease_progress() // Monitors disease condition along disease natural history on an hourly basis for
17 each infected individual
18 tracking_individuals() ~ // Tracks infected and susceptible in the same location (mixing group) by the hour and
19 calculates added force of infection for susceptible and tracks viral accumulation
20 infection_process() // At the end of each day, infection status of each susceptible with
21 any viral accumulation is determined
22 testing() // Tests symptomatic and some selected asymptomatic based on test availability and
23 reports outcome considering test sensitivity and reporting delay
24 hospitalization() // Tracks hospitalization of symptomatic developing acute condition
25 recovery() or death() // Tracks recovery or death for individuals in home/hospitals

Fig. 2. Pseudo-code for agent-based simulation model of COVID-19.
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(see Table A4). Each individual is assigned a household, while maintain-
ing the average household composition, and, depending on the age, ei-
ther a school or a workplace (considering employment levels). A daily
(hour by hour) schedule is assigned to every individual, chosen from a
set of alternative schedules, based on their attributes. The schedules
vary between weekdays and weekends and also depend on the prevail-
ing social intervention orders (see Table A5).

Simulation begins on the day when one or more infected people are
introduced to the region (referred to as simulation day 1). Simulation
model tracks hourly movements of each individual (susceptible and in-
fected) every day, and records for each susceptible the number of in-
fected contacts and their identification at each location. Based on the
level of infectiousness of each infected contact (which depends on the
day of his/her infectiousness period), the model calculates the daily
force of infection received by each susceptible from all infected contacts
at all hours of the day [18]. Daily force of infection is considered to accu-
mulate. However, it is assumed that if a susceptible does not gather any
additional force of infection (ie., does not come in contact with any in-
fected) for two consecutive days, the cumulative force of infection for
the susceptible reduces to zero. At the end of each day, the model uses
cumulative force of infection to calculate the probability of infection
for each susceptible. The model updates the infection status of all indi-
viduals to account for new infections as well as disease progression of
infected individuals. A pseudo-code in Fig. 2 depicts the major elements
and structure of the agent-based simulation program.

Epidemiological models and other parameters that guide the AB
model are described next. Fig. 3 presents a schematic of the disease nat-
ural history of COVID-19, parameters of which are given in Table A6.
Once infected, an individual simultaneously begins the latency and the
incubation periods. The individual becomes infectious after the latent
period is complete but displays symptoms (unless asymptomatic) at
the end of the incubation period. The period between end of latency
and end of incubation is referred to as pre-symptomatic, a time when
the infectiousness grows rapidly and almost reaches its peak. Symptom-
atic cases either follow a non-acute progression (majority of cases, not
requiring hospitalization) or acute progression (requiring hospitaliza-
tion). Cases for whom disease does not become acute, enter a recovery
period after infectiousness ends. Those with acute disease progression
(generally toward the end of the infectious period) are hospitalized.
After the hospital stay period, cases either recover or die. For average
lengths of recovery and hospitalized periods that are used in the AB
model, see Table A6. There is some evidence based on animal experi-
mentation that recovered individuals may become immune to reinfec-
tion [31,40]. But other studies remain inconclusive [32]. Hence, due to
lack of established data on this matter, our model considers the recov-
ered cases to be immune to further COVID-19 infections.

The duration and intensity of infectiousness is considered to be
guided by a lognormal density function (see Fig. 4). The function is

Contagious
period
begins

Infection
begins

Latent period

Period of infectiousness
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0.05

a5 6 7 8 9 o
Day of infectiousness

Fig. 4. Lognormal distribution function for infectiousness profile of a COVID-19 case.

truncated at the average length of the infectiousness period (which is
considered to be 9.5 days). Asymptomatic cases are assumed to follow
a similar infectiousness intensity profile but scaled by a factor (Cy in
the force of infection calculation (1), see Table A7).

The AB model estimates the probability of infection for a susceptible
i using the accumulated value of daily force of infection (A;), which is cal-
culated as follows.

By = i LBk (t=Ti)px[1 + C(@—1)]

n«
+

. i
LByk(t—Ti)pi[1 + Cp(@—1)]
JKI=

J
m;

1

The first component in (1) accounts for the force experienced by
susceptible individual i at home from other infected household mem-
bers k. The second component captures the force experienced at
schools/workplaces/community places for work and also at community
places visited for daily errands; this happens when a susceptible i is in
the same location type j where infected k is at hour t. The definition
and values of the parameters of (1) are given in Table A7. Eq. (1) is a
modified version of the force of infection equation given in [18],
which has three components that separately calculate force of infection
received at home, at indoor workplaces, and at outdoor community. For
the sake of simplicity, we have considered only the first two compo-
nents, home and indoor workplaces, where most of the COVID-19 trans-
mission is assumed to be taking place. We have assumed that the mode
of virus transmission at indoor community places that are routinely vis-
ited by people as part of their daily errands (like grocery stores, home
goods stores, dine-in/take-out restaurants, etc.) is similar to that of in-
door workplace transmission.

The force of infection is gathered by a susceptible individual each
day from all infected contacts in his/her mixing groups (home, school/
workplace, and community places). The cumulative value of A; is used

Contagious

Recovery/

period death

ends

Period leading to health
outcome
|

|
Incubation period

Onset of
symptoms

Fig. 3. Disease natural history of COVID-19 (see Table A6 for average lengths of the periods).
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at the eng of each day to calculate the probability of infection as
1—exp™™

The AB model incorporates all applicable intervention orders like
stay-at-home, school and workplace closure, isolation of symptomatic
cases at home, and quarantine of household members of those who
are infected. The model also considers: varying levels of compliances
for isolation and quarantine, lower on-site staffing levels of essential
work and community places during stay-at-home order, restricted
daily schedule of people during various social intervention periods,
phased lifting of interventions, use of face masks in workplaces, schools
and community places with varying compliance levels, and contact trac-
ing with different target levels to identify asymptomatic and pre-
symptomatic cases. The timeline for social interventions implemented
in the model are summarized in Table A8.

Other salient considerations in the implementation of our AB model
are as follows. Across all age groups, 35% of the infected cases were con-
sidered asymptomatic [7]. Approximately, 20% (20%) of Florida resi-
dents are reported as uninsured and do not have access to a primary
care physician [49]. Uninsured people thus considered not to have the
doctor referral required for most of the testing facilities in Miami-
Dade County, and hence not tested. All symptomatic cases with health
insurance were assumed to visit/consult with a doctor. Depending on
their symptoms, travel history, and contact history, some of them
were given referrals for testing. We considered that only a small per-
centage of cases visiting/consulting a doctor were given referrals in
the early months of the pandemic (until the middle of April 2020),
due to the shortage of testing and restrictive CDC guidelines on who
could be tested [6]. However, as CDC relaxed its test eligibility guidelines
[39] and the capacity to test increased in Florida, we gradually increased
the probability of getting a test referral from a doctor closer to 100% by
early June 2020 for symptomatic cases (see Table A9). We also consid-
ered in our model that a small fraction (reaching only up to 10% over
time) of the asymptomatic cases are randomly tested through various
community testing protocols, e.g., at elderly care facilities, healthcare fa-
cilities, workplaces, etc. Note that we did not consider co-infection, and
therefore all cases that were tested in our simulation model had COVID-
19. Hence, each test yielded a positive outcome with a probability equal
to the test sensitivity (see Table A9). Based on the data reported on Flor-
ida COVID-19 dashboard, a test result reporting delay of up to 10 days
on average was considered at the start of the pandemic, which was pro-
gressively reduced (see Table A9). All symptomatic cases with or
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without testing were considered to isolate at home with a given proba-
bility of compliance. The probability of compliance was considered to
vary during the length of the symptomatic period of infection. For this
purpose, we divided the symptomatic period into three parts: I, II, and
IlI, and assumed a lower isolation compliance in parts I and Il and
higher in part II, when the illness is more apparent. See Table A10 for
the isolation compliance probabilities. Susceptible members of the
households with one or more infected cases are considered to quaran-
tine themselves. We also assumed a level of compliance for quarantine
(see Table A10). We used hospitalization and death data reported for
Miami-Dade County [20] for each age group to obtain probabilities of
hospitalization of the reported cases, and probabilities of death for
those who are hospitalized (see Table A11).

Though we have implemented our AB simulation model for a spe-
cific region, it is quite general in its usability for other urban regions
with similar demography, societal characteristics, and intervention
measures. In our model, Tables A1-A4 summarize the demographic in-
puts (age and household distribution, number of schools for various age
groups, and number of workplaces of various types and sizes). These
data will need to be curated from both national and local census records.
Social interventions vary from region to region and hence the data in
Table A8 will need to be updated. Similarly, testing availability, test sen-
sitivity, and test outcome reporting delay may also vary significantly
from region to region, and thus Table A9 will also need to be updated.
The rest of the data (in Tables A5, A6, A7, A10, and A11) are related to
epidemiology of COVID-19. These are unlikely to be significantly differ-
ent, though some adjustments of these based on population demo-
graphics may be needed.

Model calibration

The AB model utilizes a large number of parameters, which are de-
mographic parameters, epidemiological parameters, and social interven-
tion parameters. We kept almost all of the above parameters fixed at
their respective chosen values and calibrated the model by changing
values for only a few. The calibrated parameters include the transmis-
sion coefficients used in calculating force of infection at home, work,
school, and community places (83, and f3}). The choice of the values of
transmission coefficients was initially guided by [18] and the prevailing
estimates of RO, and thereafter adjusted at different points in time dur-
ing the calibration period (first 127 days of the simulation starting on
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Fig. 5. Validation of AB simulation model results using the State reported numbers of ‘cumulative infected cases’ in fig. (a) and ‘cumulative deaths’ in fig. (b) for Miami-Dade County,
Florida, USA. Fig. (c) difference of the 7-day moving average between cumulative reported cases from simulation and surveillance (mean difference — 8 and 95% CI (—145 to 130)).
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Table 1
Summary of the key results from the AB sir

model i
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d on a sample urban outbreak region (Miami-Dade County of Florida, USA) with population of 2.8 million.

If Stay-At-Home order were If Phase | reopening

Interventions =» not lifted (started March 17, continued (started May

If Phase Il reopening
continues without

If Phase Il reopening continues
with mandatory use of face

If Phase Il reopening continues
with use of face masks and

2020) 18, 2020) alterations (started June masks (started June 25, 2020) contact tracing with 50% target
Outcomes 5,2020) (starting June 30, 2020)
4
Time when pandemic Early Aug. 2020 July 2021 End-Oct. 2020 End-Nov. 2020 End-Sept. 2020
subsides below a
threshold
Total number of 162K 600K 2.17M 1.74M 581K
infections (136K - 188K) (530K - 670K) (2.16M - 2.18M) (1.73M - 1.75M) (447K - 716K)
(95% CL.)
Total number of 23K 220K 866K 714K 247K
reported cases (19K - 27K) (186K - 254K) (854K - 877K) (702K - 726K) (178K - 316K)
(95% ClL.)
Total number of 4.1K* 37.5K" 149K* 120K* 35.2K"
hospitalizations (3.5K - 4.8K) (31.7K - 43.4K) (147K - 151K) (119K - 122K) (25.6K - 44.8K)
(95% ClL.)
Total number of 1K™ 9.4K** 36.4K"* 29.7K** 8.8K**
deaths (95% C.L) (0.9K - 1.2K) (7.9K - 10.8K) (35.8K - 36.9K) (293K - 30.2K) (6.5K - 11.1K)

*The numbers presented in the table were computed in mid-late June. Per State reported data, in the months of July and August, the probability of hospitalization reduced significantly
across all age groups by over 80%. Hence, our estimates for total number of hospitalizations are much higher than the expected outcome.
**Since the deaths are simulated by applying a probability on those hospitalized, estimates of the number of deaths from our model are much higher than the expected outcome.

February 12 until the start of Phase Il reopening order on June 5, 2020).
The transmission coefficient for school was only applicable for the first
35 days of the simulation period until the beginning of the stay-at-
home order on March 17, 2020. The only other parameters that were
calibrated are the number of errands in the daily schedules under vari-
ous intervention conditions and the percentage of workers in essential
(e.g., utility services and grocery stores) and non-essential (e.g, offices
and restaurants) workplaces who physically reported to work during
different intervention periods. Calibration of the above parameters
was done so that the daily cumulative numbers of reported infected
cases and deaths from the AB simulation model closely match the values
published in the Florida COVID-19 dashboard until June 17, 2020. Fig. 5
(a) and (b) show the daily cumulative mean values (with 95% confi-
dence intervals) for the reported infected cases and deaths as obtained
from the simulation model. The dotted lines represent the actual
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numbers reported in the Florida COVID-19 dashboard for Miami-Dade
County [22]. Fig. 5 (c) depicts the difference of the 7-day moving aver-
age values of simulated and actual reported number of cases.

Once the model is calibrated and validated with available reported
data on infected and dead, we extended the model into the future to
predict outcomes. The only parameters that were altered after the
calibration period are to reflect the expected changes in social interven-
tions, e.g., order mandating use of face mask, re-closing some commu-
nity places, expected increase in contact tracing, and changes in
community response via daily schedule restrictions. Hence, the param-
eters that were changed after the calibration period included those for
daily schedules, transmission coefficients, testing and contact tracing
rates, and compliance to isolation and quarantine. Most of the parame-
ter values used in the AB model were obtained from government
archives and research literature, for which references are provided
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Fig. 6. Growth of actual and reported infected cases (fig. (a)) and hospitalizations and deaths (fig. (b)) if stay-at-home order were not lifted.
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Fig. 7. Case study outcomes (average values with 95% C.L.) of continuing with Phase I reopening (fig. (a) and fig. (b)) and Phase Il reopening without face mask and contact tracing (fig.

(c) and fig. (d)).

(see Tables A1-A11). For some of the parameters for which we could not
find an archived data source, we used expert opinion and current media
reports.

Results

We used our model to predict the rate of growth of infected cases,
reported cases, hospitalizations, and deaths for the case study region
(Miami-Dade County, Florida, USA) under various social intervention
scenarios. First, we allowed the model to mimic retrospectively the
progress of the pandemic under three separate intervention scenarios
for a large number of days. The scenarios are: stay-at-home order con-
tinued without reopening until pandemic subsides, Phase I of reopening

continued without moving into Phase II, and Phase II of reopening con-
tinued without the use of face mask or any other changes. Thereafter,
we conducted a prospective examination of the impact we are likely
to see in coming days from the use of face masks and contact tracing.
We first present a summary of the key results of our study (see
Table 1), from which a number of key insights can be derived that
may apply to other similar urban regions experiencing respiratory/in-
fluenza type virus outbreaks. Early imposition of stay-at-home order ap-
pears to have been quite effective in first flattening and then reversing
the growth curve. Per our model, if the stay-at-home order was allowed
to remain enforced, the pandemic would have subsided with a relatively
low percentage of the population (5.8%) infected and approximately
0.04% dead within six months of inception; 50 or below daily new
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infections was used as the criterion to consider that pandemic has sub-
sided in Miami-Dade County. If the extent of social mixing akin to Phase
Il reopening of Florida is in place for an urban region (without the use of
face mask and contact tracing), the pandemic would likely have raged
for 8-9 months and subside only after reaching herd immunity with
over 75% of the population infected and 1.3% of the population dead.
Universal use of face masks of surgical variety was shown by the
model to reduce average total infected, hospitalized, and dead by 20%,
19%, and 15%, respectively. Aggressive contact tracing with a goal to
identify 50% of the asymptomatic and pre-symptomatic was also
projected to have a very significant positive impact with an average re-
duction of 66% of total infected. The average reductions in total infected
with 40%, 30%, and 20% contact tracing targets were found to be 58%,
41%, and 14%, respectively.

In what follows, we expound the results from our study. Figs. 6 and 7
show the simulation results for the retrospective examination scenarios
with average values (with 95% Cls in shade) of daily cumulative cases of
actual infected, reported, hospitalized, and dead. The blue dotted lines
represent the actual numbers of infected and dead as reported in the
Florida COVID-19 dashboard till June 24 (our calibration period was
till June 17).

Fig. 6 shows a strong influence of continuing with the stay-at-home
order in curbing the COVID-19 growth within approximately 6 months
from its inception with on average less than 5.8% of the population in-
fected, 0.15% hospitalized, and 0.037% dead; 50 or below daily new in-
fections was used as the criterion to consider that pandemic has
subsided in Miami-Dade County. Such a quick suppression of a virus
outbreak always leaves the possibility of resurgence, for which an effec-
tive plan of contact tracing, testing, isolation, and support for those iso-
lated (when needed) should be in place.

Fig. 7 shows the expected outcomes of continuing with the Phase I
order and the Phase II order. Fig. 7(a) demonstrates a clear upward
swing of the number of infected by the end of May as a result of Phase
I reopening, in contrast to stay-at-home scenario where the numbers
actually begin to drop at the end of May. The upward trajectory con-
tinues for nearly 12 months after reopening before curving down and
subsiding the pandemic in July 2021. This scenario would have resulted
in on average approximately 21% of the population infected (see fig.
(a)), 1.3% hospitalized, and 0.34% dead (see fig. (b)). Figs. 7(c) and 7
(d) depict the rather grim outcome of continuing with Phase I order
without face mask where over 75% of the population gets infected,
5.5% of the population hospitalized, and 1.3% dead. The steep multi-
fold increase in the number of infected in late June after the Phase II
reopening in June 5 results in an expected end of the pandemic via
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herd immunity by late October 2020. We note that at the time of
implementing the simulation model (late June 2020) to obtain the
above results, the percentage of hospitalized people that died was
quite high, especially at the higher age groups. However, by the time
of revising the manuscript per reviewer comments and resubmission
(early September 2020), the death rate of hospitalized COVID-19 cases
has dropped significantly. Hence our model's predictions for the num-
ber of deaths are much higher than what is expected.

Hereafter, we used our model in a prospective examination of the
pandemic progression under Phase Il with the use of face mask and con-
tact tracing. Universal use of face mask in workplaces, schools and com-
munity places, where maintaining social distancing is not always
feasible, was added to the Phase II guidelines starting June 25, 2020 in
Miami-Dade County. In an article that analyzed data from the literature
for SARS, MERS, and COVID-19 outbreaks, it is shown that the average
value of the adjusted odds ratio (aOR) of getting an infection after wear-
ing surgical variety face masks versus without wearing face mask is 0.33
[12]. This can be interpreted as the likelihood of getting infected if wear-
ing a surgical variety face mask is one third of what it would be for not
wearing a mask. Hence, we considered a 67% reduction in the transmis-
sion coefficient ([3{,) used in calculating the force of infection (see eq.
(1)), assuming a 100% compliance in the use of surgical variety masks
at workplaces, schools and community places. We also tested the im-
pact of 30% and 45% reductions in the transmission coefficient value
(), which translate to approximately 50% and 70% compliance for
face mask usage, respectively. The anticipated impact of face mask
usage together with Phase Il order on the average cumulative numbers
of infected are shown in Fig. 8(a). It also depicts the risk difference be-
tween the average values of cumulative infected without and with the
universal use of face mask. It may be noted that since the infections
grow slower with the use of face mask, the cumulative risk difference
rises to almost 875 K in the middle of August and then settles down
close to 430 K, when pandemic is predicted to subside by the end of No-
vember 2020. Fig. 8(b) depicts the daily values of the average infected
for Phase II without and with the universal face mask policy. As ex-
pected, the peak of daily infections with face mask usage shifted to a
slightly later date and the downward trend began after a smaller per-
centage (31%) of the total population are infected compared to 36%
without the use of face mask.

Though the universal use of face mask together with the Phase II
order is likely to reduce a large number of infections (an estimated
430 K), this strategy still leaves a high percentage (63%) of the total pop-
ulation infected before the pandemic is predicted to subside, likely after
reaching herd immunity. While a vaccine is still unavailable, perhaps

Phase |l continued vs. Phase Il with mask
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Fig. 8. (a): Impact of face mask usage starting June 25 (together with Phase Il order) on the average cumulative infected for all compliance levels; fig. (b): Impact of universal use of face

mask on the average daily infected.
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the only other way to reduce the size of this impacted population is
through contact tracing. We used our model to examine a number of
different contact tracing strategies by adding them to the scenario of
Phase II with universal face mask usage. We implemented contact trac-
ing starting June 30 with a number of different targets (20%, 30%, 40%,
and 50%) of identifying asymptomatic and pre-symptomatic cases. The
impact on the average cumulative values of actual infected and the re-
ported cases are shown in Figs. 9(a) and 9(b). It can be observed that
contact tracing can significantly reduce the number of people infected.
With the 50% target for contact tracing (which is an aggressive goal),
the average cumulative number of infected by the time the daily num-
ber of new infections falls below a threshold (possibly by the end of Sep-
tember 2020) would reduce to 581 K from over 1.73 million with Phase
Il and face mask alone (a 66% reduction). The corresponding reductions
in cumulative infections and the associated times for pandemic to sub-
side that can be expected from contact tracing targets of 40%, 30%, and
20% are 58% (mid-October), 41% (mid-November), and 14% (mid-De-
cember). It may also be noted that the impact of contact tracing target
on the reduction of cumulative infected is nonlinear. Figs. 9(c) and 9
(d) show the average cumulative numbers of hospitalizations and
deaths. Expected reductions in hospitalization achieved from contact
tracing targets of 50%, 40%, 30%, and 20% compared to the use of face
mask alone (during Phase II) are 71%, 62%, 43%, and 14%, respectively.
The corresponding expected reductions in the number of deaths are
70%, 62%, 43%, and 14%, respectively. We note again that since we com-
pleted our simulations runs in late June, the death rates of those hospi-
talized for all ages have dropped multi-fold during the months of July
and August. Thus, our predicted numbers of deaths as depicted in
Fig. 9(d) are much higher than what is expected.

Fig. 9(e) shows the impact of contact tracing starting on june 30,
2020 on the average daily infected values. It is interesting to note from
the figure that an aggressive contact tracing/testing and isolation of
those found infected appears to be capable of quickly turning the tide
on new infections. Various COVID-19 dashboards maintained by gov-
ernment and private agencies have been reporting data including num-
bers of infected (tested positive), hospitalized, and dead. But the actual
numbers of infected people in the outbreak regions remain a subject of
expert opinion. Speculations abound place the ratio of actual to reported
numbers of infected to as high as 10. As our simulation model yields es-
timates of the actual number of infected, we calculated the daily values
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of the ratio of average actual infected to average reported for a few sce-
narios: Phase II continued, Phase Il with universal face mask usage, and
Phase II with universal face mask usage and contact tracing with a 30%
target. Values of these ratios are shown in Fig. 9(f). It can be seen that
in the initial days of the pandemic, the ratios are very high (close to
30), which we believe is due to under testing together with long
reporting delay. However, as the testing of the symptomatic increased
and reporting delay decreased over time, the ratios came down sharply
to 10 and continued to fall to near 7. The ratios are expected to further
decrease gradually to about 2.5 as the predicted values of daily new in-
fections begin to fall starting late July and early August.

Discussion

We have presented in this paper an agent-based simulation model
for COVID-19 pandemic to serve as a policy evaluation tool for public
health decision makers. We have implemented the model on one of
the epicenters of COVID-19 outbreak in the U.S. (Miami-Dade County
of Florida, an urban metropolitan region with 2.8 million population).
The model implementation demonstrates the efficacy of our model in
both retrospective and prospective assessment of a number of social in-
tervention strategies via their impact on the numbers of infected, hospi-
talized, and deaths. We have analyzed sensitivity of a number of
intervention parameters (partial closures, compliance of face mask
usage, and contact tracing targets) in order to support the task of deci-
sion making by our public health policy makers.

Our simulation model is written in C/C++ and implemented using
GNU General Public License [25].

Our model offers the flexibility to implement a variety of societal
conditions including test availability, test reporting delay, stay-at-
home order, partial reopening, selective closures of schools and work-
places when infections reappear, use of face mask with various levels
of compliance, contact tracing, vaccinations, and use of antivirals. Only
a subset of these conditions has been examined and reported in this
paper. At the time of revising the manuscript for resubmission for pub-
lication, in order to retool the model to reflect changing conditions, we
further calibrated our model until July 15, 2020. The recalibrated model
was validated by comparing age-specific values of average number of
cases reported, hospitalized, and dead for months March to September
with the data published in the Florida COVID-19 dashboard for Miami-
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Fig. 10. Validation of calibrated simulation model using state reported surveillance numbers for cumulative reported cases. Fig. (a): Cumulative plot of the average reported cases from
simulation (with 95% Cl) along with surveillance data. Fig (b): Plot of the difference between cumulative values of average reported cases from simulation and surveillance.
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Dade County until September 30, 2020 [22]. See Fig. A2 in Appendix for
monthly comparisons. Fig. 10 (a) shows the cumulative values (with
95% confidence interval) of the average reported cases as obtained
from the recalibrated simulation model. The dotted line represents the
actual numbers of reported cases from the Florida COVID-19 dashboard.
Fig. 10 (b) shows the error between simulated and surveillance values
for the cumulative number of reported cases.

Our agent-based model has several limitations. First and foremost,
the simulation model is an abstraction of how a pandemic impacts a
large and complex society. Though our model deliberately introduces
some variabilities, somewhat pre-defined daily schedules are used to
approximate a highly dynamic contact process of an urban region.
Also, the contact process does not account for significant variabilities
in the types and lengths of interactions even within each mixing groups.
We did not assign geographic locations (latitude and longitude) for
households, businesses, schools, and community places, and assumed
them to be uniformly distributed over the region. It is common for
urban population centers and associated establishments to grow in clus-
ters, for which the contact patterns are expected to be different from
those in uniformly dispersed regions. We did not consider special
events like parties, games, and street protests, some of which are
known to have caused superspreading of the virus and case increases.
Finally, and perhaps most importantly, the model uses a large number
of parameters (listed in Tables A1 through A11 in the Appendix), and
hence the model predictions are influenced by the choice of those
values. We have used published data from the government archives
and research literature for most of the parameters. In absence of
established data source, we have used expert opinion and media

Appendix
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reports. Hence, the model results, as presented in this paper, are only
expected outcomes based on currently available information.

Each scenario of our case study with 10 replicates (with different
seeds) takes approximately 8-12 h to run in a standard desktop com-
puter with Intel Core i7 with 16GB memory. In the interest of presenting
our observations quickly to the public health decision makers, while
COVID-19 is still rampant in the region, we chose to use a limited num-
ber (10) of replicates. As the main purpose of this paper is to conduct a
broad what-if analysis, we do not believe that use of a small number of
replicates has negatively influenced our observations. The trends and
observations derived from our results are only intended to be used for
planning and guidance of public health decision makers.

As part of our continuing (future) work, we plan to use our model to
examine the impact of reopening of K-12 schools and colleges/universi-
ties for the new academic year, which began at the end of August and
early September. We also plan to use our AB model to assess efficacy
of various prioritization strategies (based on age, risk, and work groups)
for the vaccines that are anticipated to be available in limited quantities
by the beginning of 2021.
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Step-by-step approach for implementing the AB simulation model for a pandemic outbreak region.

In what follows, we present a detailed outline of a step-by-step approach for implementing our AB simulation model for a pandemic outbreak in a
region caused by influenza or respiratory viruses, as in COVID-19 that is affecting the world. The main body of the paper uses Miami Dade County
of Florida, USA as the case study region. Here we use another region, Boston city/Suffolk County, as an example.

Step 1: Model input data gathering.

The following data must be gathered as the first step for applying our AB simulation model to another region like Boston city/Suffolk County.
1) Population distribution by age: U.S. census bureau provides county specific age distribution data. For the chosen region, e.g., Boston city/Suffolk

county, this information can be found in [A1].

2) Household composition of adults and children: Family compsition with sizes of adults and children may not be directly available for all regions, it
can be calculated using other sources, like [A2], which provides Boston's households by type and size. Composition of adult and children in these
households can be assumed to be similar to another comparable city/county region in the U.S for which data is available.

3) Distribution of categories of workplaces: U.S. Census bureau provides, for various industry types, the number of establishments and the corre-
sponding size of employment[A3]. This national data can be proportioned for the specific region if county data is not avaialble.

4) Characterization of workplaces (essential or non-essential): Essential and non-essential workplace characterization can be gathered from state
level data, if available. In most regions within the U.S.,, this characterization can be assumed to be similar. A list of essential and non-essential
characterization for the state of Massachusetts can be found in [A4].

5) Employment levels at various workplace categories, and unemployment: This data is provided by U.S. Census for some counties and states. Refer to
[A3] for data for Boston. When this data is unavailable, national estimates can be used in proportion to the population of the region.

6) Percentage uninsured: U.S. Census data's quick facts provides this information [A5].

7) Distribution of schools (K-12, colleges and universities): Total number of schools and staffing levels are categorized as public and private. For in-
formation on public schools, see [A7], and for private schools, see [A8].

8) Distribution of school attendance (K-12, colleges and universities): Enrollment levels in public and private schools for K-12 and universities can be
found in [A6].

9) Social intervention policies: Multi-phased policies are commonly used in most regions in the U.S. However, the dates and the nature of these in-
tervention policies vary widely from region to region. For example, Alaska, Arizona and Georgia, among others, didn't have a mandatory face
mask policy, while other states did. Some states did not have a statewide policy, but each municipality adopted their own.

a) Lockdown policy: Time-varying policy applicable for Boston city/Suffolk County can be found in [A11].

b) Policies for phased lifting of social interventions: Time-varying policy applicable for Boston city/Suffolk County can be found in [A11].

c) Use of face mask: Boston implemented a facemask policy in early May in an executive order by the State [A9].

d) Implementation of contact tracing: Massachusetts state government provides a dashboard on the community health outcomes for COVID-19. De-
tails on the success of contact tracing in the communities along with the outcome measures varying over time can be found in [A10].

e) Policy for returning to school: School reopening policies also widely vary from state to state and also among counties within a state. Information
on Boston's public school reopening policy can be found in [A12]. It is important to frequently check sources on school policy as they are tran-
sient. For example, Boston planned to reopen on October 15, but shifted to October 22 after seeing an increase in the number of cases.
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10) Time varying testing of symptomatic and asymptomatic: Limited testing availability has been a serious concern in many U.S. regions that suffered
from a high level of disease spread. Time varying data on test availability and test outcome reporting delay are difficult to find in indexed liter-
ature during a pandemic. Hence, these can be assumed from regional news reports, test reporting data, and/or other grey literature.

11) Number of reported, hospitalized and deaths: Daily data and archived data on the number of people reported positive, hospitalized and dead can be
found from dashboard in [A10].

12) Probability of hospitalization for reported cases and probability of death for hospitalized: This can be calculated from [A10] based on age specific
reporting.

The information contained in the following tables for Miami Dade County are likely to be same for other regions like Boston city/Suffolk County.

13) Daily schedules for people can be assumed to be same as in Table AS5.

14) Disease natural history parameters for COVID-19 can be assumed to be same across regions within a country, see Table A6.

15) Some of the parameters in Table A7 for calculating the force of infection need to be calibrated (see Step 3). However, the remaining parameters in
Table A7 can be assumed to be same.

16) Self-isolation compliance for symptomatic cases, and quarantine compliance for household members can be assumed to be same for different
urban regions within a country, as in Table A10.

Step 2: Updating the simulation model.

Once the input data collection is complete, the next step is to update the model parameters as follows.

1) Update the simulation model with all gathered input data from step 1: After gathering data, it needs to be curated and transformed into .txt files to be

read by the simulation model. Some of the data are directly coded in the model, where applicable.

2) Decide simulation begin date: Simulation begin date depends on the outbreak region and is based on the date of the first reported case. Up to
14 days before the first reported case can be used as a potential date for simulation model to begin.

3) Decide simulation end date: Simulation end date is chosen as desired by the modeler.

4) Number of initial infected cases: Most Departments of Health (DOH) provide a count and characterization of the number of initial infected cases
with travel histories. One can identify these initial infected cases during the first month of the outbreak and use those cases to initiate social
mixing and community spread.

Step 3: Calibrate and validate simulation model.
Once the simulation model is updated with the input data for the region, the model is calibrated using a small applicable subset of input data and the
model output is validated with actual surveillance data from the region, as follows.
1) Generate multiple seeds for the uniform random variables that are used to calculate the probabilities of infection, hospitalization, death, testing, symp-
tomatic, disease severity, test sensitivity, compliance for isolation and quarantine, among others. Simulation output from each seed is considered a rep-
licate. Using output data from all replicates, an average value and a corresponding confidence interval for each output measure are calculated.
A set of initial values of the transmission coefficients for home, school, work, and community places are assumed (based on current literature and
published models for outbreaks of similar diseases). These transmission coefficients (along with other parameters, see Table A7) are used for cal-
culating force of infection, which is then used to calculate the probability of infection. Different sets of transmission coefficient values are selected
for different reference points in time in the simulation, depending on changes in social intervention status and significant current events. For ex-
ample, the transmission coefficients are appropriately calibrated (reduced) on the day universal use of facemask is announced. Also, percentage
testing of asymptomatic and pre-symptomatic are increased when contact tracing begins. Street protests combined with Independence Day hol-
iday in early July 2020 are examples of current events that may require adjustment of transmission coefficient values.

Other parameters that are considered suitable for the AB model calibration are probability of running errand that guides daily schedule and prob-

ability of employees reporting to work for essential and non-essential businesses. These values can also be assumed to change over time during a

pandemic depending on the phased intervention policies implemented by the government in the outbreak region.

4) The simulation is calibrated for a chosen period. In this study, the model was calibrated up to July 15th, as reported data was available until that

date for validation purposes at the time of model calibration.

Results for reported cases, hospitalized, and dead for all age groups are gathered from the simulation model for each seed.

Average values (with confidence interval) are computed for the numbers of reported, hospitalized and dead.

For model validation, the simulated average values for the reported, hospitalized, and dead and compared with actual surveillance data.

Alter calibration parameters as needed to obtain desired level of validation accuracy. Measure validation accuracy is calculated as the difference in

the seven-day moving average between simulated and surveillance data.

Step 4: Implement calibrated model for prediction

1) Run calibrated simulation model for all seeds for a desired prediction period beyond the calibration/validation time.

2) Extract age specific data for total infected, reported cases, hospitalized, and dead from simulation for each seed.

3) Report mean and confidence interval.
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Table A1
Age distribution of Miami-Dade population [47].
Age range Percentage
0-5 6.9
6-9 42
10-14 5.8
15-17 35
18-22 6.1
23-29 95
30-64 47.8
65-99 16.2
Table A2
Household composition of adults and children in Miami-Dade County of Florida, USA [37].
Household type Percentage
1 adult O children 23
1 adult 1 children 1
2 adults 0 children 26
1 adult 2 children 3
2 adults 1 children 6
3 adults 0 children 10
1 adult 3 children 1
2 adults 2 children 6
4 adults 0 children 8
1 adult 4 children 1
2 adults 3 children 8
3 adults 3 children 4
4 adults 3 children 3
Table A3

Distribution of educational institutions in Miami-Dade County; all children ages 6-22 are assumed to attend school; among all children in ages 0-5, only 50,540 are assumed to attend
school; the remaining children stay at home [36,50].

Agerange  School type Percentage  Number of schools ~ Number of classes ~ Average number of Average number of students in attending each school
in each school students in each class

0-5 Pre-K 26 190 14 19 266

6-9 Elementary 16 323 20 19 380

10-14 Junior 22 147 44 25 1100

15-17 Senior 13 232 22 19 418

18-22 College/University 23 9 375 50 18,750
Table A4
Distribution of different types of workplaces in Miami-Dade County. All industries and community places are classified into essential or non-essential. Essential industries remain func-
tional with a percentage of their workforce reporting during interventions like stay-at-h or phased reopening. Non: ial industries are considered to operate remotely. Essential

industries include wholesale trade, waste management and remediation services, agriculture, forestry, fishing and hunting, mining, quarrying, oil and gas extraction, utilities, construction,
manufacturing, transportation and warehousing. Non-essential industry includes finance and insurance, real estate and rental and leasing, professional, scientific and technical services,
management of companies and enterprises, administrative and support for waste andr diation services, educational services, other services except public administration.
Essential community includes grocery stores, convenience stores, pharmacies and drug stores, home centers, health care and social assistance. Non-essential community includes retail,
arts, entertainment and recreation and accommodation and food services. For details on education institutions, see Table A3. The total employed population in Miami-Dade County is
1,171,404 [45,46,48).

Category of workplaces Number of establishments Average number of people Number of mixing groups Average number of people
working in each in each establishment in each mixing group

Essential industry 19,378 6 1 6

Essential industry 356 100 2 50

Essential industry 205 200 4 50

Essential industry 81 400 8 50

Essential industry 12 600 12 50

Essential industry 6 1000 20 50

Non-essential industry 37,002 6 1 6

Non-essential industry 546 100 2 50

Non-essential industry 346 200 4 50

Non-essential industry 100 400 8 50

Non-essential industry 26 600 12 50

Non-essential industry 8 1000 20 50

Essential community 10,709 6 1 6

Essential community 237 100 2 50

(continued on next page)
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Table A4 (continued)
Category of workplaces Number of establishments Average number of people Number of mixing groups Average number of people
working in each in each establishment in each mixing group
Essential community 236 200 4 50
Essential community 41 400 8 50
Essential community 17 600 12 50
Essential community 19 1000 20 50
Non-essential community 14,571 6 1 6
Non-essential community 601 100 2 50
Non-essential community 296 200 4 50
Non-essential community 87 400 8 50
Non-essential community 32 600 12 50
Educational institution 190 42 14 3
Educational institution 323 60 20 3
Educational institution 147 176 L 4
Educational institution 232 66 22 3
Educational institution 9 1500 375 4
Table A5
Daily schedules for adults and children.
Employed Adults Unemployed Adults Children
Weekday (regular schedule + At work from 8 AM - 4 PM « Runs 3 errands during three randomly selected hours  « At school from 8 AM -
before social intervention) + One errand (for one hour) between 5 and 7 PM between 8 AM and 7 PM 3 PM

* Home from 7 PM - 8 AM
Runs 3 errands during three randomly selected hours
between 8 AM and 7 PM

Weekend (regular schedule
before social intervention)

If isolated or * Runs one errands during a randomly selected hour
Quarantined or under between 8 AM and 7 PM with probability 0.2
stay-at-home order (and applicable compliance probability)

If isolated or * Runs 2 errands during two randomly selected hours
Quarantined or otherwise between 8 AM and 7 PM with probability 0.4 in Phase

under Phase I or
Phase Il order

I and 0.8 in Phase II (and applicable compliance
probabilities for isolated and quarantined)

* Home from 7 PM - 8 AM
Runs 3 errands during three randomly selected hours
between
8 AM and 7 PM
Runs one errands during a randomly selected hour betweenStay at home
8 AM and 7 PM with probability 0.2 (and applicable
compliance probability)
Runs 2 errands during two randomly selected hours
between
8 AM and 7 PM with probability 0.4 in
Phase I and 0.8 in Phase Il (and applicable compliance probabilities for isolated and
quarantined)

* Home 4 PM - 8 AM
« Engages in 3 activities
from 8 AM -7 PM

+ Stay at home

Table A6

Disease natural history parameters of COVID-19.
Disease natural history parameters Average value
Latent period 3 days [27]
Incubation period 5.5 days [38]
Contagious period 9.5 days [27]
Asymptomatic percentage 35% (7]
Health outcome parameters Average value
Percent of Florida residents without health insurance 20% [49]

Time to visit doctor for symptomatic

Symptomatic (who visits/consults doctor) not hospitalized assumed to be recovered for normal activity

Symptomatic who do not visit/consult doctor assumed to resume normal activity
Time to hospitalization
Hospitalized period / time to recovery/death for hospitalized

1-2 days after onset of symptoms

14 days from after doctor visit

8.5 days after onset of symptoms

5-9 days after onset of symptoms [23]
9-12 days after hospitalization [8]

Table A7
Parameters of the force of infection (eq. (1)).

Parameter Description Value

Ik Infected status of an individual k

Br Transmission coefficient at home*
0.7
0.015
05
05

B Transmission coefficient at school, work, and School

community places®

1 if infected and 0 otherwise

Period

Before
stay-at-home
orders

During
stay-at-home
orders

During Phase |
During Phase Il

Work Community Period
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Table A7 (continued)
Parameter Description Value
0.7 0.8 0.18 Before stay-at-
home order
0.0 0.025 0.0065 During stay-at-
home order
0.0 0.5 0.057 During Phase |
0.0 0.5 022 During Phase Il
K(t) Infectiousness at time ¢ (t denotes the elapsed time Lognormal function value at t with
after completion of latency)® p = 116315081 and o = 0.668047
Px Relative infectiousness of individual k® 1
Ce Scaling factor for mild/asymptomatic vs severe 1 if severe/symptomatic, O for
infection® mild/asymptomatic
o Scaling factor for infectiousness for a mild vs severe 2 for severe infection relative to a mild one
infection®
« Scaling factor for household size® 08
n; Number of people in the household of individual i Calculated from simulation
m} Number of people in the place type j where individual i Calculated from simulation

1s

# Choice of these parameters were guided by Ferguson [18], literature estimates of RO

for SARS-CoV-2, and prevailing interventions. Transmission coefficients were subsequently calibrated to arrive at the values given here.
b parameters of the lognormal distribution function were selected to have the mean

length of infection as 4 days and a standard deviation of 3 days [27].
© Selected from Ferguson [18].

Table A8
Social intervention order timeline for Miami-Dade County [44].
Intervention policy implemented Date of implementation Day of Simulation
at Miami-Dade County, Florida, USS.
Stay at home policy March 172,020 35
Phase | reopening May 182,020 97
Phase Il reopening June 52,020 115
Mandatory usage of Face mask June 252,020 135
Contact tracing (assumed to begin) June 302,020 140
Table A9
Time varying data of testing rate, test sensitivity, and test result reporting delay. (values are based on expert opinion, news reports, and Florida COVID-19 Dashboard data [22])
Date range Proportion of asymp ic cases randoml Proportion of symptomatic Test sensitivity Test result reporting delay
tested (before contact tracing) cases who are tested”
Feb 12,2020 - March 12, 2020 0.05 0.2 0.8 10
March 13, 2020 - April 11, 2020 0.05 0.2 08
April 12,2020 - May 11, 2020 0.06 0.3 0.8 7
May 12, 2020 - June 5, 2020 0.07 0.6 0.8 6
June 6, 2020 - July 10, 2020 0.1 0.85 08 2
July 11, 2020 onwards 0.1 09 09 2

* Test result reporting delay appeared to have increased again to up to a week or more
in Florida, but not implemented in the model.

Table A10

Self-isolation compliance for symptomatic cases and quarantine compliance for household members.
Parameter Value*
Isolation compliance of adults in Part I of symptomatic period 75%
Isolation compliance of adults in Part Il of symptomatic period 95%
Isolation compliance of adults in Part IIl of symptomatic period 90%
Isolation compliance of children in Part | of symptomatic period 80%
Isolation compliance of children in Part I of symptomatic period 99%
Isolation compliance of children in Part Il of symptomatic period 95%
Duration of Part I of symptomatic period 1.5 days
Duration of Part Il of symptomatic period 3.5 days
Duration of Part IIl of symptomatic period 2 days
Quarantine compliance of susceptible in households with infected 75%

* Values are assumed based on expert opinion.
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Table A11

Probability of hospitalization for reported cases and probability of death for hospitalized [21].

Global Epidemiology 2 (2020) 100036

Age range Probability of hospitalization among those reported Probability of death among those hospitalized
0-4 0.08 0.00
5-14 0.03 0.00
15-24 0.04 0.01
25-34 0.06 0.03
35-44 0.10 0.05
45-54 0.14 0.07
55-64 0.20 0.13
65-74 034 0.25
75-84 046 037
85-100 0.49 0.57
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social mixing of susceptible and infected individuals. Data representing population de-
mographics, SARS-CoV-2 epidemiology, and social interventions guides the model's
behavior, which is calibrated and validated using data reported by the government. The
model indicates a modest but significant increase (8.15%) in the total number of reported

gg,‘fgi‘:; cases in the region for a complete (100%) reopening compared to keeping schools and
SARS-CoV-2 colleges fully virtual. For partial returns of 75% and 50%, the percent increases in the
Agent-based simulation model number of reported cases are shown to be small (2.87% and 1.26%, respectively) and sta-
School reopening tistically insignificant. The AB model also predicts that relaxing the stringency of the
School transmission rate school safety protocol for sanitizing, use of mask, social distancing, testing, and quaran-
Age-specific impact tining and thus allowing the school transmission coefficient to double may result in a small

increase in the number of reported infected cases (2.14%). Hence for pandemic outbreaks
from viruses with similar characteristics as for SARS-CoV-2, keeping the schools and col-
leges open with a modest campus safety protocol and in-person attendance below a
certain threshold may be advisable.
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1. Introduction

When the COVID-19 pandemic hit the U.S. in late February of 2020, policy makers across the nation implemented a
lockdown by closing non-essential businesses and switching to virtual operation for schools/colleges and some of the
essential workplaces. By August 2020, as several regions in the U.S. saw a decline in the number of new cases, the school
districts decided to either partially or fully reopen school/college campuses for students to return. We developed a plan for a
model-based study of the impact school/college reopening had on the community by comparing the increase in the number
of infected cases between continued virtual operation and various levels of reopening (50%, 75%, and 100%). Since many
adverse events took place soon after reopening of schools/colleges in September of 2020, such as setting in of the winter
weather prompting people to be indoors, U.S. presidential election rallies in September and October, Thanksgiving holidays in
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Abbreviations

List of abbreviations and acronyms

AB Agent-based;

Cl Confidence interval

SEIR Susceptible exposed infected recovered/removed
SARS-CoV-2 Severe acute respiratory syndrome coronavirus 2
COVID-19 Coronavirus Disease 2019

CDC Centers for Disease Control and Prevention

SARS Severe Acute Respiratory Syndrome

pre-K  Pre-kindergarten

the last week of November, and Christmas holidays, the total number of infections increased immensely in the last months of
2020. Hence, a key question that we examined is what portion of the increased cases was contributed by the reopening of
schools/colleges. This paper presents our findings and conclusions, which we believe will be useful for decision makers in
potential future pandemic outbreaks of similar (SARS) virus types.

To aid our investigation, we developed a comprehensive AB simulation model that mimics pandemic spread using COVID-
19 outbreak in an urban outbreak region as a case study; the region we focused on is Miami-Dade County of Florida, USA with
2.8 million population. The AB model yields estimate for age-stratified numbers of actual infections, reported cases, hospi-
talized, and dead. The model was calibrated and validated using publicly available data from the region until end of
September 2020 as schools reopened on September 30. We froze the model parameters to their calibrated values till end
September and ran the simulation till the end of December 2020 with school reopening as the only major new event. We
examined various reopening scenarios (e.g., 50%, 75%, and 100% return to campus) and different estimated values of trans-
mission coefficients at schools and colleges. Transmission coefficients were assumed to be 1.5x, 2x, 2.5x, and 3x the estimated
transmission coefficient for essential workplaces, where control measures are easier to implement and maintain. Results from
different scenarios were compared with those for the respective base cases (0% student return and 1.5x school transmission
coefficient).

For pandemics before COVID-19, school closure was considered an important and impactful social intervention (Sypsa &
Hatzakis, 2009). Several studies examined the impact of school closure strategies (Cauchemez et al., 2009; Earn et al., 2012;
Germann et al., 2006; Halder et al., 2010; Lee et al., 2010; Sypsa & Hatzakis, 2009). However, the strategies evaluated in many
of these studies were implemented for a limited time window, after which a complete reopening occurred with minor
variations. In contrast, COVID-19 has persisted for most of 2020 and is continuing into 2021, and thus, in addition to school
closure policies, there is also a need to understand school reopening policies. Another distinctive difference between COVID-
19 and the past pandemics is that the latter have mostly been caused by influenza viruses, which affects children and older
adults more than the other age groups, whereas COVID-19 affects older adults more.

Several studies have evaluated the impact of school closure and reopening for COVID-19. Although most studies have
concluded that school reopening may not pose a significant burden on the epidemic (Courtemanche et al., 2020; Iwata et al.,
2020), some others have contradicted this statement (Domenico et al., 2021; Head et al., 2020; Keeling et al., 2020). Study
presented in (Keeling et al., 2020) used an SEIR transmission model to evaluate eight different strategies under varying
degrees of mixing by reopening schools for different class groups. They concluded that reopening increases mixing, however
this can be constrained to keep the reproductive number under 1 using interventions. A similar conclusion was drawn from a
different study (Domenico et al., 2021) that used a stochastic discrete age-structured transmission model that implemented a
progressive and prompt reopening strategy with varying percentage of attendance. Study presented in (Head et al., 2020)
evaluated reopening under two susceptibility assumptions (one where ages below 20 are half as susceptible as adults, and the
other where young population is equally as susceptible as adults) and two transmission contexts (high and moderate
community transmission). They recommended a hybrid-learning approach within smaller cohorts of 20 students for
elementary schools and 10 students for high schools.

Our choice of the use of an agent based (AB) simulation model was deliberate to accommodate population and regional
demographics and fine-grained dynamics of the pandemic, as well as the range of time-varying social interventions that were
in place. Most available SEIR type continuum models are often only qualitative approximations that compromise epidemi-
ological realism (Siettos & Russo, 2013), which is especially true for a complex and stochastically evolving pandemic like
COVID-19. However, for AB models, uncertainty in parameters including structure of the contact network, distribution of
individual attributes, and presence of feedbacks could expand the confidence ranges of the outputs (Rahmandad & Sterman,
2008). As age played a critical role in the transmission, disease progression, hospitalizations, and deaths in COVID-19, our
ability to calibrate and validate an age-stratified model and obtain age-stratified predictions was also a significant benefit of
choosing the AB modeling approach. However, in the interest of conciseness of the paper, we have presented only cumulative
results and have not shown their age-stratified breakdowns. Readers are referred to (Tatapudi et al., 2020) for age-stratified
results.
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2. Methodology

Original version of our AB simulation model for COVID-19 was presented in (Tatapudi et al., 2020). The model is partic-
ularized for an urban metropolitan region in the U.S. (Miami-Dade County of Florida with 2.8 million population). The AB
model generates individual people according to the U.S. census data (by age and occupational distribution), households (by
adult and children distribution), schools, workplaces, and community locations. A daily (hour by hour) schedule is assigned to
every individual, chosen from a set of alternative schedules, based on their attributes. The model also incorporates temporal
changes in the social interventions that were in place during most of 2020. Interventions include complete and partial
lockdowns, school closure and reopening, face mask mandate, and limited contact tracing. The model also considers varying
levels of compliances for isolation and quarantine, lower on-site staffing levels of essential work and community places

Generate each person in the
region in all age groups per
census data
Assign each person either a Assign each person weekday and
school (pre-K, K-12, college), weekend hourly schedules for
workplace, or unemployed full/partial lockdown periods
Assign each person to a household status, per census data and prior
of different adult/child composition
per census data Workplaces are: Essential and non- A schedule is comprised of
ial industry, ial and school/workplace activity, errands
non-essential community places, in community places, or stay at
and schools home
s
Sehadiiles are ouided Ellc'h person follows A few infe)ded)people
by intervention policy daily ule and are introduced to the
currently in place ) facilitates social mixing region
* Hourly location of each
person is recorded
» Susceptible and infected in
mixing groups are
identified
!
Fo i ion i
oﬁzﬁnﬁgy; g + Calculate the “force of ( Viral activity of an
+ Social distancing infection” for each infected vares based
«  Use of face mask susceptible contact o ”.w S{me $ince
*  School/work + Generate new infected infection
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Track COVID-19 Infected are
disease natural history ymp tic or
of all infected asymptomatic
¥
Some asymptomatic are For all symptomatic infected, track:
identified via tracing/testing + Visitation/consultation with doctor (i tracing
Tested are isolated at home T atin T and renor identi
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+ dead, and
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Fig. 1. A flow diagram for the agent-based simulation model for COVID-19 (Tatapudi et al.,, 2020) {Color}.
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during stay-at-home order, restricted daily schedule of people during various social intervention periods. The AB model
reports daily and cumulative values of actual infected, doctor visits, tested, reported cases, hospitalized, recovered, and
deaths, for each age category. For more specific details on the input data used for building the model, the algorithmic
sequence, and the functional structure of the simulation model, reader is referred to (Tatapudi et al., 2020). Fig. 1 shows the
schematic diagram depicting the algorithmic sequence for the AB simulation model. The model was calibrated using pa-
rameters for transmission coefficients at home, work, school, and community places (see (Tatapudi et al., 2020)). Calibration
was done so that the daily cumulative numbers of reported cases from the AB simulation model closely matched the values
published in the Florida COVID-19 dashboard until September 30, 2020. Fig. 2 shows the daily cumulative reported cases of
infection (average from 13 runs with 95% confidence intervals) from AB simulation model. The dotted line in Fig. 2 shows the
cumulative case growth from the surveillance data from the Florida COVID-19 dashboard for Miami-Dade County (Florida’sD-
19 Data a).

3. Results

We used our model to predict the incremental growth of infected cases, reported cases, hospitalizations, and deaths for the
region for various levels of student return and an estimated value of the school transmission coefficient (2.0x), assuming that
the social mixing conditions other than school reopening are the same throughout the remaining months of 2020. Results are
compared with the baseline scenario of 0% return, in which operation of all schools and colleges remains fully virtual until the
end of the year 2020. In Miami-Dade County, 21.5% of the population (approximately 600,000 out of 2.8 million people) attend
schools (pre-K through 12th grade) and colleges (community colleges, four-year colleges, and universities). Fig. 3 summarizes
the model outcomes for all four levels of return to school, i.e., 0%, 50%, 75% and 100%. In the model implementation, for
scenarios with partial return (50% and 75%), students were rotated. The graphs show average values with 95% C.I. (from
thirteen simulation runs with different seeds) of the cumulative numbers of (actual) infected cases, reported cases, hospi-
talized, and dead. Since the ClIs for different level of returns mostly overlap with each other, the average and the CI values for
the last day of simulation are noted on figures. As expected, shortly after the schools and colleges reopen (September 30), the
curves begin to diverge. Table 1 summarizes the numerical values of the outcomes from the graphs in Fig. 3 for December 31,
2020. The average numbers do increase for reopening with 50% and 75% returns, but the increases are small. For example, the
cumulative reported cases by the year end are higher than the base case with 0% return by only 1.26% (p-value 0.59) and 2.87%
(p-value 0.22), for 50% and 75% returns, respectively). Notably, the percentage cumulative increase in reported cases for 100%
return is almost threefold higher compared to 75% return. When compared with the base case with 0% return, 100% return
resulted in a significantly higher cumulative reported cases (by 8.15% with p-value 0.00118). It can also be seen from Fig. 3 that
for up to 75% return, the daily reported cases reach a decreasing pattern by December 31 and fall near or below a threshold of
100 new daily cases. Whereas for 100% return, the trend for cumulative reported cases remains increasing and the daily
reported number on December 31 is still relatively high at 390. It appears that the social mixing process caused by student
return of higher than 75% crosses a threshold leading to a sustained (non-decreasing) pattern of new infections until the end

—— Avg reported from 10 runs
----- Actual reported

Number of cases

Fig. 2. Cumulative plot of the reported cases of infection from AB simulation (average with 95% CI in shade) from Feb 2020—-Dec 2020 along with surveillance
data in dotted line. {Color}.
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Fig. 3. Sensitivity analysis with various levels of school reopening on September 30, 2020 (between no return to 100% return) on the spread of COVID-19
assuming school transmission coefficient is 2.0x times the workplace transmission coefficient {Color}.
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Table 1
Summary of COVID-19 outcomes on Dec 31, 2020 for various levels of student return to school and colleges, as reported by the AB simulation model; the
numbers correspond to school transmission coefficient being 2.0 x transmission coefficient at workplaces.

Percentage of student return

Outcomes on Dec 31, 2020 0% (base case) 50% 75% 100%

Daily reported cases 34 59 113 390
Cumulative infections (%increase over base case) 574261 580242 (1.04%) 587999 (2.39%) 614932 (7.08%)
Cumulative reported cases (%increase over base case) 195736 198204 (1.26%) 201356 (2.87%) 211689 (8.15%)
Cumulative hospitalizations (%increase over base case) 9178 9217 (0.42%) 9262 (0.92%) 9421 (2.65%)
Cumulative deaths (%increase over base case) 2818 2833 (0.53%) 2843 (0.89%) 2884 (2.34%)

of the year. Since the numbers of hospitalization and deaths are derived from the reported cases, graphs for those display
similar patterns.

Hereafter, we conducted a sensitivity analysis for the transmission coefficient at schools and colleges. Ensuring effective
safety protocol at schools and colleges is resource intensive and many school districts don't have the human and financial
wherewithal to adopt a safety protocol (cleaning, sanitizing, social distancing, testing, and quarantining) of the highest
standard as recommended by CDC (Centers for Disease Contr, 2020). Consequently, the transmission coefficient may vary
significantly among schools and colleges. In our sensitivity analysis, we have examined a number of scenarios where
transmission coefficient at schools and colleges are 1.5x, 2.0x, 2.5%, and 3x that of the workplaces (offices and businesses); we
have assumed 1.5x as the base case. For this analysis, we maintained the level of student return at 50%, since a survey of
Miami-Dade County school district showed that nearly 50% of students intended to return to campus (Strauss, 2020).

Fig. 4 depicts the outcomes from scenarios with four different transmission coefficient values at schools and colleges. Table
2 summarizes the numerical values of the outcomes from Fig. 4 for December 31, 2020. The impact of increase in transmission
coefficient for schools and colleges follow an expected increasing trend. However, the increases in cumulative reported cases
for scenarios with 2.0x, 2.5x, and 3.0x transmission coefficients compared to the base case of 1.5x were not statistically
significant (p-values are 0.80, 0.59, and 0.36, respectively).

4. Discussion

This study presents an AB simulation model aided investigation of how the reopening of schools and colleges likely has
impacted the numbers of actual infected, reported, hospitalized, and dead from COVID-19 pandemic in a densely populated
urban region of U.S.A. The AB model is highly flexible and is able to mimic scenarios with a number of chosen levels (%) of
students returning to schools and colleges for in-person instruction. The model also accommodates varying levels safety
precautions adopted by schools and colleges represented by the values of the transmission coefficient. Results of the model-
based investigation can be summarized as follows: 1) for up to 75% return, new additional cases from reopening of schools
and colleges is likely to be small, 2) 100% return is expected to cause a steady but modest increase in the number of additional
cases till the end of the year, and 3) even when the transmission coefficient at schools and colleges is three times that of the
workplaces, a scenario that is indicative of inadequate safety practice, additional number of reported cases is not expected to
rise drastically (less than 2.5%). In summary, in order to reduce incremental infections from school reopening, keeping the
level of student return below a threshold appears to be important. Also, not having the resources to implement a very high
level of campus safety protocol may not be a critical barrier to school reopening. Our findings appear to concur with those
reported in the recent studies and media reports (Auger et al., 2020; Gewertz, 2020; Insights for education. C, 2020; Lopez,
2020; Mandavilli, 2020; Taxin & Beam, 2020). It is worth mentioning, as noted in the introductory paragraph, that the actual
number of infections, hospitalizations, and deaths reported between September and December of 2020 were much higher
than predicted by our model. For example, the number of reported infections by end of December 2020 in Miami-Dade
County was almost 100 K higher than predicted by the model. It is common knowledge that this sharp increase in the
months following school reopening was caused by multitudes of other events leading to higher social mixing that took place
in the U.S. Our model allowed us to maintain the societal conditions at the pre-school reopening status and thus examine the
true impact of school reopening.

The AB model has limitations as it is an abstraction of how a pandemic impacts a large and complex society. A limited
number of pre-set daily schedules are used to approximate a highly dynamic contact process, and it does not account for
variabilities in types and lengths of interactions. All the schools, work, and community places are assumed to be uniformly
distributed in the simulated region, though they usually tend to grow in clusters in urban settings. We also did not implement
the quarantining and on-campus testing in schools and colleges. At the time of completing this short communication, we have
also completed a study examining two issues for COVID-19: the impact of vaccine (Pfizer/BioNTech and Moderna) admin-
istration in the early months of 2021, and an efficacy comparison among different prioritization strategies being considered
by various countries and localities. Our findings are presented in (Tatapudi et al., 2021).
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Fig. 4. Sensitivity analysis with various values of school transmission coefficient (considered to be 1.5x to 3.0x of the workplace transmission coefficient) on the
spread of COVID-19 with 50% of the students returning to campus for in-person instruction beginning on September 30, 2020 {Color}.
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Table 2
Summary of COVID-19 outcomes on Dec 31, 2020, obtained from the AB simulation model for 50% student return and various transmission coefficient values.

Transmission coefficient at school

Outcomes on Dec 31, 2020 1.5 x transmission coefficient of 2.0 x transmission 2.5 x transmission 3.0 x transmission
workplaces (base case) coefficient of workplaces coefficient of workplaces coefficient of workplaces
Daily reported cases 46 59 80 101
Cumulative infections (%increase 577604 580242 (0.46%) 583327 (0.99%) 587611 (1.73%)
over base case)
Cumulative reported cases (% 197065 198204 (0.578%) 199484 (1.23%) 201259 (2.13%)
increase over base case)
Cumulative hospitalizations (¥ 9197 9217 (0.22%) 9227 (0.33%) 9269 (0.78%)
increase over base case)
Cumulative deaths (%increase 2826 2833 (0.248%) 2832 (0.21%) 2845 (0.67%)

over base case)
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as quickly as possible, after providing for the most vulnerable. As much of the population worldwide is yet to be
vaccinated, results from this study should aid public health decision makers in effectively allocating their limited

vaccine supplies.

Keywords: Vaccination strategies, COVID-19, Agent-based simulation model, Vaccination policies, Vaccination

prioritization
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ABSTRACT

Background

Approval of novel vaccines for COVID-19 had brought hope and expectations, but not without additional
challenges. One central challenge was understanding how to appropriately prioritize the use of limited supply of
vaccines. This study examined the efficacy of the various vaccine prioritization strategies using the vaccination
campaign underway in the U.S.

Methods

The study developed a granular agent-based simulation model for mimicking community spread of COVID-19
under various social interventions including full and partial closures, isolation and quarantine, use of face mask and
contact tracing, and vaccination. The model was populated with parameters of disease natural history, as well as
demographic and societal data for an urban community in the U.S. with 2.8 million residents. The model tracks daily
numbers of infected, hospitalized, and deaths for all census age-groups. The model was calibrated using parameters
for viral transmission and level of community circulation of individuals. Published data from the Florida COVID-19
dashboard was used to validate the model. Vaccination strategies were compared using a hypothesis test for pairwise
comparisons.

Results

Three prioritization strategies were examined: a minor variant of CDC’s recommendation, an age-stratified strategy,
and a random strategy. The impact of vaccination was also contrasted with a no vaccination scenario. The study
showed that the campaign against COVID-19 in the U.S. using vaccines developed by Pfizer/BioNTech and
Moderna 1) reduced the cumulative number of infections by 10% and 2) helped the pandemic to subside below a
small threshold of 100 daily new reported cases sooner by approximately a month when compared to no vaccination.
A comparison of the prioritization strategies showed no significant difference in their impacts on pandemic
mitigation.

Conclusions

Even though vaccines for COVID-19 were developed and approved much quicker than ever before, their impact on
pandemic mitigation was small as the explosive spread of the virus had already infected a significant portion of the
population, thus reducing the susceptible pool. A notable observation from the study is that instead of adhering

strictly to a sequential prioritizing strategy, focus should perhaps be on distributing the vaccines among all eligible
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INTRODUCTION

SARS-CoV-2 and resulting COVID-19 disease has been raging world-wide since early 2020, killing over 2.0
million globally and nearly 450,000 in the United States by the end of January 2021 [1]. A significant winter swell
in cases was underway in the U.S. between November 2020 and January 2021 despite protective measures in place
such as face mask usage, limited contact tracing, travel restrictions, social distancing practices, and partial
community closures. To combat this, many promising novel vaccines were developed, of which two
(Pfizer/BioNTech and Moderna) were authorized for emergency use in mid-December 2020 by the U.S. Food and
Drug Administration (USFDA) [2]. Data from initial trials of cohorts greater than 30,000 people showed that these
vaccines, given in two doses, were safe and have ~95% effectiveness in preventing COVID-19 [3]. Vaccine

deployment in the U.S. began soon after USFDA approval.

Implementing an effective vaccination campaign was essential to dramatically reduce the infection, hospitalization,
and death rates, but posed many unique challenges. Vaccine prioritization and allocation strategy was at the
forefront of the challenges to effectively vaccinate communities. Strategy was influenced by a number of key
factors: 1) limited initial vaccine supply in the months following release, 2) transmission and severity of COVID-19
varying by segment of the population, 3) vaccine approvals only for adults, and 4) acceptability and compliance in

the community for two dose vaccination [4].

U.S. Centers for Disease Control (CDC) released an outline prioritizing healthcare personnel, first responders,
persons with high risk medical conditions for COVID-19, and older adults >65 years. These groups were given
priority for vaccination in phase 1, when supply was limited. In phase 2 (supply increased to begin to meet demand)
and phase 3 (supply was greater than demand), other population groups were vaccinated based on age and
availability [5]. Vaccine allocation structures with basic similarities and some key differences were used by
countries around the world. For example, after healthcare workers, France’s vaccine allocation scheduled other
general workers regardless of age who they had determined to be at high risk of contracting and spreading the virus
due to contact with the general public. This includes retail, school, transportation, and hospitality staff [6]. Such
differences in vaccine prioritization strategies were untested at the time of the study and warranted modeling and

examination.
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The goal of this paper was to investigate the impact of vaccination on the pandemic via outcome measures such as
numbers of infected, hospitalized, and deaths in the months following December 15, 2020 when vaccination would
begin in the U.S. Two specific objectives of our investigation were: 1) to assess the expected impact of the
vaccination program on mitigating COVID-19, and 2) to inform public health officials on the comparative benefits,
if any, of the different vaccine prioritization strategies. We conducted our investigation by using our agent-based
(AB) simulation model for COVID-19 that was presented during the early phase of the pandemic [7]. For this study,
we first extended calibration of our model till December 30, 2020 to ensure that our model appropriately tracked the
explosive increase in cases that started with the onset of winter and the year-end holiday period in 2020. We then
enhanced the AB simulation model by adding a framework for vaccination. This included: vaccination priorities for
people based on attributes including profession and age, use of two different vaccines by Pfizer/BioNTech and
Moderna with their contracted quantities and approximate delivery timelines, vaccine acceptance, transition period

between each priority group, vaccination rate, and immunity growth for vaccinated starting with the first dose.

As in [7], we implemented our calibrated AB model, augmented with vaccination, for Miami-Dade County of the
U.S. with 2.8 million population, which had been an epicenter of COVID-19 in the U.S. We conducted our
investigation by implementing a number of prioritization strategies and obtaining the corresponding numbers of total
infections, reported infections, hospitalizations, and deaths. The strategies implemented were 1) minor variant of the
CDC recommended strategy, 2) age stratified strategy, and 3) random strategy. We also implemented a no
vaccination case. These strategies are explained in a later section. We compared and contrasted the results to assess
vaccination efficacy and relative performances of the priority strategies. We made a number of key observations
from the results, which we believe will help public health officials around the world to choose effective vaccine

prioritization strategies to mitigate the negative impacts of COVID-19.

LITERATURE REVIEW

On a global scale, equitable and ethical distribution of vaccines for all (low, medium, and high-income) countries is
an important question. As the world leader in promoting global health, World Health Organization (WHO) released

an evidence-based framework for vaccine-specific recommendations [8]. WHO proposed vaccine prioritization for
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three potential scenarios of transmission: community transmission, sporadic cases or cluster of cases, and no cases.
Each scenario has three stages and focuses on different risk groups. COVID-19 pandemic resembles “community
transmission.” For this, the first stage focused on healthcare workers and older adults with highest risk; second stage
continued the focus on older adults and people with comorbidities, sociodemographic groups, and educational staff;
and the third stage focused on essential workers and social/employment groups unable to physically distance

themselves.

National Academy of Sciences, Engineering, and Medicine (NAESM) developed a more comprehensive phased
framework for equitable allocation of COVID-19 vaccine [9]. The first phase prioritized healthcare workers and first
responders, people with high risk comorbidities, and older adults in crowded living conditions; second phase
focused on K-12 school staff and child care workers, essential workers, people with moderate risk comorbidities,
people living in shelters, physically and mentally disabled people and staff that provide care, employment settings
where social distancing was not possible, and remaining older adults; third phase prioritized young adults, children,
and workers; and fourth phase included everyone else. No specific studies had been presented to the literature at the

time of this research that had evaluated the efficacy of the proposed vaccination priorities for mitigating COVID-19.

A number of studies can be found in the literature on vaccination strategies for controlling outbreaks of other
viruses. The work presented in [10] analyzes the effect of both CDC guided targeted vaccination strategy as well as
a mass vaccination strategy for seasonal Influenza outbreaks in the U.S. The study found that a mass vaccination
policy reaped the most benefits both in terms of cost and quality-of-life years (QALYSs) lost. Authors in [11] use a
genetic algorithm to find optimal vaccine distribution strategies that minimize illness and death for Influenza
pandemics with age specific attack rates similar to the 1957-1958 A(H2N2) Asian Influenza pandemic and the
1968-1969 A(H3N2) Hong Kong Influenza pandemic. They consider coverage percentage under varying vaccine
availability and developed an optimal vaccination approach that was 84% more effective than random vaccination.
A study reported in [12] examined vaccination to prevent interpandemic Influenza for high-risk groups and children,
and recommended concentrating on schoolchildren, who were most responsible for transmission, and then extended
to high-risk groups. A compartmental model in [13] was used to develop optimal strategies to reduce the morbidity
and mortality of the HIN1 pandemic. The study found that age specific vaccination schedules had the most

beneficial impact on mortality.
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It can be concluded from the above review of relevant literature that there is no ‘one size fits all’ strategy for
vaccination to either prevent a pandemic outbreak or mitigate one. Virus epidemiology and corresponding disease
characteristics, as well as the efficacy and supply of the vaccine must be considered in developing an effective
vaccination prioritization strategy. Our paper aims to address this need by presenting a detailed AB simulation

modeling approach and using it to assess efficacy of vaccine prioritization strategies for COVID-19.

METHODOLOGY

Published COVID-19 modeling approaches were either data-driven models, as in [14]-[18], or variants of SEIR type
compartmental models as in [19]-[23]. Data driven models are very well suited for understanding the past
progression of a pandemic and also for estimating parameters characterizing virus epidemiology. However, these
models offer limited ability to predict the future progression of a pandemic that could be dynamically evolving with
regards to virus epidemiology, disease manifestations, and sociological conditions. Compartmental models, on the
other hand, are aggregate in nature and do not adapt well to changing dynamics of disease transmission. An AB
modeling approach is considered to be more suitable for a detailed accounting of individual attributes, specific
disease natural history, and complex social interventions [24]. Hence we adopted the AB model approach to conduct

our study.

The AB simulation-based methodology was particularized using data for Miami Dade County of Florida, with 2.8
million population, an epicenter for COVID-19 spread in the South-Eastern United States. A step by step approach
for building such a model for another region can be found in [7]. The methodology began by generating the
individual people according to the U.S. census data that gives population attributes including age (see Table Al in
[7]) and occupational distribution (see Table A4 in [7]). Thereafter, it generated the households based on their
composition characterized by the number of adults and children (see Table A2 in [7]). The model also generated, per
census data, schools (see Table A3 in [7]) and the workplaces and other community locations (see Table A4 in [7]).
Each person was assigned a workplace and household based on the numbers, sizes, and compositions of households,
schools and workplaces derived from census data (see Tables A2, A3, and A4 in [7] for distribution of household,
schools, and workplaces, respectively). A daily (hour by hour) schedule was assigned to every individual, chosen
from a set of alternative schedules based on their attributes. The schedules vary between weekdays and weekends

7
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and also depend on the prevailing social intervention orders (see Table Al in Additional file 1). The methodology
incorporated means to implement a number of intervention orders including full and partial closures/reopening of
schools and workplaces [7], [25], isolation and quarantine of infected individuals and household members, use of
face mask, contact tracing of asymptomatic and pre-symptomatic individuals, and vaccination priorities. The

timeline for interventions implemented in the model are summarized in Table 1.

Table 1: Social intervention order timeline for Miami-Dade County

Intervention policy implemented Date of implementation | Day of

at Miami-Dade County, Florida, U.S. Simulation
Stay at home policy March 17 2020 35

Phase I reopening May 18 2020 97

Phase II reopening June 5 2020 115
Mandatory usage of face mask June 25 2020 135
Contact tracing (assumed to begin) June 30 2020 140

Phase III reopening September 25 2020 227

School reopening September 30 2020 232
Vaccination begin day December 15 2020 308

The AB model also included a number of uncertainties such as 1) time varying values of testing rates for
symptomatic and asymptomatic, test sensitivity, and test result reporting delay (see Table A9 in [7]), 2) self-isolation
compliance for symptomatic cases and quarantine compliance for susceptible household members (see Table A10 in
[7]), 3) time varying and age specific probabilities of ‘hospitalization among reported cases’ and ‘death among
hospitalized’ (see Tables A2 and A3 in Additional file 1), 4) mask usage compliance (100% compliance was
assumed to reduce transmission coefficient by 33% [26]), 5) contact tracing level (assumed to be at 15% based on
[27], [28]), 6) percentage return to school (considred to be 50% based on [29]), 7) willingness to vaccinate
(considered to be 60% based on survey results in [30], [31]), 8) variations in daily schedules during various phases
of social interventions (see Table AS in [7]), 9) percentage of asymptomatic among infected (assumed to be 35%

[32]), and 10) vaccine efficacy (95% [3]).

On the first day of the simulation, the model introduced a few initial infected cases in the community and began the
social mixing process. Each day the model tracked the following for each person: 1) hourly movements and

locations based on their daily schedules that depend on age, employment status, prevailing social intervention
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orders, and quarantine/isolation status; 2) hourly contacts with other susceptible and infected; 3) vaccination status
and immunity, 4) force of infection accumulation; 5) start of infection; 6) visits/consultation with a doctor (if
symptomatic and insured); 7) testing (if infected and visited/consulted a doctor or asymptomatic chosen for testing
either randomly or via contact tracing); 8) test reporting delay; 9) disease progression (if infected); 10)
hospitalization (if infected and acutely ill); and 11) recovery or death (if infected). The AB model reports daily and
cumulative values of actual infected, reported infections, hospitalized, and deaths, for each age category. A
schematic diagram depicting the algorithmic sequence and parameter inputs for the AB simulation model is

presented in Figure 1.
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Figure 1: Schematic of the AB model for mimicking COVID-19 spread under social interventions and vaccination
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For the susceptible, if vaccinated, since the exact immune response from vaccine was not known at the time of the
study, we assumed a linearly increasing partial immunity for susceptible after they received the first dose, attaining
full immunity after seven days after the second dose; we only considered vaccines made by Pfizer/BioNTech and
Moderna, for which the second dose was administered 21 and 28 days after the first dose, respectively. The model
updated the infection status of all individuals to account for new infections as well as disease progressions of
infected individuals. A pseudo-code in Figure A1l in Additional file 1 depicts the major elements and structure of the

AB simulation program.

For the infected, we considered the following epidemiological parameters: disease natural history with average
lengths of latent, incubation, symptomatic, and recovery periods; distribution of infectiousness; percent
asymptomatic; and fatality rate. The infected people were considered to follow a disease natural history as shown in
Figure 2, parameters of which can be found in Table A6 of [7]. The model assumed that the recovered cases became
fully immune to further COVID-19 infections. However, since this assumption was not fully supported by data at
the time of the study, people recovered from COVID-19 were also considered candidates for vaccination. The
duration and intensity of infectiousness was guided by a lognormal density function (see Figure 3). The function was
truncated at the average length of the infectiousness period (which was considered to be 9.5 days). Asymptomatic
cases were assumed to follow a similar infectiousness intensity profile but scaled by a factor , as used in the force

of infection calculation (1) (see Table A4 in Additional file 1).

Infection Contagious (ontz{glous Recovery/
beging period period death
8 begins ends

Period leading to health
Latent period Period of infectiousness outcome

. ) ' +

Onset of
symptoms

Figure 2: Disease natural history of COVID-19 [7]

Incubation period
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Figure 3: Lognormal distribution function for infectiousness profile of a COVID-19 case [7]

In what follows we describe how we compute the force of infection and used in determining the probability of
infection of individuals. Each susceptible was assumed to ingest viral particles from each infected they come in
contact with during the day. The total amount of ingestion of viral particles for a susceptible i was measured as the
force of infection (4;) using a modified version of the equation presented in [33]. The equation for force of infection
(as presented in [33]) has three components to account for ingestions experienced from infected contacts at home,
workplace/school/indoor community locations, and outdoor locations. As we had not found evidence in the literature
of any significant COVID-19 transmissions at outdoor locations, we eliminated the third component and used only
the first two elements of the equation as shown in (1). The first component of (1) accounts for the daily force of
infection experienced by a susceptible { from those infected at home, and the second component accounts for

workplace/school/indoor community locations.

I Brr(t—1) p[1+C(w—1)] +y _lkB{;K(t—fk)pk}l+Ck(w-1)l

j 1
nf I-k|l{(=[,! m’ M

Ai = Tkiny=n;
The definitions and values of parameters of (1) can be found in Table A4 in Additional file 1. The daily force of
infection was considered to accumulate. However, it was assumed that if a susceptible does not gather any additional
force of infection (i.e., does not come in contact with any infected) for two consecutive days, the cumulative force of
infection for the susceptible reduces to zero. At the end of each day, the cumulative value of A; was used to calculate
the probability of infection for susceptible i as 1 — exp~i. This probability was used to classify a susceptible

individual as infected in the simulation model.
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As observed in [7], though it was implemented for a specific region, our model is quite general in its usability for
other urban regions with similar demography, societal characteristics, and intervention measures. In our model,
demographic inputs (age and household distribution, number of schools for various age groups, and number of
workplaces of various types and sizes) were curated from both national and local census records. Social
interventions vary from region to region and the related parameters can be easily updated. Similarly, the data related
to epidemiology of COVID-19 were unlikely to significantly vary from one region to another, though some

adjustments of these based on population demographics may be needed.

Model Calibration

The AB model utilized a large number of parameters, which were demographic, epidemiological, and social
intervention parameters. We kept almost all of the above parameters fixed at their respective chosen values and
calibrated the model by changing values for only a few. The calibrated parameters include the transmission
coefficients used in calculating force of infection at home, work, school, and community places (8, and [3,{) (see
Table A4 in Additional file 1). The choice of the values of transmission coefficients was initially guided by [34] and
thereafter adjusted at different points in time during the calibration period (until December 30, 2020). The only other
parameters that were calibrated are the number of errands in the daily schedules under various intervention
conditions and the percentage of workers in essential (e.g., healthcare, utility services, and grocery stores) and non-
essential (e.g., offices and restaurants) workplaces who physically reported to work during different intervention
periods (see Table Al in Additional file 1). Calibration of the above parameters was done so that the daily
cumulative numbers of reported infected cases from the AB simulation model closely matched the values published
in the Florida COVID-19 dashboard until December 30, 2020. Figure 4 shows the cumulative values (with 95%
confidence intervals) as well as the daily numbers of the reported infected cases, hospitalizations, and deaths as
obtained from the simulation model. The dotted lines represent the actual numbers reported in the Florida COVID-
19 dashboard for Miami-Dade County [35], the trend of which was closely followed by the numbers obtained from
our AB simulation model. The actual numbers reported by the Florida COVID-19 dashboard showed large

variations, which was due to reporting delays.
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30, 2020

VACCINE PRIORITIZATION STRATEGIES

We used our AB model to examine the expected benefits of the ongoing vaccination in the U.S. using the limited
supply of two types of vaccines developed by Pfizer/BioNTech and Moderna, which had the emergency approvals
for distribution from the USFDA. We considered the number of vaccine doses that the two companies were

contracted by the U.S. government to supply, which include the initial contracts for 100 million doses from each
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company and the more recent contract for an additional 100 million doses from Pfizer/BioNTech. This amounted to
a total of 300 million doses, which could inoculate 150 million people with two required doses. To our knowledge,
the total supply was being apportioned among the states and the counties depending on the population. Florida had
approximately 6.5% of the U.S. population and the Miami Dade County had 13% of Florida’s population. Hence,
we assumed that Miami Dade County would receive approximately 2.54 million doses and would be able to
vaccinate 1.27 million people out of the total 2.8 million population. We also assumed that the vaccine deliveries
will occur in batches starting in late December 2020 till late June 2021. Our study goal was to first determine the
extent of reduction in the number of infections, hospitalizations, and deaths that we can expect to realize from the
vaccination process in comparison with if no vaccines were available. Thereafter, we conducted a comparative study
between three different vaccination priority schemes to determine if the outcomes (number of reported cases,

hospitalized, and deaths) from those were statistically significant.

Priority 1 Priority 2 Priority 3 > Priority 4 Priority 5 >
Healthcare People of ages 65 People of ages 55 People of ages 45 People of ages 16
providers and over to 64 to 54 to 44
Age . Nursing home
stratified .
residents
strategy Dec 15, 2020 — Jan 14 — Feb 13— Mar 15— Apr 14 —
Jan 13, 2021 Feb 12 2021 Mar 14 2021 Apr 13, 2021 Jul 15, 2021
Minor Healthcare First responders People of ages 65 People of ages 16 NA
providers Educators to 74 to 64
CD.C Nursing home People of ages 75
variant residents and over
strategy Dec 15, 2020 — Jan 14— Feb 13— Apri1—
Jan 13, 2021 Feb 12, 2021 Mar 30, 2021 Jul 15, 2021
Healthcare All people of NA NA NA
providers and ages 16 and over
Random nursing home
strategy residents
Dec 15 2020 - Jan 14 —
Jan 13, 2020 Jul 15, 2021

Figure S: Vaccine prioritization strategies examined using AB simulation model for COVID-19 in the U.S.

The priority strategies that were examined are broadly described here; a more complete description is presented in
Figure 5. In the absence of a declared timeline for transition of eligibility from one priority group to the next, we
assumed 30 days between transition. This period was extended to allow all eligible and willing to be vaccinated
when the phased vaccine supply fell short of the number of people in the eligible priority group. The first strategy

that we implemented was a minor variant of the CDC recommended strategy: Priority 1: healthcare providers and
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nursing home residents; Priority 2: first responders, educators, and people of ages 75 and over; Priority 3: people of
ages 65 to 74; Priority 4: people of ages 16 to 64. The CDC recommended strategy also included in priority 3 people
of ages 16 to 64 with specific health conditions. Since we did not track health conditions in our AB model, we
limited our priority 3 to people of ages 65 and above only. The second strategy that we implemented was an age-
stratified strategy: Priority 1: healthcare providers and nursing home residents; Priority 2: people of ages 65 and
over; Priority 3: people of ages 55 to 64; Priority 4: people of ages 45 to 54; Priority 5: people of ages 16 to 44. The
third strategy that we implemented was a random strategy: Priority 1: healthcare providers and nursing home
residents; Priority 2: all people of ages 16 and over. People with prior COVID-19 history were not excluded and

60% of the people were considered willing to vaccinate [30], [31].

RESULTS

Figure 6 shows the plots indicating the growth over time in the number of actual reported vaccinations together with
those from the three vaccination prioritization strategies that we had implemented. The vaccination began on
December 15, 2020. As evident from the figure, the vaccination growth of the CDC variant strategy aligned closely
with the acutal reported numbers. In the random strategy, the growth in vaccination occured faster as this strategy
opened eligibility to all ages 16 and above sooner than other strategies. The age dependent strategy further staggers
the eligibility and hence the vaccination grew slower than the CDC variant strategy. The flattening of the
vaccination growth curves was representative of the limited vaccine supply that was considered in our simulation.
The continued growth of the acutal reported vaccinations (red dotted line) was indicative of the increase in vaccine

supplies since the time of our model implementation in December 2020.
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Figure 6: Cumulative values of actual reported and simulated vaccinations until July 31, 2021

Figure 7 shows the trends of the cumulative numbers of infected cases, reported cases, hospitalized, and deaths from
the three vaccine prioritization strategies together with the no vaccination scenario until July 31, 2021 (last day of
simulation). Since the confidence intervals for the cumulative values of the strategies overlap significantly, for the
purpose of comparison, we chose to focus on the cumulative values on the last day of simulation. These are
presented in Table 2, which summarizes the values and their 95% confidence intervals. The table also provides the
time frame when the pandemic, according to the model, subsides with the new reported cases falling below the
threshold of 100. We note that, the reported cases presented in Figure 7 and Table 2 were obtained directly from the
simulation model. However, the hospitalization and death numbers were calculated by applying the time-varying

and age-specific probabilities (as presented in Tables A2 and A3 in Additional file 1) on the reported cases.
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Figure 7: Impact of vaccination strategies on cumulative numbers of infected, reported, hospitalized, and
deaths from COVID-19 until July 31, 2021

Table 2: Summary of expected cumulative values (with 95% confidence intervals) on July 31, 2021 obtained by the
AB model for the vaccine prioritization strategies

Outcome Infected Cases | Reported Hospitalized Deaths Date when new
Cases reported cases
Prioritization fell below 100
Strategy
No vaccination 1.71IM 732K 18.7K 9K June 12,2021
(1.66M — (695K - (183K - (8.8K -
1.76M) 770K) 19.1K) 9.3K)
Minor variant of 1.55M 659K 17K 8K May 17,2021
(1.38M — (567K - (15.7k - (72K -
CDC 1.73M) 752K) 18.3k) 8.8K)
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Age stratified 1.58M 672K 17.6K 85K May 22,2021
(143M - (589K — (16.6k — (7.9 — 8.9k)
1.73M) 754K) 18.5k)
Random 1.54M 649K 17.3K 84K May 7, 2021
(1.32M - (538K - (159K - (7.6K -
1.75M) 761K) 18.7K) 9.1K)

Since the performance of the three vaccine prioritization strategies, as shown in Figure 7, appeared to be similar, we
conducted simple pairwise statistical comparisons of the numbers of reported cases (from column 3 of Table 2)
using a test of hypothesis. According to the test results, the variant of the CDC strategy produced a statistically
significantly lower number of reported cases than no vaccination (p-value 0.0204). Similar results were found for
age-stratified and random strategies when compared to no vaccination. However, a comparison of the reported cases
among the three vaccine prioritization strategies showed no significant statistical difference (p-values near 0.4).
Pairwise comparison of the hospitalized and deaths (in columns 4 and 5 of Table 2) showed that the CDC variant
strategy produced statistically significantly lower numbers compared to no vaccination (p-values 0.0014 and 0.0015,
respectively). However, similar to the reported cases, the three vaccination strategies did not statistically differ

among themselves in terms of hospitalizations and deaths.

The numbers from Table 2 also indicate that the CDC variant strategy achieved a reduction of 9%, 10%, 9%, and
11% for total infected, reported cases, hospitalized, and deaths, respectively, compared to the outcomes with no
vaccination. Moreover, the CDC variant resulted in the pandemic subsiding below a small threshold of 100 new
reported cases about a month sooner when compared with no vaccination. The CDC variant strategy also spared
5.6% of the population form being infected. The above seemingly low impact of vaccination may be attributed to the
explosive growth of new reported cases that occurred in the winter months (Nov. 2020-Mar. 2021), which likely had

significantly reduced the pool of susceptible people.
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Figure 8: Visualization of the impacts of vaccination strategies on the percentage of total population infected and
the total numbers of deaths on July 31, 2021

Figure 8 offers a further visual comparison of the impact of vaccination strategies on the percentage of population
infected and the total number of deaths. A few interesting observations can be made from the figure as follows. The
random strategy yielded the lowest percentage of population infected (even lower than CDC variant) as it made the
age groups most active in social mixing eligible for vaccination sooner than all other strategies. For the same reason
however, the random strategy yielded more deaths than CDC variant as it caused a delay in vaccination of the most
vulernable elderly population who were not exclusively prioritized. Interstingly, the random strategy also performed

better than the age stratified strategy in both measures of infected and deaths.

CONCLUDING REMARKS

We have developed a detailed agent-based simulation model for mimicking the spread of COVID-19 in an urban
region (Miami-Dade County, Florida) of the U.S. The model was calibrated using transmission coefficients and
parameters guiding the daily schedules of people, and was validated using the actual reported cases from the Florida
COVID-19 dashboard till December 30, 2020 (see Figure 4). On this validated model, we incorporated the
vaccination process that started in the U.S. on December 15, 2020 using two different vaccines developed by
Pfizer/BioNTech and Moderna. Based on the government contracts at the time of our study, we assumed availability
of an estimated 2.54 million doses for Miami-Dade County to inoculate 1.27 million people (among the total

population of 2.8 million) on a 2 dose regimen.
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Model results indicated that the use of the available vaccines reduced the spread of the virus and helped the
pandemic to subside below a small threshold of 100 daily new cases by mid-May 2021, approximately a month
sooner than if no vaccines were available. Also, the vaccination was shown to reduce the number of infections by
approximately 10% compared to no vaccination, which translates to sparing 5.6% of the total population from being
infected. We note that, even though the vaccines were developed and approved for human use at a much faster rate
than ever accomplished before, the accelerated growth of the infections, especially with the onset of the winter in the

northern hemisphere, reduced the expected benefits of vaccination.

Another noteworthy finding of this study was that there were no statistical differences between the numbers of
reported cases resulting from different vaccination prioritization strategies that were tested. This information should
give more latitude to decision makers in urban regions across the world for distribution of the limited supply of
COVID-19 vaccine. Our results suggested that instead of adhering strictly to a sequential prioritizing strategy, focus

should be on distributing the vaccines among all eligible as quickly as possible.

Though our AB model is well suited to study future progression of COVID-19 and other similar respiratory type
viruses, it has some limitations. The simulation model is highly granular, which while being a strength presents a
challenge of appropriately estimating the wide array of its input parameters. Though we have attempted to address
this challenge by conducting a sensitivity analysis on some of the critical parameters, such as levels of face mask
usage, contact tracing, societal closure, and school reopening, this analysis could be extended to many other
parameters. As mentioned under vaccination strategies, our model did not include health conditions that were
relevant to COVID-19 (like pulmonary disease, obesity, heart problems) as attributes for people. Hence, we were
not able to implement one element of the CDC recommended prioritization strategy that recommends people aged
16-64 years with underlying medical conditions to be considered in priority 3 (see Figure 5). Also, we did not
consider any vaccine wastage due to complexities associated with refrigeration, distribution, and human error. We
also assumed that vaccination of all priority groups occured uniformly over the eligibility periods considered, which
may not reflect the reality. Also, at the time of the study, there was little available literature on the rate of immunity

growth each day from the two dose vaccines, therefore, we assumed a linear growth starting with the first dose and
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culminating (full immunity) seven days after the second dose. Moreover, the model did not consider, the emergence
of new strains of virus as the pandemic progresses, and the lower level of immunity offered by the vaccine for
breakthrough infection. Finally, changes in the virus behavior might impact the comparative outcomes of different

vaccine prioritization strategies, as presented in this paper.

At the time of the publication of our study, vaccine availability is still limited in many parts of the world. Our results
will provide useful information for healthcare policy makers in judiciously allocating their COVID-19 vaccine
supply among their population. We also believe that our findings on vaccine prioritization strategies will serve as a
resource for the decision makers for future outbreaks of similar respiratory viruses. Finally, as only a limited number
of studies examining vaccine prioritization strategies have been presented to the open literature, our research makes

a significant addition.
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LIST OF ABBREVIATIONS

AB — Agent-based

SEIR — Susceptible — exposed — infected — recovered/removed

SARS-CoV-2 — Severe acute respiratory syndrome coronavirus 2

COVID-19 — Coronavirus Disease 2019

USFDA - United States Food and Drug Administration

CDC - Centers for Disease Control

NAESM - NationalAcademy of Sciences, Engineering, and Medicine

QALY - Quality of Life Years

WHO - World Health Organization
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Abstract

We simulated epidemic projections of a potential COVID-19 outbreak in a residential univer-
sity population in the United States under varying combinations of asymptomatic tests (5%
to 33% per day), transmission rates (2.5% to 14%), and contact rates (1 to 25), to identify
the contact rate threshold that, if exceeded, would lead to exponential growth in infections.
Using this, we extracted contact rate thresholds among non-essential workers, population
size thresholds in the absence of vaccines, and vaccine coverage thresholds. We further
stream-lined our analyses to transmission rates of 5 to 8%, to correspond to the reported
levels of face-mask-use/physical-distancing during the 2020 pandemic. Our results suggest
that, in the absence of vaccines, testing alone without reducing population size would not be
sufficient to control an outbreak. If the population size is lowered to 34% (or 44%) of the
actual population size to maintain contact rates at 4 (or 7) among non-essential workers,
mass tests at 25% (or 33%) per day would help control an outbreak. With the availability of
vaccines, the campus can be kept at full population provided at least 95% are vaccinated. If
vaccines are partially available such that the coverage is lower than 95%, keeping at full
population would require asymptomatic testing, either mass tests at 25% per day if vaccine
coverage is at 63—79%, or mass tests at 33% per day if vaccine coverage is at 53—68%. If
vaccine coverage is below 53%, to control an outbreak, in addition to mass tests at 33% per
day, it would also require lowering the population size to 90%, 75%, and 60%, if vaccine cov-
erage is at 38-53%, 23-38%, and below 23%, respectively. Threshold estimates from this
study, interpolated over the range of transmission rates, can collectively help inform campus
level preparedness plans for adoption of face mask/physical-distancing, testing, remote
instructions, and personnel scheduling, during non-availability or partial-availability of vac-
cines, in the event of SARS-Cov2-type disease outbreaks.
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Introduction

The COVID-19 pandemic caused by the SARS-CoV-2 virus has caused significant disease and
economic burdens since its first outbreak in December 2019. Because of the absence of an
effective vaccine, as of June 2020 at the time of this study and since March 2020, the main
intervention for the prevention of COVID-19 transmissions had been to reduce contacts
between people through lockdowns of non-essential organizations and services [1]. However,
lockdowns are a threat to the economic stability of a nation as seen by the unprecedented rise
in unemployment rates [2, 3]. Therefore, while lockdowns are a good short-term strategy, for a
long-term strategy, or until a vaccine becomes widely available, it has become necessary to
identify alternate strategies and lifestyles that control the disease burden while minimizing the
economic burden. Interventions that are effective include the use of face masks, physical dis-
tancing between persons at a recommended 6ft, and contact tracing and testing or mass testing
to enable early diagnosis in the asymptomatic stage of infection [4]. However, removal of lock-
downs should be strictly accompanied by a reopening plan that rapidly and efficiently enables
the adoption of the above interventions to avoid an epidemic rebound. In addition to public
health agencies, all members of a community, in both public and private sectors, play a key
role in the development and implementation of a reopening plan that is most suited for their
organization [5]. Among these sectors, universities and colleges bear a special burden to
develop a reopening plan that include changes to a range of activities related to teaching,
research, dining, housing, and extra-curricular activities.

We developed a compartmental differential equations model to simulate epidemic projec-
tions of a potential COVID-19 outbreak in a population of 38,000 individuals, which is repre-
sentative of undergraduate and graduate students, faculty, and staff in a typical residential
university in the United States. We simulated epidemic projections of potential outbreaks
under varying combinations of contact tracing and testing, and mass testing, to identify com-
binations that would reduce the effective reproduction numberR, to a value below the epi-
demic threshold of 1. R, is directly proportional to the duration of infectiousness, transmission
rate (the probability of transmission per contact per day, representing the infectiousness of the
virus), and contact rate (the number of contacts per person per day) [6]. Asymptomatic testing
through trace and test or mass tests lead to diagnosis in the asymptomatic phase of the infec-
tion, and thus, if persons diagnosed with infection are successfully quarantined, it reduces the
duration of exposure [7-9] and thus reduce R,. Physical distancing by the recommended 3 or
6ft and use of face masks can reduce transmission rate, and thus reduce R, [10, 11]. Reducing
contact rate such as through transitioning to remote work to reduce population density on
campus directly reduces R,. Thus, different types of interventions help reduce each of these
components of R,. Here, we evaluated different combinations of test rates, transmission rates,
and contact rates that help reduce R, to below 1 to identify minimum levels of testing, physical
distancing and face mask use, and population density necessary for effective control of an
outbreak.

While it is generally known that increasing contact tracing and testing is necessary, studies
evaluating testing at an organizational level, such as university, were only recently emerging at
the time of this study in June 2020. One study that analyzed contact tracing in the general pop-
ulations estimated that reducing Ro of 1.5 to an R, of 1 requires more than 20% of contacts
traced, reducing R, of 2.5 to an R, of 1 requires more than 80% of contacts traced, and reduc-
ing R, of 3.5 to an R, of 1 requires more than 100% of contacts traced [12]. A modeling study
applied to the Boston area [13] estimated that the best way-out scenario is a Lift and Enhanced
Testing (LET) with 50% detection and 40% of contacts traced. According to this, the number
of individuals that need to be traced per 1000 persons is below 0.1 under partial reopening and
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below 0.15 under total reopening. Models for a university were only recently emerging at the
time of this study in June 2020 [14-17], but typically, most studies combine transmission rate
and contact rate as one metric in the evaluation of testing.

In this study, instead of using a product of transmission rate and contact rate as one metric
as typically done, we evaluated these separately, due to the following reasons. First, it helps sys-
tematically evaluate different interventions considering that different types of interventions
help reduce each of the three components of R, testing reduces duration of exposed infectious
stage, transitioning to remote classes reduce contact rate, vaccinations reduce the number of
contacts who are potential disease carriers, and face mask use and 6ft distancing reduces trans-
mission rate. Second, while adoption of each of these decisions are made at an organizational
level, adherence and feasibility of face mask and 6ft distancing are highly influenced by indi-
vidual behaviors and thus have a larger range of uncertainty. Third, while physical distancing
and use of face masks can reduce transmission rate, the baseline transmission rate and
expected reductions could vary based on multiple factors such as indoor vs. outdoor settings
and ventilation, proper use and type of face mask [10, 11, 18, 19], mode of transmission [20-
23], and viral load in the index person [8, 24]. Fourth, though we specifically focus this study
on COVID-19 caused by the original SARS-CoV-2 virus, studying varying levels of transmis-
sion rates could help extrapolate findings to new variants or future outbreaks of viral respira-
tory infections with similar disease progressions [24], especially in the early stages when
specific data is lacking but when the same non-pharmaceutical interventions, such as face
masks, physical distancing, remote instructions, and testing, are suitable options.

To systematically inform these analyses, we first evaluated different combinations of trace
and test rate, mass test rate, and transmission rate for a range of contact rates, to identify the
threshold contact rates that maintain infection cases below certain set levels of tolerance. We
then used the contact rate thresholds to identify the population size thresholds, i.e., the maxi-
mum population size on campus, which could help inform decisions related to campus activi-
ties such as the fraction of classes to transition to remote. We also used the contact rate
thresholds to identify the vaccine coverage thresholds for a post-vaccine era, i.e., the vaccine
coverage necessary for a campus to return to a normal population size. We also identify, under
each intervention combination, the number of trace and tests and quarantines. These metrics
could collectively help inform development of a preparedness plan for reopening a university
during the COVID-19 pandemic or to set protocols in the event of future outbreaks.

Methodology
Simulation methodology

We developed a compartmental model for simulating epidemic projections over time. The epi-
demiological flow diagram for the compartmental model is depicted in Fig 1A. Each box is an
epidemiological state, and each arrow represents a transition from one state to another. Note,
each compartment is further split by age and gender, but for clarity of notations, we do not
include it in the equations below.

Letm, =[S, L, E, I, Qr, Qg Qi H, R, D] be a vector, with each element representing the
number of people in a compartment at time ¢, specifically,

§ = the number of susceptible individuals at time t,

L = the number of exposed, but asymptomatic and not infectious individuals (latent stage;
also, the non-infectious phase of incubation stage) at time ¢,

E = the number of asymptomatic or pre-symptomatically infectious individuals (infectious
phase of the incubation stage) at time ¢,

I = the number of infectious individuals (symptomatic and infectious stage) at time t,
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Fig 1. Overview of the extended SEIR comp I model. (A) Compartmental model flow diagram. (B) Natural
disease progression of SARS-COV-2 virus in infected patients. S = susceptible, L = exposed and not infectious (Latent
stage) (asymptomatic), E = asymptomatic and infectious, I = symptomatic and infectious, Q; = exposed and not
infectious (Latent) and Quarantined (diagnosed), Qp = asymptomatic and infectious and Quarantined (diagnosed), Q;
= Infectious and Quarantined (diagnosed), H = Hospitalized, R = Recovered, and D = Deaths.

https://doi.org/10.1371/journal.pone.0255864.9001

Q. = the number of exposed, asymptomatic and not infectious (latent) and quarantined
individuals (diagnosed) at time t,

Qg = the number of asymptomatic or pre-symptomatically infectious and quarantined indi-
viduals (diagnosed) at time ¢,

Q; = the number of infectious and quarantined individuals (diagnosed) at time t,

H = the number of hospitalized individuals at time ¢,

R = the number of recovered individuals at time ¢, and

D = the number of deaths at time .

Epidemic states L, E, and I were formulated such that each state represented a distinct
phase along the natural disease progression (see Fig 1B), and they collectively included all
phases. Over time, persons from S can transition to L, E, and I, and upon diagnoses, transition
to Qr, Qg or Qp, and further to H, R, or D, (transitions represented by arrows in Fig 1A) as dis-
cussed below.

Let,

p = transmission rate (probability of transmission per contact per day),

¢ = contact rate (number of contacts per person per day),

N = total population who are alive,

ag = symptom-based testing rate,

ac, = rate of testing through contact tracing at time t,

ay, = rate of testing through mass testing at time t,

p = test sensitivity for asymptomatic testing (through mass tests or trace and test),

days; = duration in latent period,

days;.., = duration in incubation period,
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daysir = time from onset of symptoms to recovery,

days,, , = time from diagnosis to recovery,

daysg,;; = time from diagnosis to hospitalization,

daysyg = time from hospitalization to recovery,

daysyp = time from hospitalization to death,

PrOphosp = proportion hospitalized, and

PrOPsevere = proportion of cases that are severe.

Then, we can write the equations for transition rates (arrows in Fig 1A) as follows:

rs, = “E%, which assumes that only infected persons in E and I can transmit, persons in
Qe and Qy self-quarantine, and persons in L and Q. are not infectious.
1
T, —-
LE= 4o 95,

 (propeeme) . .
o = dap s which assumes that only a proportion of cases that are severe (propeyer.)

get diagnosed immediately because of exhibition of symptoms, we use the proportion hospital-
ized as a proxy for severe cases; the denominator is based on the assumption that the duration
in state E is equal to the difference between the duration of the incubation period and the
latent period.

= (1=properere)
AT daysineuy—days,
T1q, = @y which assumes that under symptom-based testing, only persons who show mod-

g , which follows from above.
erate to severe symptoms get diagnosed and those who show mild symptoms do not.

— Proppg; . . . .
Toun = d—JaysQ'H’ for propyosp we use the proportion of persons hospitalized among those diag-

nosed through symptom-based testing.

T = Pay, + (1 — pay,)pa,, which assumes that under the implementation of both
mass testing and contact tracing and testing, persons diagnosed through mass test will not be
tested again on the same day through contact tracing (as our time unit is daily).

Teq, = Py, + (1 — pay,)pac,, which is similar to above.

rx = (1—ag)[pay, + (1 — pay,)pac,] + M‘—S’R, which assumes that persons with mild
cases that did not get diagnosed through symptom-based testing have a chance of getting
tested through additional testing options, and self-quarantine upon diagnosis. Note that we
did not separately model asymptomatic cases but incorporated that into the symptom-based
testing rate (ap) by considering that 35% of cases are mild to no symptoms and thus do not
have a chance of being diagnosed through symptom-based testing.

1
Tqe = duysL

= (a8 (=proPscsere) + (ropcrerel] theoretically, Touih should be the same as rj ;, however, as the

Tz daysycup—days
rate of transitioning from Q; to H is fixed to fit to the proportion hospitalized under symptom-
based tests, if extensive testing is conducted, the number of persons in Q; would increase, thus,
incorrectly inflating the number of persons who are hospitalized; To avoid this, we modified
the equation to consider that the number of persons flowing into Q; would be equal to the pro-
portion flowing from I to Q; under symptom-based testing.

(1—[ap(1—propsevere) +(Prophosp)) : 2
=
Tour = e g s , which follows from the above equation.

_ 1- Prophosp

| # =
Uk days,
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daysy,

Tyr =
r - (1 - Proprecovﬂ)
Bb daysy;,

Note: 1, is the testing rate (either through mass test or trace and test). We assumed that
susceptible persons go back to the susceptible state after testing, i.e., we did not explicitly track
false positives.

The values and ranges for the above epidemic parameters used in the compartmental simu-
lation model are presented in Table A in S1 Text.

We simulate the epidemic over time using the following system of differential equations

T, =m, +7,Q,dt

where, Q, = a matrix of transition rates between states (arrows in Fig 1A), and dt = time-step.
We use a time-unit of per day for the transition rates in Q and set dt = l‘—o, and thus, the model
simulates every 10" of a day.

The expansion of the system of differential equations are as follows:

S =S, + (—r5,S,) dt

L, =L+ (rgS —(r;+ rL_QL)L,) dt

E  =E+(r L —(rs, + Tog, + Teg + rp)E,) dt

IL,=L+ (rE',E, — (r,'Ql +r,p)1,) dt
Qs = Qe+ (r1g, L — (rg.0,)Qu) 4t
Qei1 = Qe + (g, B — (rq 0, + Tour)Qe,) dt
Qi1 = Qi + ((rgq, Ei +1q,0, Que + 110, L) — (o u + 70,2) Q) dt
H,, =H +(rqyQ, — (ryz +ryp)H,) dt
R, =R, + (rg, 2Qe, + 7q, 2 Qu + 1pl, + 14 2H,) dt

D,., =D, + rypH,dt

We can further expand by substitution of the rate terms with their equations as follows:

E+1
S =S5+ (— %) S,dt

Ll+l =Lf + (PC(E—+'I)S‘ _ (

N +pay, +(1— PavJ)P“c.:)Lr) at

days,
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E,., =E

1 (1 . Propscveu)

t+1

(propstwfe)
+ (pay, + (1 — pay,)pac,) + iy — darh E, |dt

_ (L= Propes) L
L,=I+ <da}’5,-,.mp, — daysLE' a5 + (pay, + (1 — pay,)pac, + daysm) 1, )dt

1
QL.:H = QL.r + ((anJ + (1 - an.t)paC.t)Lr - (E) QL,:) dt

Qg = Qg

— 1l =
4 ((pau_; g (1 _ P“u.z)P“c:)E: _ ([ax(l Propsevere) + (Propszv:u)] g propho’?) QE.:) dt

days,, ., — days, daysg,x

incub

Ql.r+1 =Q;

(propsevere) [aB(l . Propseveu) + (Propsevtu)] ProphOSP L= ProphOSP
+ <da}'5imub — days, t aays,,., — days, Q.+ @l d“}'SQ,H Tt da)'SQ,R i |4

_ P rop hosp _ P roP recover (1 - P "OP rtcavcr)
S (da}'sQ,H A < daysyg " days,, H ) d

1~ P mP hosp
daysol R

days, ., — days, Q, +

incub

1 — az(1 — pro, severe. + LY % 1
" (( S e P)]) Q, + (pay, + (1 - pau',)pac_, + W) It
YSiR

Prop'tCOVE’
e H ) dt
- days,, )

(1= prop, per)

DH—] = D: + days
HD

H,dt

Input data assumptions and sources for simulation model

For the rates of natural disease progression, we used estimates from other studies in the litera-
ture. The description of the data, sources, and values (with ranges and medians where applica-
ble) for all parameters are available in the Table A in S1 Text. Briefly, we assumed an
incubation period duration of 5.4 days [25], the first 2.5 days in stage L (not infectious and
asymptomatic) [26], and the remaining 2.9 days in stage E (infectious and asymptomatic). We
assumed about 65% of cases develop medium to severe symptoms [27] and, in the absence of
test and trace or mass test, can be diagnosed through symptom-based testing. We assumed the
remaining 35% of cases show mild to no symptoms and can be diagnosed only through trace
and test, or universal mass test. We assumed an average duration of 3.5 days from the time of
onset of symptoms to hospitalization [28], with the proportion hospitalized varying as a func-
tion of age. For mild cases, we assumed an average duration of 7 days from the time of onset of
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symptoms to recovery [28]. We assumed case fatality rates vary as a function of age and
gender.

Interventions

Mass test and trace and test. We evaluated the following scenarios: mass test only, trace
and test only, delayed trace and test only, combination mass test and trace and test, and combi-
nation mass test and delayed trace and test, each at different rates of testing, as follows. We
evaluated mass testing at rates of 5% 10%, 20%, 25%, and 33% of the population per day,
which is equivalent to testing once every 20 days (5% per day over every 20-day period), 10
days, 5 days, 4 days, and 3 days (33% per day every 3-day period), respectively. We modeled
the rate of trace and test as the inverse of the time from infection to effective isolation of a con-
tact, i.e., the sum of the number of days passed since contact with an individual (as reported by
the index diagnosed person) and the number of days into the future to find, test, and isolate
the infected contact. We chose this definition as each component in this duration can vary sig-
nificantly for every diagnosed person and for each of their contacts. In the case the contact is
never found, the duration would be the full duration of infection. Thus, this definition of trace
and test can be comparable to data that is typically collected. Specifically, the trace and test rate
here should be compared to the average of the inverse of the time from reported contact to
either effective isolation of that contact or maximum infection duration (whichever is the least
value), averaged over all contacts. We evaluated trace and test rates at levels of 10%, 17%, 20%,
25%, 33%, and 50%, equivalent of 10 days, 6 days, 5 days, 4 days, 3 days, and 2 days, respec-
tively, from the time of transmission of infection to effective isolation of that contact. We eval-
uated combinations of mass test and trace and test, by varying mass tests between 5% and 33%
per day and keeping trace and test at 50% as this higher rate of trace and test maybe more feasi-
ble with mass test than symptom-based test only. We assumed trace and test would initiate
within the first 5 cases of diagnosis. Considering there may be delays in setting up a trace and
test system (such as in events of new outbreaks in the future or failure to respond quickly), to
tests its sensitivity, we evaluated scenarios by delaying the initiating of trace and test to after
diagnosis of 20 cases. Thus, the scenarios referred to as ‘trace and test only’ and ‘combination
tests’ refers to initiation of trace and test after first 5 cases of diagnosis. And the scenarios
referred to as ‘delayed trace and test only’ and ‘delayed combination tests’ refers to delaying
initiation of trace and test to after diagnoses of 20 cases. In all scenarios, we applied baseline
symptom-based testing, assumed test results are available within 24 hours, and persons testing
positive self-quarantine for 14-days. For diagnosis in asymptomatic stages, i.e., diagnosis
through trace and test or mass test, we assumed a test sensitivity of 0.9 [29].

Non-pharmaceutical interventions. We evaluated transmission rates (p) of 14% (base-
line), 8% (mid), 5.4% (lower-mid), and 2.5% (lowest). The baseline value of p corresponds to
an average estimate under no interventions (no physical distancing and no face masks) [11,
30]. A transmission rate of 8% corresponds to the expected rates with the use of face masks in
a non-health care setting [11]. Transmission rates of 5.4% and 2.5% correspond to expected
rates under 3ft and 6ft physical distancing, respectively [11] (see Table B in S1 Text). We evalu-
ated contact rates between 1 and 25 (c), we did not differentiate between on-campus and off-
campus contact rates.

Application to a university setting

Demographic data. We used the Fall 2018 student enrollment data from the University of
Massachusetts—Ambherst, Amherst, MA, to determine the population size of undergraduate
and graduate students and their age and gender distributions [31]. For faculty and staff, we
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used the age distribution of persons 25 years and older from the Town of Amherst, MA, where
the university is located [32]. To initiate an outbreak, we assumed 4 to 5 infected cases on Day
1, estimated as follows. We assumed that the proportion of incoming students who are infected
would be equal to the prevalence of COVID-19 in Massachusetts (MA) in June 2020. We also
assumed that all incoming students would be tested, and about 10% of infected cases would be
false negatives. Prevalence is unknown, as not all cases are diagnosed and diagnosed cases are
not specifically tracked. Therefore, to estimate prevalence of COVID-19 in MA, we used the
simulation model to determine the ratio of new diagnosis to persons with infection and
applied that ratio to the number of new diagnoses on June 26" in MA. This resulted in about 4
infected cases on day 1 remaining undetected, thus initiating an outbreak. We also assumed
that at the beginning of every week, there would be about 3 to 4 infections from outside, calcu-
lated by assuming that about 10% of the population are likely to mix with the population out-
side the university or travel out of Amherst during weekends and are not tested upon return.
Based on the above, we initialized the model on Day 1 with 4 infected persons in the Latent
stage and added 3 to 4 outside cases to the Latent stage at the beginning of every week. We sim-
ulated the model for a 90-day period to represent the duration of the expected Fall 2020
semester.

Tolerance on the number of infected cases for identifying contact rate
thresholds

We evaluated contact rate thresholds under three levels of epidemic tolerance: relaxed toler-
ance, medium tolerance, and tight tolerance. Relaxed tolerance marked the point beyond
which there was an exponential growth in infections, the maximum number of infections
under this tolerance level was about 170. For medium tolerance, we set the number of infec-
tions to less than 77, and for tight tolerance, we set the number of infections to less than 50.
The latter two cases correspond to maximum infections for a case fatality rate (CFR) of 2%,
which is the reported CFR in the general population for the United States [33]. That is, 1/0.02
gives the 50 cases threshold and 77 is obtained by further dividing that by 65%, which is the
proportion of cases with medium to severe symptoms [27], to account for the remaining 35%
of cases with mild to no symptoms that were likely unreported and thus not included in the
CEFR calculation. As the CFR for COVID-19 is much lower in university student aged popula-
tions, the use of the alternative tolerance on the number of infections helps avoid spill-over
effect of a breakout into the community. Also note that, because of our assumptions for the
number of initial cases and cases per week entering the population from outside, the minimum
number of cases over the 90-day period would be 45. Therefore, the tolerance of 50 cases is a
very tight tolerance. For context, one of the indicators CDC uses to categorize community
transmission risk is the number of cases per 100,000 persons during the last 7 days, categoriz-
ing as low, moderate, and substantial to high if there were less than 10, 10-49, and greater than
49 cases, respectively [34]. Converting our tolerance levels to the CDC indicator would trans-
late to 35, 15, and 10 cases for relaxed, medium, and tight tolerances, respectively. If we exclude
the 45 cases from outside, it translates to 25, 6, and 1 cases for relaxed, medium, and tight toler-
ances, respectively.

Population behavioral data

While there was limited data on contact rates specific to university students at the time of this
original study in June 2020, studies conducted since then have generated some (though lim-
ited) data on population behaviors. These data include contact rates and behaviors related to
use of non-pharmaceutical interventions such as face mask and 6 ft physical distancing, mostly
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either self-reported in surveys or estimations made in other modeling studies informed
through university settings. We briefly summarize the data from each study in the Table C in
S1 Text. Some of the surveys were specific to university students in the United States while oth-
ers were either university students in other countries or general populations. Studies on sur-
veys of university students, when partial shutdowns were enforced and universities resorted to
varying levels of remote classes, reported 6 to 8 contacts per person per day [35, 36]. However,
students who self-reported as providing essential services or caring for non-household mem-
bers (~23%) reported an average contact rate of about 14 per person per day [37]. Modeling
studies that estimated contacts among university students for a scenario prior to the pandemic
assume contact rates of 16 to 24 per person per day [38-40]. Using data on face mask use and
physical distancing, specifically originating from three surveys of student and general popula-
tion in the United States [38, 42, 43] and the transmission rates corresponding to these inter-
ventions (summarized in Table C in S1 Text), we calculate the expected transmission rate to be
between 5% and 8%. We use these estimates to further streamline our analyses.

Interpretation of contact rate thresholds: Size of social circle, population
size, and vaccine coverage

We utilize the contact rate thresholds, under the different levels of testing and transmission
rate (face mask use and physical distancing), to identify four additional metrics that would
help inform campus decisions: first, the contact rate threshold among non-essential workers
after accounting for the higher contact rate among essential workers, which would help inform
the size of social circles at the individual level and schedule campus activities; second, the
threshold values for population size on campus as a proportion of the actual population size,
which would help decisions related to the fraction of remote vs. face-to-face classes, on-cam-
pus housing, and other campus activities for the era of pre-vaccine availability; third, for the
era of post-vaccine availability, the threshold values for vaccination coverage for the university
to return to normal (i.e., 100% population size); fourth, the threshold values for population
sizes under varying levels of vaccine coverage, which would help decisions related to campus
activities in the event that vaccines are only partially available that coverage is not at levels suf-
ficient to fully return to normal. All four metrics would be used alongside decisions related to
the level of testing.

The metrics were estimated as follows. Suppose C is the contact rate threshold, we esti-
mated the first metricas C, = (C — C,p,)/(1 — p,), where C, is the contact rate threshold

among non-essential workers (we limit 0 < C,, <C ), C, is the contact rate among essential
workers (we assume C, = 14 [37]), and p, is the proportion of the population who are essential
workers (we assume p, = 23% [37]).

The interpretation of the second, third, and fourth metrics arise from our simplifying
assumption that contact rates are directly proportional to the population density [41], C = cop;
p = N/A; where C is the actual contact rate (under regular face-to-face instructions), p is the
density, N is the population size, A is the campus area, and ¢, is a constant. Further, we assume
that university campuses maintain similar levels of population density under regular work
conditions, i.e., though the population sizes may vary across universities, the campus area also
changes proportionally so that the population density is similar, and thus, the contact rates
under regular work conditions are also similar. Multiple studies reported similar contact rates
of 16 to 24 under regular working conditions supporting this assumption [42, 43]. Thus, if our
estimated contact rate thresholds (say C) are lower than the actual contact rates of 16 to 24 (C),
given fixed area (A), achieving C would require reducing the population size (N) proportional
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to the reduction in contact rate, i.e., C/C = N /N(= say p), implying that the population size
on campus should be at a maximum of p% of its original population size (p = C/C).

The third metric on interpretation of threshold for vaccination coverage (say V) follows
from the above assumptions. Achieving a contact rate threshold of C when universities are
back to regular face-to-face classes, i.e., N = N or p = 1, would require that (1 — C/C) pro-
portion of the population be effectively vaccinated. More precisely, vaccine coverage should be
atleast V = (1 — (C/C))/v,, where v, is vaccine efficacy and corresponds to the chance that a
vaccinated individual is fully protected from being infected, and thus, is not a potential disease
carrying contact. Intuitively, this is saying that though the actual contact rate is C, because V%
are vaccinated and protected from infection or transmitting, the effective contact rate is C.
This implies that a threshold contact rate of C can be achieved, while maintaining p = 1, if
V% are vaccinated. The vaccine coverage results presented here were estimated by assuming a
vaccine efficacy of 95%, and thus, in the event that this changes, the vaccine coverage results
should be adjusted by multiplying with 95% and dividing by the new value.

Following from above, the fourth metric considers the fact that if the actual vaccine cover-
age (say V) is less than v, achieving the contact rate threshold (C) would also require some
reduction in N. Specifically, the population size on campus should be at a maximum of p% of
its original population size, with p = 1 — ((1 — V)C — C)/C, derived as follows. We can write
(1-v)C—- C as the number of excess contacts, i.e., the number to reduce after accounting
for the proportion vaccinated ((1-V)C), the proportion of contacts to reduce would then be
((1 = V)C = €)/C, and finally, applying the same assumptions as in the second metric would
give the equation for p. If the vaccination coverage is zero, i.e., V = 0, we would get back
p=C/C.IfV=1,then p = 1+ C/C, which implies that even if C = 0, the campus can fully
open. We bound 0 < p < 1, such that, even if C > 0 we interpret this as fully back to normal
population size (though it would mathematically imply that the campus can handle a higher
density from an epidemic perspective, e.g., influx from outside).

Thus, to keep within the infection tolerance levels, C would mark the maximum average
contact rate over the full population, C, the maximum average contact rate for non-essential
workers after accounting for the higher contact rate among essential workers, p the maximum
proportion of the population who should return back to campus (either when V=0 or
0 < V < V), and V the minimum vaccine coverage to fully return back to normal (p = 1). As
the above method of estimation of thresholds incorporate the effectiveness of vaccinations, we
can interpret that the interventions, such a testing and use of facemask and social distancing,
would be applied to only the unvaccinated persons.

Identifying feasible intervention combinations

We identify three sets of feasible combination results. For the event that vaccines are unavail-
able, we identify the feasible combinations of testing, contact rate for non-essential workers
(é"), and population size on campus (p) that can effectively control an outbreak to below the
tolerance levels. We define feasible combinations as those with C, > 2 in the transmission rate
range of 5% to 8%, which would correspond to the reported use of face mask and physical dis-
tancing among the university population (see ‘Population behavioral data’ above). For the
event that vaccines are partially or fully available, we identify the minimum vaccine coverage
threshold (V) for the campus to fully return back to normal (p = 1), and if the vaccine cover-
age is below this threshold, the reductions in population size () necessary to control the
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epidemic to within the tolerance levels. We also identify suitable testing scenarios for reported
levels of face mask use and physical distancing (transmission rate of 5% to 8%), and reported
levels of contact rates under regular face-to-face classes (16 to 24 per day) and remote classes
(6 to 8 per day). We define suitable as those that avoid exponential growth in cases over the
duration of a semester. For the above three sets of combination scenarios, we also present
results under the full range of transmission rates in the S1-S3 Tables, which could be useful in
the event of change in transmission rates such as emergence of new virus variants.

Results

When vaccines are unavailable (V = 0%), there is no single intervention that can effectively
control an outbreak. However, there are multiple feasible combinations of testing, contact rate
for non-essential workers (C,), and population size on campus (p) that can be implemented to
effectively control an outbreak to keep cases below the relaxed to medium tolerance levels,
though none to keep cases below the tight tolerance level (Table 1). Examples of feasible com-
binations under the relaxed tolerance level include: mass tests only at 25% per day, contact rate
for non-essential workers at 2 to 6 per day, and campus population size at 26% to 42%; or trace
and test only at 33%, contact rate for non-essential workers at 4 to 8 per day, and campus pop-
ulation size at 31% to 47% (see full list in Table 1). Under the medium tolerance level, only sce-
narios with combination tests were feasible, examples include: 5% mass test, 50% trace and
test, contact rate for non-essential workers at 2 to 5 per day, and campus population size at
26% to 36%; or 33% mass test, 50% trace and test, contact rate for non-essential workers at 8 to
14 per day, and campus population size at 47% to 73% (see full list in Table 1). Note: the range
in population size results correspond to mid-points of the range for contact rate (C) of 16 and
24 in Table 1.

The corresponding peak numbers of trace and tests per day (per 10,000 persons) in the
above feasible scenarios were at a reasonably manageable level. The relaxed tolerance level had
a higher value (14 to 55 per day) than the medium tolerance level (3 to 11 per day) considering
the population size on campus were lower in the latter case because of the tighter tolerance
(Table 1). The peak number of quarantines per day (per 10,000 persons) for the above feasible
scenarios also seem manageable. As with above, the relaxed tolerance level had a higher value
(6 to 25 per day) than the medium tolerance level (5 to 6 per day). Combinations of testing,
contact rate, and population size for the full range of transmission rates evaluated are pre-
sented in S1 Table.

When vaccines become partially or fully available, to keep the population size on campus at
100% (p = 1), the level of testing necessary to effectively control an outbreak would depend
on the vaccine coverage in the population (Table 2). To keep infection cases within the relaxed
tolerance level, implementing symptomatic-testing-only will be sufficient if at least 95% (V') of
the population are vaccinated (Table 2). With the addition of mass tests only, 5%, 10%, 20%,
25%, and 33% mass tests per day would be sufficient if at least 89% to 95%, 84% to 89%, 74% to
849%, 63% to 79%, and 53% to 68% (V') of the population are vaccinated (Table 2), respectively,
the range corresponding to transmission rate of 5% to 8%, i.e., the unvaccinated continue to
use face masks and maintain physical distancing at current compliance levels.

If vaccine coverage (V) is below 53% (the threshold noted above), it would be necessary to
also reduce the population size (Table 2). If vaccine coverage (V) is between 38% and 53%,
23% and 38%, or 8% and 23%, in addition to mass tests at 33% per day, it would be necessary
to maintain a population size threshold (p) of at most 90%, 75%, or 60% on average, respec-
tively, (Table 2) and the unvaccinated continue to use face masks and maintain physical
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Table 1. Feasible combinations " of testing, contact rate, and population size on campus for effective control of a disease outbreak in the absence of a vaccine.

Tolerance Testing Contact rate threshold (per |Population sizet (if Population sizet (if Peak trace and tests Peak quarantine per
day)t for tial gular contact rateis | regular contact rateis  per day (per 10,000 day (per 10,000
workers} | 16) 24) persons) persons)

Relaxed S$+25%U 2-6 31% - 50% 21% - 33% 0-0 6-7

tolerance S$+33%U 5-9 44% - 63% 29% - 42% 0-0 7-7

S+33%T 4-8 38% - 56% 25% - 38% 14-21 18-18
S+50%T 6-11 50% - 75% 33% - 50% 36-55 22-23
S+5%U+50%T 10-16 69% - 100% 46% - 67% 33-48 20-20
S$+10%U+50%T 11-18 75% - 100% 50% - 75% 24-35 15-15
S$+20%U+50%T 15-22 94% - 100% 63% - 92% 16-25 13-13
$+25%U+50%T | 16-24 100% - 100% 67% - 100% 14-20 13-12
S$+33%U+50%T 18-25 100% - 100% 75% - 100% 12-15 10-9
S+5%U+50%dT | 4-9 38% - 63% 25% - 42% 36-55 21-25
S$+10%U+50% 6-13 50% - 81% 33% - 54% 32-63 21-25
dT [
$+20%U+50% 11-18 75% - 100% 50% - 75% 36-54 21-21
dT [
S$+25%U+50% 13-19 81% - 100% 54% - 79% 28-41 19-18
dT
S$+33%U+50% 15-23 94% - 100% 63% - 96% 21-33 16-18
dT
Medium | $+5%U+50%T | 2-5 31% - 44% 21% - 29% 8-9 6-6
tolerance | 5,109 U+50%T 4-8 38% - 56% 25% - 38% 7-11 6-6
S$+20%U+50%T 5-10 44% - 69% 29% - 46% 4-7 5-5
$+25%U+50%T | 6-11 50% - 75% 33% - 50% 4-6 4-5
S$+33%U+50%T 8-14 56% - 88% 38% - 58% 3-6 5-5
$+20%U+50% 2-5 31% - 44% 21% - 29% 4-4 6-6
dT
$+25%U+50% 4-6 38% - 50% 25% - 33% 4-4 6-5
dT [
S$+33%U+50% 5-9 44% - 63% 29% - 42% 3-4 6-5
dT
Tight No scenarios

tolerance were feasible [P

Relaxed tolerance: Less than 1 death or 170 cases of infection. This point also marks the point beyond which there was an exponential growth in infections in the

simulated runs.

Medium tolerance: Less than 77 cases of infections. Estimated as 1/CFR /%reported cases. We assumed a case fatality rate (CFR) of 2% in the general population in the
US [33]; We assumed that 65% of infected cases are reported, which is the proportion showing medium to severe symptoms [27].
Tight tolerance: Less than 50 cases of infection. Estimated as 1/CFR. We assumed a case fatality rate (CFR) of 2% in the general population in the US [33].
S: symptomatic testing, U: Mass test, T: trace and test, dT: delayed trace and test.

[P We defined a testing scenario as feasible if estimated contact rate thresholds among non-essential workers were at least 2 when transmission rates were 8% and 5%

(corresponding to reported use of face mask and physical distancing [11, 30]). The range of values in the table thus correspond to transmission rate of 8% - 5%.

+ We assume 23% are essential workers and have a contact rate of 14 per day [37].

t Contact rate threshold (per person per day): the average value for contacts per person per day to keep infections below the tolerance level. These reduced contact rates,
from the original rates of 16 to 24 [42, 43], can be achieved through reduction in population size at the noted thresholds.

https://doi.org/10.1371/journal.pone.0255864.t001

distancing at current compliance levels. Note: the population size threshold noted here is the

average of the values reported for contact rate (C) of 16 and 24 in Table 2.

Instead of adding mass tests only, addition of trace and tests only to symptom-based testing
at the lowest rate of 10% (or highest rate of 50%) will also be sufficient to keep the population
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Table 2. Combinations of testing, vaccine coverage, and population size for effective control of a disease outbreak.

Testing Vaccination coverage | Population size (if regular contact rate is 16) | Population size (if regular contact rate is 24)
S 95% - 100% 100% - 100% 100% - 100%
Mass tests only (% tested per day)
S+5%U ' 89% - 95% 100% - 100% 100% - 100%
S+10% U 84% - 89% 100% - 100% 100% - 100%
S$+20%U 74% - 84% 100% - 100% 100% - 100%
S$+25%U 63% - 79% 100% - 100% 100% - 100%
S$+33%U 53% - 68% 100% - 100% 100% - 100%
S+33%U 38% - 53% 100% - 97% 79% - 83%
S+33%U 23% - 38% 85% - 82% 64% - 68%
S$+33%U 8% - 23% 70% - 67% 49% - 53%
Trace and tests only
S+10%T 84% - 95% 100% - 100% 100% - 100%
S+17%T 79% - 89% 100% - 100% 100% - 100%
S$+20%T 74% - 84% 100% - 100% 100% - 100%
S$+25%T 68% - 84% 100% - 100% 100% - 100%
S+33%T 58% - 74% 100% - 100% 100% - 100%
S+50%T 42% - 63% 100% - 100% 100% - 100%
S+50%T 27% - 42% | 100% - 92% 77% - 75%
S+50%T 12% - 27% 87% - 77% 62% - 60%
Trace and tests only (capped at 20%)
S+10%T 84% - 95% 100% - 100% 100% - 100%
S+17%T 79% - 89% 100% - 100% 100% - 100%
S+20%T 74% - 84% 100% - 100% 100% - 100%
S+20%T | 59% - 69% 96% - 94% 84% - 86%
S+20%T 44% - 54% 81% - 79% 69% - 71%
S+20%T 29% - 39% 66% - 64% 54% - 56%
S$+20%T 14% - 24% 51% - 49% 39% - 41%

The range of value presented correspond to transmission rate range of 5% - 8%, thus fixing face mask and physical distancing at reported levels.

S: symptomatic testing, U: Mass test, T: trace and test, dT: delayed trace and test.

https:/doi.org/10.1371/journal.pone.0255864.t002

size on campus at 100% (p = 1) if at least 84% to 95% are vaccinated (or 42% to 63% are vacci-
nated) (Table 2). If vaccine coverage (V) is below 42% it would be necessary to also reduce the
population size, keeping it to at most 89% on average if vaccine coverage is between 27% and
42%, and to at most 75% on average if vaccine coverage is between 12% and 27%. Considering
that 50% trace and test, equivalent to 2 days from infection to isolation is a very tight timeline,
which may be more feasible only with digital tracing, we also evaluated at a maximum of 20%
trace and test, equivalent to 5 days from infection to isolation. This level of 20% trace and test
only will be sufficient to keep the population size on campus at 100% if vaccine coverage is at
least 74% to 84%. If vaccine coverage is below that, it will also require a reduction in popula-
tion size, e.g., to 75% on average if only 44% to 54% of the population are vaccinated (Table 2).
All the above scenarios for trace and tests also correspond to the continued use of face masks
and physical distancing at least at current compliance levels (transmission rate of 5% to 8%).

The combinations of testing and vaccination coverage under the full range of transmission
rates are presented in S2 Table.
The total cases of infections and deaths over a 90-day semester if a fully unvaccinated popu-

lation is on campus (contact rates of 16 to 24 per person per day as reported for regular face-
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Table 3. Suitable testing options [! for effective control of a di break keeping contact rates at reported levels ' *.
Testing Number infected (per 10,000 persons) = Peak trace and tests per day (per 10,000 | Peak quarantine per day (per 10,000
persons) persons)
Transmission rate (p) —> | 5% 8% 5% 8% 5% 8%
S$+33%U 23 (20,27) 44 (32,67) 0(0,0) 0(0,0) 4(3,5) 7(5,13)
S+33%T 30 (25, 36) 60 (42, 89) 14 (9,17) 22 (14,28) 12 (9, 14) 24 (18,33)
S+50%T 23 (21, 26) 34(29,41) 20 (12, 24) 29 (19, 36) 10 (9,13) 18 (14, 22)
S+5%U+50%T ‘ 19 (17,21) 25(22,29) 8(7,13) 16 (10, 19) 6(5,7) 9(8,12)
S$+10%U+50%T ‘ 17 (16, 19) 22(20,24) 6(5,9) 8(7,10) 5(4,5) 7 (6, 8)
§+20%U+50%T ‘ 16 (15, 16) 19 (18, 21) 4(3,4) 4(4,5) 4(3,4) 5(4,5)
§+25%U+50%T 15 (15, 16) 18 (17, 20) 3(2,9) 3(3,3) 3(3,4) 4(4,4)
S$+33%U+50%T 15 (14, 16) 17 (16, 18) 2(2,2) 2(2,3) 3(3,3) 4(3,4)
$+5%U+50%dT 30 (26, 34) 45 (38, 55) 26 (16, 32) 46 (36, 64) 15(12,18) 26 (21, 34)
S+10%U+50%dT 24 (22,27) 34 (29, 40) 11 (9, 18) 24 (15,32) 10 (8,12) 17 (14, 21)
S+20%U+50%dT 19 (18,21) 25 (22, 28) 4(3,8) 10 (6, 10) 6(5,7) 9(8,11)
$+25%U+50%dT | 18(17,19) 22 (20, 25) 3(3,3) 6(4,8) 5(5,5) 7(6,9)
S$+33%U+50%dT ‘ 17 (16,17) 19 (18, 22) 2(2,2) 3(2,6) 4(4,4) 6(5,7)

S: symptomatic testing, U: Mass test, T: trace and test, dT: delayed trace and test.

tReported value of contact rate is on average between 6 and 8 per person per day under remote instructions [35, 36]; Using our estimations, this would correspond to

population size of about 31% and 42%. R

Its in the table corresp

d to this contact rate, presented as average (minimum, maximum).

# Reported contact rate is on average between 16 and 24 per person per day under face-to-face instructions [42, 43]. None of the scenarios for this contact rate were

suitable, and thus, are not presented in the table.

[P We defined a testing scenario as suitable if there were no exponential growth in infections when transmission rates were 5% and 8% (corresponding to reported use of

face mask and physical distancing (11, 30]).

https://doi.org/10.1371/journal.pone.0255864.t003

to-face instructions [42, 43]) suggest an exponential growth in infections in most testing sce-
narios, even if face mask and physical distancing are used at levels reported during the pan-
demic (transmission rates of 5% to 8%) (S3 Table). With contact rate of 6 to 8 per person per
day (corresponding to reported numbers when several universities moved to partial or full
remote instructions [35, 36]) and use of facemask and physical distancing at levels reported
during the pandemic, an exponential growth in infections was prevented with the following
testing scenarios: 33% per day mass test only, at least 33% trace and test only, any of the combi-
nation tests, and any of the delayed combination tests (Table 3). In these suitable scenarios, the
peak number of trace and tests, per 10,000 persons, varied from 2 to 64 per day, and the peak
number of quarantines, per 10,000 persons, varied from 3 to 26 per day (Table 3).

Discussions

This work estimates, under varying combinations of mass test, trace and test, and transmission
rate, the contact rate thresholds that would help efficiently control an infectious disease out-
break on residential university campuses in the United States. The metric typically used in the
COVID-19 literature for evaluating testing strategies is the reproduction number R,, which
combines the contact rate and transmission rate. As interventions that influence transmission
rates are different than those that influence contact rates, separating these parameters help sys-
tematically evaluate metrics to inform epidemic control protocols on university campuses. In
this study, we extracted four main metrics. First, the contact rate threshold among non-essen-
tial workers after accounting for the higher contact rate among essential workers, which could
help inform the size of social circles at the individual-level and schedule group activities such
as in labs and offices. Second, population size threshold, i.e., the maximum proportion of the
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actual population size, which could help university-level activity decisions such as the fraction
of classes that should be moved to remote instruction. Third, the threshold values for vaccina-
tion coverage for the campus to return to normal, i.e., the minimum vaccination coverage for
having 100% of the population back on campus, which would help plan for the period post
introduction of vaccines. Fourth, the threshold values for population size if vaccine coverage is
below required thresholds, which could help decisions in the event that vaccines are not widely
available that coverage (proportion vaccinated) is not at levels sufficient to fully resume normal
activities. The fourth metric could especially be useful in the transitionary phase to normality
(until vaccines become fully available) and where the results suggest lowering the population
size by just a small number, which could be achieved by moving only a few classes online, such
that, the overall population density on campus on any given day is lower but most students
have most (if not all) of their classes as face-to-face.

While the implementation of the decisions related to the above metrics are driven at the
university-level, adherence and feasibility to use of interventions such as face mask and physi-
cal distancing could vary by individual behaviors [37, 39, 40]. By separately modeling contact
rates and transmission rates in this study, we extracted results corresponding to transmission
rates (of 5% to 8%) that match reported behaviors for face mask use and physical distancing
[11, 30], and thus evaluated the university-level decisions under these adherence or feasibility
ranges.

Our analyses suggest that implementing only testing, only face mask use and physical dis-
tancing, or only population size reductions will not be sufficient, but require combinations of
these interventions to successfully control an outbreak on university campuses. Further, in the
absence of vaccinations, at reported levels of face mask and physical distancing, testing alone
without reducing population size would also not be sufficient to control an outbreak. This sug-
gests that university campuses have high population densities that, for effective control of
highly virulent infections such as SARS-CoV-2, it would require reducing the population size
such as through remote learning.

Although individual interventions are not sufficient, there are multiple choices for combi-
nations of interventions to choose from if vaccines are unavailable. If, along with continuing
face mask and physical distancing at current levels, the population size is kept to at most 34%
(or 44%) of the actual population size, mass tests only of 25% (or 33%) per day would help con-
trol an outbreak (Table 1). The choice between mass tests of 25% per day vs. 33% per day
should consider the costs of a greater proportion remote learning (quantitative and qualitative
costs) vs. costs of both testing more often and testing a larger population.

An alternative to mass tests only would be trace and test only, along with continuing face
mask and physical distancing at current levels and reducing population size. Trace and test
only would also be sufficient at rates of 33% (or 50%) if population size is kept to at most 39%
(or 52%) (Table 1). These population size range are close to the 34% (or 44%) reported above
for 25% (or 33%) per day mass tests only. Trace and test of 33% and 50% correspond to 3 days
and 2 days, respectively, from the time an infected person makes contact with an individual to
effective isolation of that individual. Feasibility of this short turnaround times would deter-
mine the choice between use of mass test vs. trace and test. Turnaround times are expected to
be shorter with digital contact tracing, such as smart phone apps, compared to manual tracing,
and feasibility and adoption of apps could be higher among university students than general
population. However, studies related to its feasibility and adoption followed by adherence to
isolation, among other issues such as privacy and alternative digital technologies are only
recently emerging [44-47]. Our results also suggest that, if these turnaround times are not
achievable and further if there are any delays in trace and test initiation, then trace and test
alone is not favorable (none of the delayed trace and test were feasible (Table 2)) and should
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instead adopt either mass tests only or mass test with trace and test. Use of mass test with trace
and test could improve trace and test due to potential early diagnosis of index persons. Our
results suggest that, if mass tests can increase trace and test to 50% (within two days from con-
tact to isolation), there is more flexibility in trade-offs between mass test rates and contact rate
thresholds, and thus more flexibility in population size (Table 2).

In the event that vaccines are available, the full population can be back on campus and
resume normal activities provided at least 95% of the population is vaccinated (Table 2). If vac-
cine coverages are lower than 95%, resuming normal activities with the full population size on
campus would require additional asymptomatic testing, with the level of testing depending on
vaccine coverage. Mass tests of at least 25% per day would be sufficient if vaccine coverage is at
least 70%, or mass tests of at least 33% per day would be sufficient if vaccine coverage is at least
59%. If vaccine coverage is below 59%, to control an outbreak, in addition to mass tests at 33%
per day, it would also require lowering the population size to 90%, 75%, and 60%, if vaccine
coverage is at 46%, 31%, and 16%, respectively (Table 2).

Corresponding to the reported compliance to face mask and physical distancing and
reported contact rates of 6 to 8 per person per day (a population size of 31% to 42% as per our
estimations), from surveys [35, 37, 39] conducted over the year 2020 when universities transi-
tioned a large proportion of classes to remote instructions and vaccines were unavailable, our
results suggest the need for at least 33% mass test only or 33% trace and test only (Table 3). Sce-
narios that did not meet these criteria led to exponential growths in infections. These results
generally match observed cases over the Fall 2020 semester, where several campuses saw cases
into the thousands within the first two weeks of opening and were able to quickly control the
spread within two to three weeks by temporarily transitioning to remote instructions [48].
While the universities were able to effectively control the outbreak quickly, it was also observed
by this study [48] that the infections rapidly spread into the neighboring community, which
were less successful in controlling the spread. Therefore, we believe, results obtained from our
study, which set tight tolerance levels on infection cases, would be beneficial for developing
epidemic response plans that consider the interests of the broader community. Our results
also suggest that, with asymptomatic testing only, it would be necessary to have a vaccination
coverage threshold of >95% for a university to fully return back to normal. This threshold is
much higher than the typical 70% to 80% range used for herd-immunity in the literature for
the general population [49], to a small extent because of setting a tighter tolerance but to a
large extent because of the higher population density characteristic of university campuses.
The latter can also be observed in R, values estimated for universities, which in some instances
went above 10 even with online instructions [48], while the herd-immunity in the general pop-
ulation is approximately calculated as 1-1/R, using a R, of 3.5.

Our work is subject to limitations. Our model is deterministic. We used an average contact
rate for all persons in order to estimate threshold values that could help inform university-
level decisions. We did not model contact rates to be representative of actual expected net-
works between individuals. We did not explicitly model other interventions that could reduce
transmission rate such as controlled ventilation, filtering air and controlling air flow, which
are likely to impact transmissions [50]. The transmission rates also have a large range of uncer-
tainty due to varying individual behaviors, the data used for streamlining the analyses in this
study are based on limited data availabilities, however, the extrapolations over the wide range
of transmission rates could be utilized. We did not model false positives for any of the testing
scenarios and thus susceptible persons immediately return back to susceptible compartment
after testing. We did not model other flu like illnesses and thus we did not assess the additional
healthcare resource needs such as testing and quarantining because of similarity in symptoms
with COVID-19. In estimation of vaccination thresholds, we did not consider the natural
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immunity developed among persons who may have been infected previously. The estimation
of vaccination thresholds assume that the virus is still prevalent in the larger community and

thus there is a chance of the infection entering the population, such as through local or global
travel. We assume that the population density is similar across university campuses with con-
tact rates between 16 and 24, and thus, this assumption should be considered when generaliz-
ing to campuses.

In conclusion, the results from this study could be used to collectively inform decisions
related to testing, population size reductions through remote instructions, size of social circles,
personnel scheduling in labs and offices, under scenarios of both unavailability or partial avail-
ability of vaccines, and within the observed levels of compliance to face mask use and physical
distancing. The analyses conducted here specifically streamlined the results to the COVID-19
disease caused by the SARS-CoV-2 virus. However, given the wide range of transmission rates
evaluated here, which were based on results from a meta-analysis study that evaluated SARS-
CoV-2 and other viruses of similarly high virulence [11], broader observations from this study
could be extrapolated for use in early stages of new outbreaks of similar viral respiratory infec-
tions with similar incubation periods [24], where non-pharmaceutical intervention options
such as face masks, physical distancing, remote instructions, and testing are the suitable
options. As was the case at the time of conducting this study, in the early stages of an outbreak,
there is uncertainty in the baseline transmission rate, efficacy of face mask use and physical
distancing [11]. Thus, the results over the range of transmission rates might only serve as a pre-
liminary guide, until more information becomes available for more streamlined analyses.

Supporting information

S1 Table. All combinations of testing, contact rates for non-essential workers, and popula-
tion size for effective control of a disease outbreak in the absence of vaccines. S: symptom-
atic testing, U: Mass test, T: trace and test, dT: delayed trace and test.

(XLSX)

$2 Table. Combinations of testing, vaccine coverage, and population size for effective con-
trol of a disease outbreak. S: symptomatic testing, U: Mass test, T: trace and test, dT: delayed
trace and test.

(XLSX)

§3 Table. Epidemic outcomes under varying levels of testing and corresponding resource
needs. S: symptomatic testing, U: Mass test, T: trace and test, dT: delayed trace and test.
(XLSX)

S4 Table. All combinations of testing, contact rates for non-essential workers, and popula-
tion size for effective control of a disease outbreak in the absence of a vaccine.
(XLSX)

S5 Table. Combinations of testing, vaccine coverage, and population size for effective con-
trol of a disease outbreak.
(XLSX)

S6 Table. Epidemic outcomes under varying levels of testing and corresponding resource
needs.
(XLSX)

S1 Text. Appendix.
(DOCX)

PLOS ONE | https://doi.org/10.1371/journal.pone.0255864 August 9, 2021 18/22

135



PLOS ONE COVID-19 control in a university setting

Acknowledgments

We would like to acknowledge Sonza Singh, Shifali Bansal, Seyedeh Nazanin Khatami, and
Arman Mohseni Kabir for their assistance in data collection in initial stages of the study, and
Dr. Laura Balzer, Dr. Michael Ash, and Dr. Hari Balasubramanian for their comments and
inputs.

Author Contributions

Conceptualization: Xinmeng Zhao, Hanisha Tatapudi, George Corey, Chaitra Gopalappa.
Data curation: Xinmeng Zhao, Hanisha Tatapudi, Chaitra Gopalappa.

Formal analysis: Xinmeng Zhao, Hanisha Tatapudi, Chaitra Gopalappa.
Investigation: Xinmeng Zhao, Hanisha Tatapudi, Chaitra Gopalappa.
Methodology: Xinmeng Zhao, Hanisha Tatapudi, George Corey, Chaitra Gopalappa.
Project administration: Chaitra Gopalappa.

Resources: Chaitra Gopalappa.

Software: Xinmeng Zhao, Hanisha Tatapudi, Chaitra Gopalappa.

Supervision: Chaitra Gopalappa.

Validation: Xinmeng Zhao, Hanisha Tatapudi, Chaitra Gopalappa.

Visualization: Xinmeng Zhao, Hanisha Tatapudi, Chaitra Gopalappa.

Writing - original draft: Xinmeng Zhao, Hanisha Tatapudi, George Corey, Chaitra
Gopalappa.

Writing - review & editing: Xinmeng Zhao, Hanisha Tatapudi, George Corey, Chaitra
Gopalappa.

References

1. Coronavirus Resource Center. Impact of opening and closing decisions by state. In: Johns Hopkins
University of Medicine. [Internet]. 8 Jul 2020 [cited 8 Jul 2020]. Available: https:/coronavirus.jhu.edu/
data/state-timeline

2. HolzerJ. The COVID-19 crisis: How do U.S. employment and health outcomes compare to other
OECD countries? In: Brookings [Internet]. 2 Jun 2020 [cited 8 Jul 2020]. Available: https:/www.
brookings.edu/research/the-covid-19-crisis-how-do-u-s-economic-and-health-outcomes-compare-to-
other-oecd-countries/

3. Blustein D, Duffy R, Ferreira J, Cohen-Scali V, Cinamon R, Allan B. Unemployment in the time of
COVID-19: Aresearch agenda. J Vocat Behav. 2020; 119. https://doi.org/10.1016/}.jvb.2020.103436
PMID: 32390656

4. CDC. How to Protect Yourself & Others. In: Centers for Disease Control and Prevention [Internet]. 24
Apr 2020 [cited 9 Jul 2020]. Available: https://www.cdc.gov/coronavirus/2019-ncov/prevent-getting-
sick/prevention.html. https://doi.org/10.1097/01.inf.0000437856.09540.11 PMID: 24569199

5. CDC. Interim Guidance for Businesses and Employers Responding to Coronavirus Disease 2019
(COVID-19). In: Centers for Disease Control and Prevention [Internet]. 6 May 2020 [cited 8 Jul 2020].
Available: https://www.cdc.gov/coronavirus/2019-ncov/community/guidance-business-response.html.

6. Barratt H, Kirwan M, Shantikumar S. Epidemic theory (effective & basic reproduction numbers, epi-
demic thresholds) & techniques for analysis of infectious disease data (construction & use of epidemic
curves, generation numbers, exceptional reporting & identification of significant clusters). In: Health
Knowledge [Internet]. [cited 8 Jul 2020]. Available: https:/www.healthknowledge.org.uk/public-health-
textbook/research-methods/1a-epidemiology/epidemic-theory

7. Kucharski A, Klepac P, Conlan A, Kissler S, Tang M, Fry H, et al. Effectiveness of isolation, testing, con-
tact tracing, and physical distancing on reducing transmission of SARS-CoV-2 in different settings: a

PLOS ONE | https://doi.org/10.1371/journal.pone.0255864 August 9, 2021 19/22

136



PLOS ONE COVID-19 control in a university setting

mathematical modelling study. Lancet Infect Dis. 2020; 20: 1151-1160. https://doi.org/10.1016/S1473-
3099(20)30457-6 PMID: 32559451

8. HeX, Lau EHY, Wu P, Deng X, Wang J, Hao X, et al. Temporal dynamics in viral shedding and trans-
missibility of COVID-19. Nat Med. 2020; 26: 672-675. https://doi.org/10.1038/s41591-020-0869-5
PMID: 32296168

9. Bedford J, Enria D, Giesecke J, Heymann DL, Ihekweazu C, Kobinger G, et al. COVID-19: towards con-
trolling of a pandemic. The Lancet. 2020; 395: 1015-1018. https://doi.org/10.1016/S0140-6736(20)
30673-5 PMID: 32197103

10. Maclintyre CR, Chughtai AA. A rapid systematic review of the efficacy of face masks and respirators
against coronaviruses and other respiratory transmissible viruses for the community, healthcare work-
ers and sick patients. International Journal of Nursing Studies. 2020; 108: 103629. https://doi.org/10.
1016/).ijnurstu.2020.103629 PMID: 32512240

11.  Chu DK, Akl EA, Duda S, Solo K, Yaacoub S, Schiinemann HJ, et al. Physical distancing, face masks,
and eye protection to prevent person-to-person transmission of SARS-CoV-2 and COVID-19: a system-
atic review and meta-analysis. The Lancet. 2020; 395: 1973-1987. https://doi.org/10.1016/S0140-6736
(20)31142-9

12. Hellewell J, Abbott S, Gimma A, Bosse NI, Jarvis Cl, Russell TW, et al. Feasibility of controlling COVID-
19 outbreaks by isolation of cases and contacts. The Lancet Global Health. 2020; 8: e488-€496.
https://doi.org/10.1016/S2214-109X(20)30074-7 PMID: 32119825

13. Aleta A, Martin-Corral D, Pastore y Piontti A, Ajelli M, Litvinova M, Chinazzi M, et al. Modelling the
impact of testing, contact tracing and household quarantine on second waves of COVID-19. Nat Hum
Behav. 2020; 4: 964—-971. https://doi.org/10.1038/s41562-020-0931-9 PMID: 32759985

14. Gressman PT, Peck JR. Simulating COVID-19 in a University Environment. Mathematical Biosciences.
2020; 328: 108436. https://doi.org/10.1016/j.mbs.2020.108436 PMID: 32758501

15. Paltiel AD, Zheng A, Walensky RP. COVID-19 screening strategies that permit the safe re-opening of
college campuses. Infectious Diseases (except HIV/AIDS); 2020 Jul. https:/doi.org/10.1101/2020.07.
06.20147702 PMID: 32676614

16. Knowledge @ Wharton. COVID-19 on Campus: How Should Schools Be Redesigned? 22 Jun 2020
[cited 8 Jul 2020]. Available: https://knowledge.wharton.upenn.edu/article/how-should-universities-be-
redesigned-in-the-wake-of-covid-19/

17. Vasquez M, Diep F. What Covid-19 Computer Models Are Telling Colleges About the Fall. In: The
Chronicle of Higher Education [Internet]. 19 Jun 2020 [cited 8 Jul 2020]. Available: https:/www.
chronicle.com/article/What-Covid-19-Computer-Models/249027

18. Roos R. Masks plus hand hygiene reduced ILI in college dorm study. In: CIDRAP [Internet]. 22 Jan
2010 [cited 8 Jul 2020]. Available: https://www.cidrap.umn.edu/news-perspective/2010/01/masks-plus-
hand-hygiene-reduced-ili-college-dorm-study

19. Aiello AE, Murray GF, Perez V, Coulborn RM, Davis BM, Uddin M, et al. Mask use, hand hygiene, and
seasonal influenza-like illness among young adults: A randomized intervention trial. The Journal of
Infectious Diseases. 2010; 201: 491-498. https://doi.org/10.1086/650396 PMID: 20088690

20. Meselson M. Droplets and Aerosols in the Transmission of SARS-CoV-2. N Engl J Med. 2020; 382:
2063-2063. https://doi.org/10.1056/NEJMc2009324 PMID: 32294374

21. Jayaweera M, Perera H, Gunawardana B, Manatunge J. Transmission of COVID-19 virus by droplets
and aerosols: A critical review on the unresolved dichotomy. Environmental Research. 2020; 188:
109819. https://doi.org/10.1016/j.envres.2020.109819 PMID: 32569870

22. Anderson EL, Turnham P, Griffin JR, Clarke CC. Consideration of the Aerosol Transmission for COVID-
19 and Public Health. Risk Analysis. 2020; 40: 902—-907. https://doi.org/10.1111/risa.13500 PMID:
32356927

23. Zhang, Jiang B, Yuan J, Tao Y. The impact of social distancing and epicenter lockdown on the
COVID-19 epidemic in mainland China: A data-driven SEIQR model study. MedRxiv. 2020. https:/doi.
org/10.1101/2020.03.04.20031187

24. LesslerJ, Reich NG, Brookmeyer R, Perl TM, Nelson KE, Cummings DA. Incubation periods of acute
respiratory viral infections: a systematic review. The Lancet Infectious Diseases. 2009; 9: 291-300.
https://doi.org/10.1016/S1473-3099(09)70069-6 PMID: 19393959

25. HillA, Levy M, Xie S, Sheen J, Shinnick J, Gheorghe A, et al. Modeling COVID-19 Spread vs Healthcare
Capacit. 27 May 2020. Available: https:/alhill.shinyapps.io/COVID19seir/
26. MasS, ZhangJ, ZengM, Yun Q, Guo W, Zheng Y, et al. Epidemiological parameters of coronavirus dis-

ease 2019: a pooled analysis of publicly reported individual data of 1155 cases from seven countries.
Infectious Diseases (except HIV/AIDS); 2020 Mar. https://doi.org/10.1101/2020.03.21.20040329

PLOS ONE | https://doi.org/10.1371/journal.pone.0255864 August 9, 2021 20/22

137



PLOS ONE COVID-19 control in a university setting

27. CDC. COVID-19 Pandemic Planning Scenarios. In: Centers for Disease Control and Prevention [Inter-
net]. [cited 5 May 2021]. Available: https://www.cdc.gov/coronavirus/2019-ncov/hcp/planning-
scenarios-archive/planning-scenarios-2020-05-20.pdf

28. MIDAS 2019 Novel Coronavirus Repository. [cited 24 Apr 2020]. Available: https:/github.com/midas-
network/COVID-19

29. Kobokovich A, West R, Gronvall G. Serology-based tests for COVID-19. In: Johns Hopkins Bloomberg
School of Public Health, Center for Healthy Security [Internet]. 7 Jul 2020 [cited 8 Jul 2020]. Available:
https://www.centerforhealthsecurity.org/resources/COVID-19/serology/Serology-based-tests-for-
COVID-19.html

30. Zhao PJ. A Social Network Model of the COVID-19 Pandemic. Epidemiology; 2020 Mar. https:/doi.org/
10.1111/aphw.12226 PMID: 32945123

31. Ataglance, 2019-2020, University of Massachusetts, Amherst. [cited 9 Jun 2020]. Available: https:/
www.umass.edu/oir/sites/default/files/publications/glance/FS_gla_01.pdf

32. ACS DEMOGRAPHIC AND HOUSING ESTIMATES. In: United States Census Bureau [Intemet]. [cited
5 May 2021). Available: https://data.census.gov/cedsci/table?q=Profile%200f%20General%
20Population%20and%20Housing%20Characteristics%20amherst%20massachusetts&tid=
ACSDP5Y2019.DP05

33. Ritchie H, Ortiz-Ospina E, Beltekian D, Mathieu E, Hasell J, Macdonald B, et al. Mortality Risk of
COVID-19. In: Our World in Data [Internet]. [cited 5 May 2020]. Available: https://ourworldindata.org/
mortality-risk-covid#the-case-fatality-rate

34. CDC. COVID Data Tracker. [cited 18 Jun 2021]. Available: https://covid.cdc.gov/covid-data-tracker/
#county-view

35. Nixon E, Trickey A, Christensen H, Finn A, Thomas A, Relton C, et al. Contacts and behaviours of uni-
versity students during the COVID-19 pandemic at the start of the 2020/21 academic year. Public and
Global Health; 2020 Dec. https://doi.org/10.1101/2020.12.09.20246421

36. Cashore J, Duan N, Janmohamed A, Wan J, Zhang Y, Henderson S. COVID-19 Mathematical Modeling
for Cornell’'s Fall Semester. 2020. Available: https://cpb-us-w2.wpmucdn.com/sites.coecis.cornell.edu/
dist/3/341/files/2020/10/COVID_19_Modeling_Jun15-VD.pdf

37. Cohen AK, Hoyt LT, Dull B. A Descriptive Study of COVID-19-Related Experiences and Perspectives
of a National Sample of College Students in Spring 2020. Journal of Adolescent Health. 2020; 67: 369—
375. https://doi.org/10.1016/}.jadohealth.2020.06.009 PMID: 32593564

38. Brooks-Pollock E, Christensen H, Trickey A, Hemani G, Nixon E, Thomas A, et al. High COVID-19
transmission potential associated with re-opening universities can be mitigated with layered interven-
tions. Infectious Diseases (except HIV/AIDS); 2020 Sep. https://doi.org/10.1101/2020.09.10.20189696

39. COVID-19 Mitigation Behavior Survey Results. In: Kansas State University [Internet]. [cited 26 Apr
2020]. Available: https://www.k-state.edu/covid-19/communications/every-wildcat-a-wellcat/fall-2020-
mitigation-behavior-survey-results.html

40. COVID-19 Reopening Survey Data. In: Risk and Social Policy Group [Internet]. [cited 26 Apr 2020].
Available: https://static1.squarespace.com/static/5ec4464f22cd13186530a36f/t/
5ef0e413c14aa311f58404fe/1592845331607/FINAL_onepager_wave1.pdf

41. HuH, Nigmatulina K, Eckhoff P. The scaling of contact rates with population density for the infectious
disease models. Mathematical Biosciences. 2013; 244: 125-134. https://doi.org/10.1016/j.mbs.2013.
04.013 PMID: 23665296

42. DanonlL, House TA, Read JM, Keeling MJ. Social encounter networks: collective properties and dis-
ease transmission. J R Soc Interface. 2012; 9: 2826-2833. https:/doi.org/10.1098/rsif.2012.0357
PMID: 22718990

43. Beutels P, Shkedy Z, Aerts M, Van Damme P. Social mixing patterns for transmission models of close
contact infections: exploring self-evaluation and diary-based data collection through a web-based inter-
face. Epidemiol Infect. 2006; 134: 1158-1166. https://doi.org/10.1017/S0950268806006418 PMID:
16707031

44. Menges D, Aschmann H, Moser A, Althaus CL, von Wyl V. The role of the SwissCovid digital proximity
tracing app during the pandemic response: results for the Canton of Zurich. Infectious Diseases (except
HIV/AIDS); 2021 Feb. https://doi.org/10.1101/2021.02.01.21250972

45. Colizza V, Grill E, Mikolajezyk R, Cattuto C, Kucharski A, Riley S, et al. Time to evaluate COVID-19 con-
tact-tracing apps. Nat Med. 2021; 27: 361-362. https:/doi.org/10.1038/s41591-021-01236-6 PMID:
33589822

46. Lewis D. Contact-tracing apps help reduce COVID infections, data suggest. In: Nature [Internet]. 21
Feb 2021 [cited 1 May 2021]. Available: https://www.nature.com/articles/d41586-021-00451-y https:/
doi.org/10.1038/d4 1586-021-00451-y PMID: 33623147

PLOS ONE | https:/doi.org/10.1371/journal.pone.0255864 August 9, 2021 21/22

138



PLOS ONE COVID-19 control in a university setting

47. Masel J, Shilen A, Helming B, Rutschman J, Windham G, Judd M, et al. Quantifying meaningful adop-
tion of a SARS-CoV-2 exposure notification app on the campus of the University of Arizona. Epidemiol-
ogy; 2021 Feb. https://doi.org/10.1101/2021.02.02.21251022

48. LuH, Weintz C, Pace J, Indana D, Linka K, Kuhl E. Are college campuses superspreaders? A data-
driven modeling study. Computer Methods in Biomechanics and Biomedical Engineering. 2021; 1-11.
https://doi.org/10.1080/10255842.2020.1869221 PMID: 33439055

49. Aschwanden C. Five reasons why COVID herd immunity is probably impossible. In: Nature [Internet].
18 Mar 2021 [cited 1 May 2021]. Available: https://www.nature.com/articles/d41586-021-00728-2
https://doi.org/10.1038/d41586-021-00728-2 PMID: 33737753

50. DaiH, Zhao B. Association of the infection probability of COVID-19 with ventilation rates in confined
spaces. Build Simul. 2020; 13: 1321-1327. https://doi.org/10.1007/s12273-020-0703-5 PMID:
32837691

PLOS ONE | https://doi.org/10.1371/journal.pone.0255864 August 9, 2021 22/22

139



Appendix H: Tables for Evaluating the Sensitivity of Jurisdictional Heterogeneity and
Mixing in National-level HIV Prevention Analyses: Context of the U.S. Ending the HIV
Epidemic Goal

Table H.1 List of jurisdictions modeled

. . List of States and dependent areas from
List of counties from CDC Atlas CDC Atlas
S. Modeled/ Modeled/
no. ;?tat County FIPS | whynot | S.no. | State gIP why not
modeled modeled

1. ca | Alameda oot | Yes 1. Alabama 1 Yes
County

2. MD gil}t/lmore 24510 | Yes 2. Alaska 2 Yes

3. X Bexar 48029 | Yes 3. Arizona 4 Yes
County

4. Ny | Bronx 36005 | Yes 4. Arkansas 5 Yes
County

5. FL Broward 12011 | Yes 5. California 6 Yes
County

6. |Nv | Sk 32003 | Yes 6. Colorado 8 Yes
County

7. GA Cobb 13067 | Yes 7. Connecticut | 9 Yes
County

8. L | ook 17031 | Yes 8. Delaware |10 | Yes
County

0. |om |Cwahoga | 39035 | yeg g, | Districtol 4y yeg
County Columbia

10, | Tx |DPallas 48113 | Yes 10. | Florida 12 | Yes
County

11. GA Dekalb 13089 | Yes 1. Georgia 13 Yes
County

12, |pc | Districtol | yggp | Modeled |y waii 15 | Yes
Columbia as a state
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Table H.1 (Continued)

13, |pL | Pwal 12031 | Yes 13. | Idaho 16 | Yes
County
East Baton

14. | LA | Rouge 22033 | Yes 14. Ilinois 17 | Yes
Parish

15. | Ny | Dssex 34013 | Yes 15. | Indiana 18 | Yes
County

16. |on |Franklin 39049 | Yes 16. |Iowa 19 | Yes
County

17. | Ga |Fulton 13121 | Yes 17. | Kansas 20 | Yes
County

18. | GA | OV 3135 | ves 18. | Kentucky 21 | Yes
County

19. OH Hamilton 39061 | Yes 19. Louisiana 22 Yes
County

20. |Tx |Hams 48201 | Yes 20. | Maine 23 | Yes
County

21, | Fr | Hisborough yone | ves 21. | Maryland 24 | Yes
County

2. | ny | Hudson 34017 | Yes 0, | Massachusett | o |y o
County s

23. \AV King County | 53033 | Yes 23. Michigan 26 | Yes

24. NY Kings 36047 | Yes 24. Minnesota 27 Yes
County

25 |ca | LosAneeles | eos | yes 25. | Mississippi | 28 | Yes
County

26. | Az |Marcopa s | yes 26. | Missouri 29 | Yes
County

27. IN Marion 18097 | Yes 27. Montana 30 Yes
County

28. | Ne | Meeklenbur 2110 | ves 28. | Nebraska 31 | Yes
g County

29, |pL | Miami-Dade | oaee | ves 29. | Nevada 32 | Yes
County

Data

30. | MD Montgomery 24031 | Yes 30. New . 33 | suppresse
County Hampshire d

31 | Ny | New Yok a661 | Yes 31. | NewlJersey |34 | Yes
County

3. |pL | Oranee 12095 | Yes 32. | New Mexico |35 | Yes
County

33. | ca | Orange 6059 | Yes 33. | New York 36 | Yes
County

141




Table H.1 (Continued)

34, | LA | Orlcans 22071 | Yes 34, | North 37 | Yes
Parish Carolina
35, |pL | PamBeach | r009 | ves 35. | North Dakota | 38 | Yes
County
36. | pa | Philadelphia b 01 | ves 36. | Ohio 39 | Yes
County
37. |pL | Dinellas 12103 | Yes 37. | Oklahoma |40 | Yes
County
Prince
38. | MD | George's 24033 | Yes 38. Oregon 41 Yes
County
39. | Ny | Queens 36081 | Yes 39. | Pennsylvania | 42 | Yes
County
40. |ca |Rveside ) goes | Yes 40. |Rhodelsland | 44 | Yes
County
41. | CA | Dacramento | cacs | yes 41, | Souh 45 | Yes
County Carolina
San
42. | CA | Bernardino | 6071 Yes 42. South Dakota | 46 | Yes
County
43. | CA San Diego 6073 | Yes 43. Tennessee 47 | Yes
County
San Dat
44. | CA | Francisco | 6075 | ¢ 44. | Texas 48 | Yes
suppressed
County
Population
demographi
San Juan ¢ data not
45. | PR o 72127 . 45. Utah 49 | Yes
Municipio available for
counties and
state
46. | TN | Shelby 47157 | Yes 46. | Vermont 50 | Yes
County
47. | Mma | Suffolk 25025 | D3t 47. | Virginia 51 | Yes
County suppressed
48. | TX | Larrant 48439 | Yes 48. | Washington |53 | Yes
County
49. | TX | Lravis 48453 | Yes 49, | West 54 | Yes
County Virginia
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Table H.1 (Continued)

50. MI

Wayne
County

26163

Yes

50. Wisconsin 55 Yes
51. Wyoming 56 Yes
57 American 60 Datg not
Samoa available
53. | Guam 66 | Datanot
available
Northern
54. Mariana 69 Datg not
available
Islands
Demographi
55. Puerto Rico | 72 ¢ data not
available
U.S. Virgin Data not
36. Islands 78 available

EHE jurisdictions are in blue; states that have EHE counties within them are excluded

Table H.2 Rates of care continuum and disease progression used in the matrix G;

From To Progression Rate* Source
type
(A-ANA) [2] Care Diagnosis rate x Estimated
(1-linkage to
(A-U)[1] care) X 6,

(U) >500 [3] Disease 5.88 [1]

(A-ANA) [2] (ANA) >500 [4] Disease 5.88 [1]
(ANA) >500 [4] Care Diagnosis rate x Estimated

(1-linkage to
care) x 4
(U) >500 [3] (ANV) >500 [5] Care Diagnosis rate x Estimated
linkage to care x
64

(U) 351-500 [7] Disease 0.286 [1]

(ANV) >500 [5] Care 0.5 [2]

(ANA) >500 [4] | (ANA) 351-500 Disease 0.286 [1]

[8]

(ANA) >500 [4] Care Dropout rate x ¢4 Estimated

(VLS) >500 [6] Care 1.33 [3]

(ANV) =300 [5] (ANV) 351-500 Disease 0.026 [1]

[9]

(VLS) >500 [6] | (ANA) >500 [4] Care Dropout rate x ¢4 Estimated

* Rates in table represent annual rates input to the simulation model
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Table H.2 (Continued)

(ANA) 351-500 Care Diagnosis rate x Estimated
[8] (1-linkage to
care) x 64
(U) 351-500 [7] | (ANV) 351-500 Care Diagnosis rate x Estimated
[9] linkage to care x
64
(U) 201-350 [11] Disease 0.286 [1]
(ANV) 351-500 Care 0.5 [2]
(ANA) 351-500 [9]
[8] (ANA) 201-350 Disease 0.286 [1]
[12]
(ANA) 351-500 Care Dropout rate x @4 Estimated
[8]
(ANV) 351-500 | (VLS)351-500 Care 1.33 [3]
[9] [10]
(ANV) 201-350 Disease 0.026 [1]
[13]
(VLS) >500 [6] Disease 0.385 [1]
(VLS%fOS]I'S 00 (ANA)[ g ]51-500 Care Dropout rate X @4 Estimated
(ANA) 201-350 Care Diagnosis rate x Estimated
[12] (1-linkage to
care) x 4
U) ﬁ) 11 ]_350 (ANV) 201-350 Care Diagnosis rate x Estimated
[13] linkage to care x
B4
(U) <200 [15] Disease 0.33 [1]
(ANV) 201-350 Care 0.5 [2]
(ANA) 201-350 [13]
[12] (ANA) <200 Disease 0.33 [1]
[16]
(ANA) 201-350 Care Dropout rate x @4 Estimated
[12]
(ANV) 201-350 | (VLS)201-350 Care 1.33 [3]
[13] [14]
(ANV) <200 Disease 0.026 [1]
[17]
(VLS) 351-500 Disease 0.385 [1]
(VLS) 201-350 [10]
[14] (ANA) 201-350 Care Dropout rate x @4 Estimated
[12]
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Table H.2 (Continued)

[16]

(ANA) <200 Care Diagnosis rate x Estimated
[16] (1-linkage to
care) x 64
(U) <200 [15] (ANV) <200 Care Diagnosis rate x Estimated
[17] linkage to care x
04
(ANA) <200 (ANV) <200 Care 1 [4]
[16] [17]
(ANA) <200 Care Dropout rate x ¢4 Estimated
(ANP§)7]<2OO [16]
(VLS) <200 [18] Care 1.33 [3]
(VLS) 201-350 Disease 0.355 [1]
(VLS) <200 [14]
[18] (ANA) <200 Care Dropout rate x ¢4 Estimated

Diagnosis rate and Dropout rate are rates of care metrics estimated monthly for each risk group

Data on linkage to care changes across risk groups, time, and jurisdictions [5]

6,= scaling factor for diagnosis rate in disease-stage d, see Table H.3
@ 4= scaling factor for drop-out rate in disease-stage d, see Table H.4

Table H.3 Scaling factor for diagnosis rate in disease-stage d (6,)

Disease stage Risk group: HM Risk group: HF Risk group: MSM
Acute 0.090 0.090 0.090
CD4>500 0.366 0.366 0.366
CD4500-350 0.775 0.775 0.776
CD4200-350 1.337 1.337 1.337
CD4<200 2.353 2.353 2.352

Table H.4 Scaling facto

r for dropout rate in dise

Disease stage

Risk group: MSM

Acute

CD4>500

CD4500-350

CD4200-350

1
1
1
1

CD4<200

0

The rate of incidence or the number of new infections is calculated using a Bernoulli equation

ase-stage d (¢4)

(see Section H.3). The rate of deaths from the susceptible population is shown in Table H.5, and
for infected compartments is shown in Tables H.6 and H.7.
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Table H.5 Death rates for susceptible population by age and risk group [6]

Age Risk group: Risk group: | Age Risk group: Risk group:
HM/MSM HF HM/MSM HF

13 0.000232 0.000138 57 0.009156 0.005647
14 0.000343 0.000172 58 0.009897 0.006043
15 0.000465 0.000211 59 0.010671 0.006441
16 0.000588 0.000251 60 0.011519 0.006886
17 0.00072 0.000293 61 0.012419 0.007391
18 0.000858 0.000336 62 0.013307 0.007931
19 0.000999 0.000379 63 0.014164 0.008508
20 0.001146 0.000425 64 0.015032 0.009142
21 0.001288 0.000472 65 0.016013 0.009874
22 0.001407 0.000515 66 0.017138 0.010717
23 0.001494 0.000551 67 0.018362 0.01166

24 0.001556 0.000582 68 0.019693 0.012711
25 0.00161 0.000612 69 0.021174 0.013894
26 0.001665 0.000646 70 0.022889 0.015285
27 0.001717 0.000684 71 0.024869 0.016878
28 0.001767 0.000729 72 0.027095 0.018607
29 0.001817 0.000779 73 0.029587 0.020466
30 0.001865 0.000833 74 0.032394 0.022522
31 0.001911 0.000887 75 0.035668 0.024929
32 0.00196 0.000939 76 0.039396 0.027729
33 0.002014 0.000988 77 0.043453 0.030855
34 0.002071 0.001034 78 0.047826 0.034321
35 0.002138 0.001085 79 0.052649 0.038211
36 0.002211 0.001143 80 0.058206 0.042771
37 0.002279 0.001205 81 0.064581 0.047992
38 0.002342 0.001271 82 0.071657 0.053678
39 0.002405 0.001345 83 0.079465 0.05981

40 0.002482 0.001429 84 0.088141 0.066584
41 0.002583 0.001524 85 0.097854 0.074258
42 0.00271 0.00163 86 0.108747 0.083053
43 0.00287 0.001748 87 0.120919 0.093123
44 0.003064 0.001881 88 0.134425 0.10454

45 0.003285 0.002029 89 0.149273 0.117305
46 0.003538 0.002195 90 0.165452 0.131392
47 0.003834 0.002386 91 0.182935 0.146753
48 0.004178 0.002605 92 0.201679 0.163331
49 0.004569 0.002851 93 0.221637 0.181064
50 0.004997 0.003118 94 0.242747 0.199886
51 0.005462 0.003403 95 0.263672 0.218908
52 0.005971 0.003714 96 0.284014 0.237815
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Table H.5 (Continued)

53 0.006526 0.004052 97 0.303355 0.256265
54 0.007125 0.004415 98 0.321268 0.273894
55 0.007766 0.004813 99 0.337332 0.290328
56 0.008445 0.005233 100 0.354198 0.307747

Table H.6 Death rates for HIV infected without ART [7]

Disease stage Death rate
CD4 <200 0.116620159
CD4 200-350 0.02371429
CD4 350-500 0.011928287
CD4 >500 0.007968085
Acute 0.007968085

Table H.7 Death rates for HIV infected for different disease stages [8]

Age group | Disease stage CD4 > | Disease stage CD4 > Disease stage CD4 <
350 200-350 200

13-29 0.003626204 0.005050763 0.014833591

30-39 0.004642914 0.006278342 0.018685359

40-49 0.006073324 0.008337886 0.025242614

50-100 0.046050426 0.015897488 0.011459655

Table H.8 Calibrated values of probability of HIV transmission per sexual act of different types
(vaginal and anal) for different risk groups

Risk group | Vaginal acts | Anal acts
HM 0.0003 0.0011
HF 0.0007 0.0082
MSM 0.0022 0.0103

Table H.9 Calibrated values of sexual partnership mixing proportions between different risk

groups
Risk group | HM HF MSM
HM 0 100.00% | 0
HF 98.20% | 0 1.80%
MSM 0 40.00% | 60.00%
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Table H.10 Calibrated values for risk-specific age-related partnership mixing proportions

Risk 1 Age |13 171 1804 | 25:29 | 3024 | 3539 | 4044 | 45-64 | 65-100
group | group
13-17 910)05 424% | 1.12% | 1.12% | 1.12% | 1.12% | 0.23% | 0%
0
1824 | 2.30% 920)10 112% | 1.12% | 1.12% | 1.12% | 1.12% | 0%
0
2529 | 6.76% | 6.76% 820)00 112% | 1.12% | 1.12% | 1.12% | 0%
0
oy | 3024 l‘f)fS 1‘;(?5 l‘f)fS 5‘;050 112% | 1.12% | 1.12% | 0%
3539 | 5.39% | 5.39% | 5.39% | 5.39% 760)20 112% | 1.12% | 0%
0
40-44 | 4.54% | 4.54% | 4.54% | 4.54% | 4.54% 760)20 L12% | 0%
0
4564 | 3.97% | 3.97% | 3.97% | 3.97% | 3.97% | 3.97% | 76.20% | 0%
1630 0% | 0% | 0% | 0% | 0% | 0% 0% 0%
13-17 910)05 6.95% | 0.50% | 0.50% | 0.50% | 0.50% | 0.00% | 0%
0
1824 | 6.45% 910)05 0.50% | 0.50% | 0.50% | 0.50% | 0.50% | 0%
0
2529 | 0.50% 390)80 570)70 0.50% | 0.50% | 0.50% | 0.50% | 0%
0 0
3024 | 0.50% 430)00 0.50% 5‘;50 0.50% | 0.50% | 0.50% | 0%
HF 0 0
3539 | 1.50% 1‘;70 0.50% | 0.50% 810)80 0.50% | 0.50% | 0%
0 0
4044 | 0.50% | 570 1 0.50% | 0.50% | 0.50% | *u0 | 050% | 0%
0 0
45.64 | 0.00% | 0.00% | 0.00% | 0.00% | 0.00% | 0.00% 103'00 0%
0
1630 % | 0% | 0% | 0% | 0% | 0% 0% 0%
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Table H.10 (Continued)

MSM

13-17 9102)5 4.69% | 0.48% | 0.14% | 1.09% | 0.79% | 1.84% | 0%
18-24 | 4.82% 4%)?0 479% | 1.56% | 3.80% 320/9 T 405% | 0%
25-29 1?%7’6 160):‘4 550/9 0 130):‘7 1.94% | 1.50% | 039% | 0%
30-24 | 0.23% | 1.29% 37%58 46020 2.68% | 822% | 3.69% | 0%
35-39 | 6.05% 2‘;06 P 0.98% | 5.31% 55%20 129% | 6.56% | 0%
40-44 | 3.40% | 7.39% 122‘9 4.34% | 9.34% 55%20 9.85% | 0%
45-64 “0)(?0 1(())2‘2 9.99% 1(()%52 1.68% | 1.18% | 55.20% | 0%

1630 0% 0% 0% 0% 0% 0% 0% 0%

Table H.11 Ranges for age and gender-specific number of sexual acts per year [9]

Age group | Female-upper | Female-lower | Male-upper | Male -lower
13-14 41 20 60 30
15-17 41 20 60 30
18-19 127 73 119 68
20-24 127 73 119 68
25-29 108 62 110 63
30-34 93 51 104 59
35-39 93 51 104 59
40-44 86 48 95 52
45-49 86 48 95 39
50-54 73 40 73 36
55-59 73 32 73 36
60-64 62 35 67 24
65-70 62 35 67 24

*The ranges were transformed to values by taking the average for each age group and gender
across upper and lower estimates
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Appendix I: Figures for Evaluating the Sensitivity of Jurisdictional Heterogeneity and

Mixing in National-level HIV Prevention Analyses: Context of the U.S. Ending the HIV
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Figure I.1.a EHE jurisdiction; Comparing percentage difference of overall incidence between
mixing scenarios for risk group HM. Comparing no mixing (Scenario 13) with Level-1-mixing
(Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each EHE
jurisdiction for year 2018.
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Figure I.1.b Non-EHE jurisdiction; Comparing percentage difference of overall incidence

between mixing scenarios for risk group HM. Comparing no mixing (Scenario 13) with Level-1-
mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each
non-EHE jurisdiction for year 2018.
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Figure [.2.a EHE jurisdiction; Comparing percentage difference of overall incidence between
mixing scenarios for risk group HF. Comparing no mixing (Scenario 13) with Level-1-mixing
(Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each EHE
jurisdiction for year 2018.
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Figure 1.2.b Non-EHE jurisdiction; Comparing percentage difference of overall incidence
between mixing scenarios for risk group HF. Comparing no mixing (Scenario 13) with Level-1-
mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each
non-EHE jurisdiction for year 2018.
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Figure [.3.a EHE jurisdiction; Comparing percentage difference of overall incidence between

mixing scenarios for risk group MSM. Comparing no mixing (Scenario 13) with Level-1-mixing
(Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for each EHE
jurisdiction for year 2018.
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Figure 1.3.b Non-EHE jurisdiction; Comparing percentage difference of overall incidence
between mixing scenarios for risk group MSM. Comparing no mixing (Scenario 13) with Level-
I-mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-3-mixing (Scenario 16) for
each non-EHE jurisdiction for year 2018.
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Figure 1.4.a EHE jurisdictions; Comparing HIV interval between testing in months across years
(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HM.
Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario
15), and Level-3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years
2019-2025. For each year the order of HIV interval between testing is no mixing, Level-1-
mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was
capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years.
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Figure .4.b Non-EHE jurisdictions; Comparing HIV interval between testing in months across
years (2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HM.
Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario
15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years
2026-2030. For each year the order of HIV interval between testing is no mixing, Level-1-
mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was
capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years.
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Figure [.5.a EHE jurisdictions; Comparing HIV interval between testing in months across years
(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HF. Comparing
no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and
Level-3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 2019-2025.
For each year the order of HIV interval between testing is no mixing, Level-1-mixing, Level-2-
mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was capped at 4 years
(48 months) as intervals during intervention years did not exceed 4 years.
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Figure 1.5.b Non-EHE jurisdictions; Comparing HIV interval between testing in months across
years (2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HF.
Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario
15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years
2026-2030. For each year the order of HIV interval between testing is no mixing, Level-1-
mixing, Level-2-mixing, and Level-3-mixing, respectively. Testing interval limit on y-axis was
capped at 4 years (48 months) as intervals during intervention years did not exceed 4 years.
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Figure 1.6.a EHE jurisdictions; Comparing monthly retention in care rate across years (2020,
2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HM. Comparing no
mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-
3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 2019-2025. For
each year the order of retention in care is no mixing, Level-1-mixing, Level-2-mixing, and
Level-3-mixing, respectively.
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Figure 1.6.b Non-EHE jurisdictions; Comparing monthly retention in care rate across years
(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HM.
Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario
15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years
2026-2030. For each year the order of retention in care is no mixing, Level-1-mixing, Level-2-
mixing, and Level-3-mixing, respectively.
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Figure 1.7.a EHE jurisdictions; Comparing monthly retention in care rate across years (2020,
2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HF. Comparing no
mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-
3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 2019-2025. For
each year the order of retention in care is no mixing, Level-1-mixing, Level-2-mixing, and
Level-3-mixing, respectively.
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Figure 1.7.b Non-EHE jurisdictions; Comparing monthly retention in care rate across years
(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group HF. Comparing
no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and

Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years 2026-

2030. For each year the order of retention in care is no mixing, Level-1-mixing, Level-2-mixing,
and Level-3-mixing, respectively.
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Figure 1.8.a EHE jurisdictions; Comparing monthly retention in care rate across years (2020,
2022, 2025, 2028, and 2030) for different mixing scenarios for risk group MSM. Comparing no
mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario 15), and Level-
3-mixing (Scenario 16). Interventions for EHE jurisdictions applied in years 2019-2025. For
each year the order of retention in care is no mixing, Level-1-mixing, Level-2-mixing, and
Level-3-mixing, respectively.
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Figure 1.8.b Non-EHE jurisdictions; Comparing monthly retention in care rate across years
(2020, 2022, 2025, 2028, and 2030) for different mixing scenarios for risk group MSM.
Comparing no mixing (Scenario 13), Level-1-mixing (Scenario 14), Level-2-mixing (Scenario
15), and Level-3-mixing (Scenario 16). Interventions for non-EHE jurisdictions applied in years
2026-2030. For each year the order of retention in care is no mixing, Level-1-mixing, Level-2-

mixing, and Level-3-mixing, respectively.
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Figure 1.9 Comparing annual PWH projections between the simulated 16 Jurisdictional-Model
scenarios (S1 to S16) for aggregate EHE and non-EHE jurisdictions for the period 2018 to 2030.
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Appendix J: Simulation Compartmental Model

We model HIV epidemic projections through simulation of a continuous-time non-
stationary Markov process {X;: , G;; t = 1: T}. For the national model, the state space of the
underlying Markov chain is given by Q. = {[S, C, D, De, A, R]}, which is a multivariate state. For
a jurisdictional model, the state space of the underlying Markov chain is given by O, =
{[S,C,D,De, A,R,]]}.

Where, S € {Susceptible}, C € {Unaware, Aware no ART, ART no VLS, ART VLS}
representing the care continuum stage of an HIV infected person or susceptible, D €
{ Acute,CD4 > 500,CD4 350 — 500, CD4 200 — 350,CD4 < 200} representing the HIV
disease progression stage of an HIV-infected person or uninfected, De € {Death}, A €
{13,14,...,100} representing all ages of a susceptible or HIV-infected person, R €
{HM,HF,MSM,}, representing risk group of a susceptible or HIV-infected person, and | €
{1, 2, ...,96}, representing the 96 jurisdictions modeled.

Every month people move from one compartment to other. If they move between
compartments of care (i.e., C) it is called care continuum progression and if they move between
compartments of the disease (i.e., D), it is called disease progression. There are 18 infected
compartments, 1 susceptible, and 1 death compartment. Therefore, the simulation compartmental
consists of a total of 20 compartments altogether. The matrix G, represents non-stationary (i.e.,

varying over time) rate of transition between the states of care continuum and disease progression.
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By applying Euler’s numerical integration, we can simulate the epidemic over time using m;,, =
e + T G At

Where, 74 is a vector of size [Qpa¢| or [Qjy| with each element representing the number
of people in that stage. We start the simulation with some initial values of m, (here we used
distribution of the U.S. population in 2010 year-end for the national model and 2017 year-end for
the jurisdictional model as the initial value of ;).

We present the transition rates that fill up the matrix G;, which are obtained through
literature studies, surveillance data, or estimated in our model to fit to combinations of m,,; and

m; in Table H.2.
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Appendix K: Numerical Estimation of Rates

As numerical estimation of rates is computationally expensive, we derive an analytical
approximation of unknown rates by considering a collapsed/simplified state space of the Markov
process discussed in Appendix J.

Let {Y;:Q,G;;t = 1:T}, be the Markov process with underlying Markov chain on a
collapsed state space for each risk group (HM, HF, MSM). The new state space can be represented
as Q = {[C,R,]]}.

Where C € {U,A,V}, U= U, U{[U,Dg, A1}, A= U, U{[Aware no ART,Dy,A,]},V =
Ux UAIART no VLS, D4, Aq] U [ART VLS, Dy, Aql }, a € {13,14,...,100}, and de
{ Acute,CD, > 500,CD, 350 — 500, CD, 200 — 350,CD, < 200}.

This method combines all ages and disease progression stages into one state. Further, note
that it combines stages ART no VLS and ART VLS as V. m, considers national data when
implementing this method for the national model and m; considers the jurisdiction specific data for
] when implementing this method for the jurisdictional model. To calculate/calibrate the two
unknown rates, diagnosis rate and dropout rate, for each risk group, we collapse the compartmental
model seen in Figure 6.1 in the Manuscript into the following structure (see Figure K.1). At any
time-step t (monthly), values for I,_; and p,_; ¢ for each s € {U, A, V} are known as they are
estimated at the previous time-step of simulation. We iteratively estimate:

® New infections using the Bernoulli equation in Appendix L

e Mortality as discussed in Appendix H using data presented in Tables H.5, H.6, and H.7
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e Data for [, and y; are available through literature data as discussed in Appendix H
e Diagnostic rate §; is unknown and calibrated along with number of new diagnoses
St riskNe-1,0,a,riska

¢ Dropout rate p; is unknown and calibrated along with number of people who dropped

out of care pely_1Pr—1y

e We are only estimating the dropout rate for CD4 count >200. For CD4 count <200, we

assume dropout is 0 and this is modeled by making ¢, = 0 for CD4 count < 200.
¢ Finally, we apply the estimated rates for &, and p, into the generator matrix G, (rates
in Table H.2) to estimate ;4.

Let, dt = 1/12 (monthly), s = care continuum stage; s € {U,A,V}; U = unaware; A=
aware; V = prescribed ART (with VLS + no VLS), d = disease progression stage; d €
{ Acute,CD, > 500,CD, 350 to 500, €D, 200 to 350,CD, < 200}, I, = total number of people
living with HIV (PWH) (estimated prevalence), p; ¢= proportion of people in care-stage s at time
t, Nt sq = number of people in care-stage s and disease-stage d at time t, 8,;= scaling factor for
diagnosis rate in disease-stage d, ¢, = scaling factor for drop-out rate in disease-stage d, i;= new
infections generated at time t, m; g ; = number of deaths in the care-stage s and disease-stage d at
time t, §; = diagnosis rate at time t, p, = dropout rate at time t (dropout rate for CD4 < 200 = 0,
because <200 is AIDS so assume they will stay in care), and y = re-entry rate (assumed 0.5 for
CD4 >=200 and 1 for CD4 < 200).

We estimate rates §, and p, by calibrating to surveillance data for p,sl; ; d € {U,A,V}.
We estimate these rates specific to risk group for the National-model and specific to both risk

group and jurisdiction for the Jurisdictional-Model but exclude this in notation for clarity. The
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initial data for distribution of population in care stages, i.e., p; s for both National-model and
Jurisdictional-model is taken from NHSS data [5]. Projections for these proportions over time are
estimated using the simulation model.

For a sufficiently small incremental time-step, t + 1 (we use monthly increments), we can
write the equations for the number of people in each stage by formulating it as a system of

differential equations.

dpesl
Pr+1,sle+1 = Pesle + dtt . (1)

dpesl . . . . .
Where, % is the rate of the change in p; ¢/, i.c., the change in the number of infected

persons in stage s at time t. We discuss below the derivation of §; and p;.

K.1 Estimation of Diagnosis Rates

Expanding (1) for s = U (Unaware stage),

Iepevrisk = le—1Pe-1,urisk T Lerisk — Ot risk 2a Oalt—1,Pe-1,0riska — 2d Me,u,risk

P _ it riskHt—1De—1,0risk— It pt,U,risk_Zd(mt,U,d,risk)
trisk —

Yabalt-1Dt-1,Uriskd
Computationally,

b It,risk = It—l,risk + Ut risk — Zd(mt,U,d,risk + Meaarisk + mt,V,d,risk)

Ay Trisk—AUT-1risk __ ZdNt—l,U,d,risk + Ay Trisk— AU T-1risk

[ . = _ , +
pt,U,nsk Pt 1,U,risk 1/dt Tt—1 risk 1/dt

itriskt2d Ne—1,u,drisk—le Peurisk—2d(Meu,drisk). and
Ya(Ne-1,u,ariskOa) ’

¢ diagnostic rate & yisx =

¢ corresponding number of people that are diagnosed are & isk 2.q Ne—1,0,d,risk0a
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K.2 Estimation of Dropout Rates
Expanding (1) for s = V (prescribed ART),

IiPev risk = le—1Pe-1,v,risk T 5t,risklt,risk Z I 1Pt-1,0,ariskPa
d

+ Z Yalt—1Pt—1,4,arisk — Ptrisk Z I _1Dt-1v,d,riskPa — Z(mt,V,d,risk)
d d d

pt,risk

_ It—lpt—l,V,risk + St,TiSklt,Tl'Sk Zd It—lpt—l,U,d,riskgd + Zd let—lpt—l,A,d,risk - Zd(mt,V,d,risk) - Itpt,V,risk

Xd lt1Pt-1v,d,riskPa

Computationally, calculate

b It,risk = It—l,risk + Ut risk — Zd(mt,U,d,risk + Meparisk + mt,V,d,risk)
_ Ay Trisk— O T-1risk _ 2dNe—1V.drisk | QV.Trisk=AV,T-1risk
hd pt,V,risk - pt—l,V,risk + 1/dt - Te—q risk + 1/dt
e drop-out rate Pt risk

Xd Nt_1v.driskt0triskltrisk Zd(Nt—l,U,d,n’sk ed) +Xd Yt.dNt-1,4,d,risk _Zd(mt,V,d,risk) —ItDey risk
Ya(Ne-1v,drisk Pa)

; and

¢ corresponding number of people who drop-out are p; sk Zd(Nt_LV,d,riskq)d)
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Figure K.1 Flow diagram for disease incidence and transition along the stages of care continuum.
S: Population susceptible, U: population Unaware, A: population Aware no ART, V: population
with ART no VLS and ART VLS, §: diagnostic rate, y: rate of entering care and treatment among
those not in care, and p: rate of dropping out of care, and I: proportion linked to care at diagnosis
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Appendix L: Estimation of Incidence using Bernoulli Model

Transmission parameters estimate the rate at which people move from the susceptible
compartment to the first infected compartment (i.e., Acute Unaware stage, see Figure K.1 in
Manuscript). This is also defined as the number of new infections generated. To determine this,
we develop a Bernoulli model, however, the method to estimate the number of new infections is
slightly different for the National-model and Jurisdictional-model.
L.1 National Model

We apply the following Bernoulli equation for calculating the number of new infections
generated for each susceptible person in age group x; and risk group y;.

Number of new infections in risk group x; and age group y,

Ax1,y1,i
= le,y1[1 - ?gl{Mxl,yl,i} w ] (2)

Where,
Moy = {1 B [1 a {(1 = [Poy i)™ (1 = [Poyui])™ (1= [Pay,pi]) (1 =

[pa,ylpi])ma'CI}]}

ﬁv,xl = pv,xl(l - 6)
ﬁa,xl = pa,xl(l - 6)

Ny,x1,y1 ((1_Cx1,y1)ci+cx1,y1)

myc =
’ dx1,y1

Nyx1,y1(1=Cx1,y1)(A—¢7)

dx1,y1

My cr =
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Na,x1,y1 ((1_Cx1,y1)ci+cx1,y1)

Mg =
! dx1,y1

Na,x1,y1 (1_Cx1,y1) (1-cp)

dx1,y1

Magcr =

Ixz,yz,i

_ 3 100 :
Qx1,y1,i = dxl,yl Yx2=1 Zy2=13 Tiskyq x2 agey y1 Nezva »

((1 - Cx1,y1)Ci + Cx1,y1) + (1 - Cx1,y1)(1 —c¢)=1

Let, Sx1,,1 = number of susceptible in risk group x,, and age group y;, py, x1 = probability
of transmission for vaginal acts for risk group X, p, 1 = probability of transmission for anal acts
for risk group x,, € = probability of condom effectiveness, p; = multiplicative factor for increase
in transmission probability based on infected compartment i, n,, 1,1 = number of vaginal acts for
risk group x;, and age group Y1, Ng x1,y1 = number of anal acts for risk group x;, and age group
Y1, Cx1,y1 = proportion of condom use for risk group x;, and age group y;, ¢; = proportion reduction
in number of unprotected acts for risk group x;, and age group y; for people in infected
compartment i, dyq 1 = number of partners for risk group x;, and age group y;, riskyq x, = risk
specific mixing proportion between risk group x; and x,, age,;,; = age specific mixing
proportion between age group y; and y,, Iy, 52 ; = number of infected in risk group x,, age group
Y2, and infected compartment i, and Ny, ,,, = number of people in risk group x,, age group y,.
Where, x;and x, € {HM,HF, MSM}, y;and y, € {13,14,...,100},and i € {1, 2, ..., 18}.

To calculate the total number of infections by the model we would sum the Bernoulli

equation across all risk groups and age groups. Total number of new infections generated by the

national model can be calculated as follows:
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100

3 18
Ax1,y1,i
Z Z Sx1,y1 (1 - H{MxLYLi} g >
i=1

x1=1y,=13
We used the national model to calibrate sexual parameters such as transmission probability
(see Table H.8), sexual partnership mixing (see Table H.9), and risk-specific age-related mixing
(see Table H.10), number of sexual acts (see Table H.11).
L.2 Jurisdictional Model
We apply a modified version of the Bernoulli equation presented for the national model to
calculate the number of new infections generated for each susceptible person in age group X, risk
group y; and jurisdiction j =
3 100 18 _
Z Z le'yl;j (1 N H{Mxl,yl,i}zggjl O qi,xw]lli)
X1=1y,=13 i=1
Where, the components different from equation (2) are

3
jxq1,v10 = dxl,yl Z

x2=1y2=13

100

Ix .

. 2,Y2,L,]

<rl5kx1,x2 ageyl,yl N. .
X2,¥2,]

Let, Sx1,y1,j, = number of susceptible in risk group x;, and age group y;, and geographical
jurisdiction jy, Itz 57 ; = number of infected in risk group x,, age group y,, compartment i, and
jurisdiction j, Ny, ,, ; = number of people in risk group x,, age group y,, and jurisdiction j,
mixing,, ;; = proportion of mixing of risk group x; located in jurisdiction j with PWH located in
jurisdiction j, and j and j € {j1, j, ---, jog}- The total number of new infections generated by the

jurisdictional model can be calculated as follows:

Jos 3 100

18 .
| | Y29 mixing,. i1 q ;
— . _ 1<T=j1 )] 11Xyt
Z Z Z Sx1J’1J1 (1 {MXLYM}
i=1

J=j1x1=1y,=13
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