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Background: Airborne pathogens present challenges in settings like jails or prisons with a
high density of contacts. The state of Georgia has the highest percentage of its citizens
under correctional supervision in the United States. Yet, it had slow COVID vaccine uptake
among jail residents, requiring prevention also using non-pharmaceutical interventions.
Using a network-based SARS-CoV-2 transmission model parameterized with data from the
Fulton County Jail, this study investigates the impact of three SARS-CoV-2 prevention
strategies: vaccination, contact tracing and quarantining, and jail release to reduce jail
population density.
Methods: Social contact networks were simulated at two different overlapping network
layers: cell and block. Cell-level contacts represented shared confined sleeping space,
whereas block-level contacts represented shared socialization space. Contact tracing and
quarantining were simulated at the cell-level or both cell- and block-levels, hereafter
referred to as all-level. A reference scenario and nine intervention scenarios were simu-
lated three hundred times to estimate the median and interquartile range (IQR) of the
outcome measures. Each scenario simulated a 185-day period to measure the prolonged
effects of the interventions amid a potential COVID outbreak in the jail. The cumulative
incidence, number of infections averted (NIA), and percentage of infections averted (PIA)
were calculated comparing interventions against a base scenario without them. For the
seven scenarios involving contact tracing and quarantining, total quarantines over the
simulation and the number of quarantines per day were calculated to determine the
quarantine requirements. Sensitivity analyses compared the impact of jointly varying
vaccination rates and contact tracing rates.
Results: Cell-level contact tracing alone was an ineffective intervention (3.2% PIA), but its
impact increased in combinationwith other interventions (i.e., vaccination or increased jail
release rate). The other intervention strategies each produced a PIA over 10%, with the jail
release scenario producing a PIA of nearly 20% despite only resulting in a 13% reduction in
the jail population. The all-level contact tracing only scenario was effective at both 50% and
100% of contacts traced, but feasibility would be limited without a reduction in the jail
population.
Conclusions: Implementing a combination intervention approach could substantially
reduce the morbidity from COVID-19 and future respiratory viruses in this jail setting
while providing secondary protection to the community.
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1. Introduction

Controlling the spread of airborne infectious diseases in carceral settings (e.g., jails and prisons) remains challenging.
Overcrowding, difficult infection control, and challenging health care delivery together produce an environment prone to
disease outbreaks (Bick, 2007). During the H1N1 epidemic, this issue was compounded by the fact that over half of the jails in
the United States did not receive H1N1 vaccine (Centers for Disease Control and Prevention, 2012; Lee et al., 2014). Due to
continued omission of jails and prisons in pandemic preparedness and response planning, the COVID-19 pandemic presented
new challenges in outbreak prevention among incarcerated persons (Akiyama et al., 2020).

Since its start in early 2020, the global COVID-19 pandemic has caused over 750million cases globally, resulting in almost 7
million deaths (World Health Organization, 2024). In the United States specifically, there have been over 100 million cases of
COVID-19with around 1.1 million deaths (World Health Organization, 2024). After the introduction of the vaccine, states with
low vaccination uptake remain especially vulnerable to future outbreaks, especially in carceral settings and other high-
density social contact settings. In the state of Georgia, which experienced one of the lowest COVID vaccination rates but
highest percentage of adults under correctional supervision in the country, there have been over 2.4 million confirmed COVID
cases with over 36,000 confirmed COVID-related deaths (Centers for Disease Control and Prevention, 2020; Georgia
Department of Public Health, 2024; Minton et al., 2021). Given the large carceral population, Georgia jails and prisons
remain vulnerable to further COVID-19 and respiratory disease outbreaks, despite the impact investment in prevention in-
terventions would have on reducing morbidity and mortality.

Infectious disease modeling studies have found that several interventions within a jail or prison could reduce COVID-19
transmission both within the jail and into the broader community. Using stochastic or deterministic compartmental
modeling, these studies estimated the impact of increased testing and quarantining in prisons, reductions in new arrests,
reductions in the jail or prison population sizes, and individual measures such as asymptomatic testing (Greenhalgh &
Provencher, 2022; Lofgren et al., 2022; Malloy et al., 2021). These interventions have shown effectiveness alone and in
combination (Greenhalgh & Provencher, 2022; Lofgren et al., 2022; Malloy et al., 2021). Even though effectiveness has been
demonstrated, these studies utilized compartmental models which assumed random, homogenous mixing within com-
partments, and memoryless (non-persistent) contacts (Tolles & Luong, 2020). A challenge for modeling COVID within a
carceral setting is the complex, dynamic, and multi-level contact network structure, which is not sufficiently represented by
compartmental models (Malloy et al., 2021). Network models allow for the development of a heterogeneous contact network
where transmissions occur, similar to the dynamic seen within a jail or prison (Jenness et al., 2023).

In this study, we developed a network-based transmission model for SARS-CoV-2 in a Georgia jail population that
experienced challenges in responding to COVID. At baseline, the jail had amodest vaccination rate and contact tracing focused
on testing cell mates. Slowing of judicial processes in courts and an effort by prisons to limit entrants stymied the release of
residents (persons who are incarcerated). This study seeks to understand how vaccination, contact tracing and quarantining,
as well as jail depopulation impact SARS-CoV-2 transmission. These findings may provide a possible intervention framework
within jails, prisons, and other congregate settings for future respiratory viral outbreaks.
2. Methods

2.1. Study design

This analysis used a network-based transmission model of infectious disease dynamics. This model was built with the
EpiModel package in R (Jenness et al., 2018). Data from the Fulton County Jail (FCJ) in Atlanta was used, and the outbreak was
simulated over 185 daily time steps (roughly October 2021 to April 2022 during the height of the Omicron wave in Atlanta).
Statistics were drawn from a prior descriptive analysis, where daily jail roster datawas used to estimate the racial distribution,
age distribution, and contact distribution within FCJ during a few periods in late 2021 and early 2022 (Jenness et al., 2023).

The FCJ structure is divided into seven floors, each containing as many as six housing blocks, and the standard block
containing 19 cells (Jenness et al., 2023). During the late 2021- early 2022 observation period, FCJ housed an average daily
population of three thousand residents. The open population experienced approximately 40 entrants and 40 releases each
day (Jenness et al., 2023). Custody staff could reassign housing blocks and individual cells within the blocks daily. Demo-
graphically, the jail populationwas primarily black race (89.3%), between the ages of 20e39 (64.4%), and male (Jenness et al.,
2023). Strong assortative mixing was observed by age group, with 33% of both cell- and block-level contacts occurring within
defined age groups (Jenness et al., 2023). This open population had high daily rates of jail entry and exit, in addition to high
daily rates of movement between cells and blocks. Cell-level changes occurred more frequently than block-level changes, and
block-level changes were similar to the overall turnover ratewithin the jail, with lower block-level turnover than jail turnover
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during the Omicron wave in January 2022 (Jenness et al., 2023). These listed statistics were used to parameterize the model
for this representative population.

Contacts were dichotomized to both the cell and block levels. Cell-level contacts shared confined sleeping space, while
block-level contacts shared common space. To represent vaccination prior to the model start or entry into jail, 50% of the
initial jail population and 50% of individuals entering the jail were modeled as fully vaccinated, a rough estimate of vacci-
nation in FCJ at the time. Although there was potential SARS-CoV-2 transmission to officers and other staff within the jail, the
modeled population was limited to residents to analyze the effects of interventions solely on incarcerated individuals.
However, residents were able to acquire SARS-CoV-2 from officers in the model through an indirectly modeled community
infection mechanism. In combination with acquiring an infection from jail officers, some residents were brought into the jail
with a SARS-CoV-2 infection, collectively representing the external force of infection. Sourced parameters of interest are
present in Table 1. Nine intervention scenarios were developed to analyze the effect of interventions individually and jointly,
compared to a base scenario with no interventions (see Table 2). For all scenarios, thirty infected individuals were introduced
into the jail at the model outset.
2.2. COVID model structure

Building from the EpiModel software platform (Jenness et al., 2018), we developed a network-based model of SARS-CoV-2
transmission. This is a stochastic agent-based model (ABM), in which all major componentsdnetwork evolution, disease
transmission and progression, and demographic changesdare modeled stochastically at the level of individual agents
(nodes). Network Dynamics: The formation and dissolution of social contacts are modeled stochastically, with individual-
level contact patterns fluctuating over time according to probabilities derived from empirical data (e.g., ERGMs). Contacts
are updated daily in a manner that reflects both random and structured social mixing. Disease Transmission and Progression:
SARS-CoV-2 transmission between individuals occurs stochastically at each contact, with transmission probabilities
dependent on factors such as the symptom status and vaccination status of the infectious agent. Similarly, disease progression
from exposure to symptomatic or asymptomatic states and potential hospitalization is governed by stochastic processes
based on individual-level attributes. Demographics: Births, deaths, and aging are all stochastically modeled, with individuals
entering and exiting the population at daily time steps according to probabilities based on empirical mortality and birth rates.
Each component contributes independently to the overall stochasticity of the model. No deterministic equations are solved in
the traditional sense; rather, the entire system is evolved through stochastic processes, using Monte Carlo methods to
simulate daily events over time. The model results are therefore the cumulative outcome of individual-level random events
occurring over the simulation period. Further details about the stochastic implementation of network evolution, disease
transmission, and demographic processes can be found in the supplementary appendix.

Natural history of COVID-19 and SARS-CoV-2 is shown in Fig. 1. Upon acquiring SARS-CoV-2, an individual moved into an
exposed (latent) stage. Once an individual reached the exposed stage, they could transition to either the pre-clinical
(symptomatic) or sub-clinical (asymptomatic) routes. A pre-clinical infection would lead to a clinical infection followed by
either recovery, hospitalization then recovery, or hospitalization then death (Tsai et al., 2021). The subclinical infectionwould
lead to recovery without the development of symptoms (Bartekwa et al., 2021). Individuals following the sub-clinical
pathway had reduced transmission when compared to individuals with symptoms (Methi & Madslien, 2022; Tan et al.,
2022). In our model, we conservatively assumed a PCR sensitivity of 80%, reflecting early estimates of test performance
during the initial stages of the COVID-19 pandemic. Several studies published during this period suggested that PCR sensi-
tivity could range from 70 to 80%, particularly due to factors such as the timing of specimen collection, improper sampling
techniques, and variability in viral load detection during different stages of infection (Woloshin et al., 2020). These early
Table 1
General model parameters.

Parameter Description Parameter Value Source

Mean degree e cell-level 1.72 Jenness et al. (2023)
Daily contacts e cell-level 5 Fitted
Mean degree e block level 33.50 Jenness et al. (2023)
Daily contacts e block level 0.5 Fitted
Community infection rate 0.001 Fitted
Quarantine contact rate

reduction
0.1 Assumed

Daily vaccination rate See Table 2 Assumed, sensitivity analysis
Proportion traced See Table 2 Assumed, sensitivity analysis
Proportion quarantined See Table 2 Assumed
Arrival rate 0.014

~40 entries per day
Jenness et al. (2023)

Jail release rate See Table 2 Jenness et al. (2023)
Mortality rates Stratified by race and age, see supplementary tables

and figures
(Centers for Disease Control and Prevention, National Center for
Health Statistics)
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Table 2
Parameters adjusted for different intervention scenarios.

Scenario Description Daily
Vaccination Rate

Proportion
Traced

Proportion
Quarantined

Jail Release Rate

Baseline e no interventions 0 0 0 0.014
~40 releases per day

Vaccination only 0.015
~150 per week

0 0 0.014
~40 releases per day

Cell-level contact tracing only (50% of contacts traced) 0 0.5 1 0.014
~40 releases per day

Cell-level contact tracing only (100% of contacts traced) 0 1 1 0.014
~40 releases per day

All-level contact tracing only (50% of contacts traced) 0 0.5 1 0.014
~40 releases per day

All-level contact tracing only (100% of contacts traced) 0 1 1 0.014
~40 releases per day

Jail release only 0 0 0 2*0.014 (until population reached 2600 e

FCJ capacity)
All interventions combined (Cell-level tracing) 0.015

~150 per week
1 1 2*0.014 (until population reached 2600 e

FCJ capacity)
All interventions combined (All-level tracing e 50%

quarantine capacity)
0.015
~150 per week

1 0.5 2*0.014 (until population reached 2600 e

FCJ capacity)
All interventions combined (All-level tracing e 100%

quarantine capacity)
0.015
~150 per week

1 1 2*0.014 (until population reached 2600 e

FCJ capacity)

Fig. 1. Disease transmission process displaying the stages of infection, transition between stages, and entry/exit processes.
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reports highlighted the potential for false-negative results, especially during the window period after infection but before
peak viral shedding.

Additionally, ourmodel focuses on a population of incarcerated persons in a jail setting, where the conditions for specimen
collection and storage may not reflect those found in lab-based or clinic-based environments. The transient nature of the jail
population, as well as potential limitations in specimen handling and processing, can contribute to suboptimal diagnostic
conditions. Therefore, the assumption of a lower sensitivity reflects these real-world constraints in jails, where testing
conditions may reduce the effectiveness of PCR diagnostics compared to controlled clinical settings.
2.3. Intervention design

Our nine modeled intervention scenarios represented three types of interventions: contact tracing and quarantining,
release of residents to an established jail capacity, and COVID vaccination. Because we represented indirect transmission that
would occur despite intervention effectiveness (i.e., community-acquired transmissions from jail officers), the main outcome
of interest for analysis was resident cell- and block-level transmissions, the two contact layers modeled.

Contact tracing and quarantining within the jail relied on a known diagnosis status of another jail resident. In our model,
we assumed that the whole block was not traced after one personwas found infected and isolated. This is where the “contact
tracing” part of the interventionwas implemented. Our model allowed for immediate identification of close contacts through
a case investigation and contact tracing process (based on the assumption that a time lag would be short due to the confined
nature of the residents). Only people who were deemed close contacts of the isolated individual were eligible for quarantine,
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and a certain percentage of them (depending on the parameter that we set) eventually moved to a quarantine state. Close
contacts were defined as either cell-level or block-level. When the cell-level contact tracing interventionwas active, only cell
mates were eligible to be traced and quarantined. When the all-level contact tracing intervention was active, both cell and
block mates were eligible to be traced and quarantined. Whenever someone was moved to the quarantine status, they would
be placed in a cell by themselves (similar to what would happen with the isolation process) and monitored. If a quarantined
individual went the full 14 days without a COVID-19 diagnosis, they were released from quarantine and their level of contact
with other incarcerated persons returned to pre-quarantine levels. If an individual developed an infection that resulted in a
COVID-19 diagnosis during their quarantine, they transitioned from a quarantine state to an isolation state for the full
duration of their infection.

For the jail release intervention, we doubled the rate of jail release until the population reached 2600 (Jenness et al., 2023).
This reduced the number of contacts between individuals and limited the opportunities for transmission. In this study, we
used a deterministic value for jail release (reducing the population size from 3000 to 2600), as this was the expected pop-
ulation size of the Fulton County Jail during the period of analysis. This reduction in population size was determined based on
policy considerations, and there was no plan to reduce the jail population below 2600, making it unnecessary to explore
further variations in jail release rates. Given these constraints, our model was designed to evaluate the impact of jail release
under the specific conditions reflective of the actual policy landscape. Since the goal was to align our model with real-world
policy decisions, we did not include sensitivity analyses with lower jail release values, as this scenario was not considered
feasible by policymakers at the time. Finally, vaccination at various rates reduced acquisition risk of SARS-CoV-2.

2.4. Model analysis

Each model scenario was simulated three hundred times. In our analysis, we chose 300 runs as this was determined to be
the minimum number required to achieve numerical stability in our outcome summary measures, including means and
medians, based on multiple evaluations of model outputs. We assessed this stability both in the current analysis and in
previous iterations of the same agent-based model framework. Once stability in the means was reached at 300 runs,
increasing the number of simulations (e.g., to 1000 or 2000 runs) did not significantly alter the results, ensuring that 300 runs
provided a reliable representation of the range of possible outcomes.

This approach is standard practice in agent-based modeling (ABM), where the goal is to balance computational feasibility
with statistical reliability. Several studies in the ABM literature describe using this method to select an appropriate number of
simulations, emphasizing that once the variation between simulation means stabilizes, additional runs provide diminishing
returns (Lorscheid et al., 2012; Lysenko & D’Souza, 2008). These evaluations are specific to each model and are influenced by
factors such as the stochasticity of the system, the complexity of the model, and the range of outcomes observed. Simulations
were conducted on the Emory High Performance Computing (HPC) system. Please see Appendix A formore information about
the model structure. We calculated cumulative incidence across simulations over a 185-day time span. Additionally, both the
number of infections averted (NIA) and percentage of infections averted (PIA) were calculated relative to a base scenario with
no interventions. The medianwas calculated per scenario across simulations. The interventions involving contact tracing and
quarantining were analyzed further to determine the number of individuals quarantined per day over the 185-day span. For
sensitivity analyses, we varied the daily vaccination rate and proportion traced: both the cell-level tracing all-level tracing
(i.e., both cell- and block-levels), started with twenty-five scenarios simulated one hundred times each to determine their
combined effects on the PIA.

3. Results

3.1. Primary intervention results

In the base scenariowithout interventions, the median cumulative incidence for all transmissionmechanisms across three
hundred simulations was 2946 total cases (IQR: 2885, 3005) including 993 cell-level cases (IQR: 962, 1022) and 1568 block-
level cases (IQR: 1523, 1601). Given that the interventions had no effect on the external forces of infection (i.e., infection from
staff members or infection brought into the jail), the NIA and PIA for the intervention scenarios were calculated based on the
overall cell- and block-level incidence only.

Fig. 2 displays the cell- and block-level PIA for the intervention scenarios, and Fig. 3 displays the cumulative cell- and
block-level incidence for all scenarios (including reference scenario). Table 3 provides the median and IQR cumulative
incidence, PIA, and NIA. When single interventions were modeled, jail release had the greatest individual impact on cell- and
block-level transmissions with a median PIA of 19.5%. Cell-level contact tracing had a minimum impact on its own with
median PIA of 1.8% and 3.2% for the 50% and 100% of contacts traced scenarios, respectively. With a daily vaccination rate of
0.015 (around 150 people per week, twenty-one people per day) vaccination had amedian PIA of 11%. All-level contact tracing
alone produced similar median PIA values of 10.4% and 16.4% when 50% and 100% of contacts were traced, respectively.
Combining all interventions (either cell- or all-level tracing) resulted in the greatest decrease in cumulative incidence.
Combining cell-level tracing with other interventions resulted in a ten-fold increase in PIA as the scenario using all in-
terventions combinedwith cell level tracing produced amedian PIA of 31.4%. Increase quarantine capacity for all-level contact
tracing from 50% to 100% only had an increase in median PIA of 5.6% (36.7%e42.3%).
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Table 3
Median and IQR cumulative incidence and median and IQR number and percentage of infections averted for nine scenarios against a baseline with three
hundred simulations per scenario.

Scenario Description Label Cumulative
Incidence

Number of
Infections
Averted (NIA)

Percentage of
Infections
Averted (PIA)

Median (IQR) Median (IQR) Median (IQR)

Baseline e no interventions z 2560 (2496, 2616) e e

Vaccination only a 2278 (2229, 2326) 282 (234, 331) 11.0% (9.1%, 12.9%)
Cell-level contact tracing only (50% of contacts traced) b 2515 (2459, 2579) 46 (�19, 101) 1.8% (�0.7%, 4.0%)
Cell-level contact tracing only (100% of contacts traced) c 2479 (2420, 2558) 82 (2, 140) 3.2% (0.1%, 5.5%)
All-level contact tracing only (50% of contacts traced) d 2293 (2233, 2350) 267 (210, 327) 10.4% (8.2%, 12.8%)
All-level contact tracing only (100% of contacts traced) e 2140 (2075, 2204) 420 (356, 485) 16.4% (13.9%, 18.9%)
Jail release only f 2061 (1997, 2122) 499 (438, 563) 19.5% (17.1%, 22.0%)
All interventions combined (Cell-level tracing) g 1757 (1700, 1816) 804 (744, 860) 31.4% (29.1%, 33.6%)
All interventions combined (All-level tracing e 50% quarantine capacity) h 1621 (1562, 1679) 940 (881, 998) 36.7% (34.4%, 39.0%)
All interventions combined (All-level tracing e 100% quarantine capacity) i 1476 (1420, 1536) 1084 (1024, 1140) 42.3% (40.0%, 44.5%)

Fig. 2. Percentage of cell and block-level infections averted across 300 simulations for each of the nine scenarios e a: vaccination, b: 50% cell-level contact tracing
(CT), c: 100% cell-level CT, d: 50% all-level CT, e: 100% all-level CT, f: jail release, g: all combined (cell-level CT), h: all combined (all-level CT, limited quarantine
capacity), i: all combined (all-level CT, full quarantine capacity).

Fig. 3. Cell and block-level cumulative incidence across 300 simulations for each of the nine scenarios and a baseline scenario e a: vaccination, b: 50% cell-level
contact tracing (CT), c: 100% cell-level CT, d: 50% all-level CT, e: 100% all-level CT, f: jail release, g: all combined (cell-level CT), h: all combined (all-level CT, limited
quarantine capacity), i: all combined (all-level CT, full quarantine capacity), z: baseline.
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3.2. Daily quarantine requirements for contact tracing

Fig. 4 displays the number of new quarantines per day for the three cell-level tracing scenarios, and Fig. 5 displays the
number of new quarantines per day for the four all-level tracing scenarios. Table 4 provides the median total number of
quarantines and the median number of new quarantines per day for the seven contact tracing scenarios. For the cell-level
contact tracing with 50% of contacts traced, the median new quarantines per day was 0.8, meaning that around eleven
residents were quarantining on average at once based on the 14-day quarantine period. Increasing this intervention to 100% of
contacts traced doubled the median new quarantines per day to 1.6, meaning around twenty-two residents were quaran-
tining on average each day. There was a higher daily new quarantine requirement for all-level tracing overall, but this resulted
in a higher PIA. When 50% of contacts at all levels were traced, the resulting median quarantines per day was 9.4. On average
132 individuals were actively quarantining on a given day. Scaling this intervention up to 100% of contacts traced produces a
median quarantines per day value of 14.1, equating to 197 residents quarantining on average per time step.

Combining depopulation, quarantining, and vaccination reduced the daily quarantine requirement for both cell-level and
all-level tracing. All interventions combined with 100% cell-level tracing required just over one quarantine per day, equating
to around fifteen residents quarantining on average per day. For the combined interventions with all-level contact tracing, the
100% quarantine capacity scenario had a median new quarantine requirement of 9.6 per day, which resulted in around 134
residents quarantining on average per time step. Reducing the quarantine capacity to 50% nearly halved the median daily
quarantine requirement to 5.2, producing an average number of seventy-two residents quarantining per day. Decreasing the
quarantine capacity to 50% in the all-level tracing intervention produced a more manageable new daily quarantine
requirement while maintaining a higher PIA (36.7%).
Fig. 4. Number quarantined per day across three hundred simulations for each of the three cell-level contact tracing scenarios e b: 50% cell-level contact tracing
(CT), c: 100% cell-level CT, g: all combined (cell-level CT).

Fig. 5. Number quarantined per day across three hundred simulations for each of the four all-level contact tracing scenarios e d: 50% all-level contact tracing
(CT), e: 100% all-level CT, h: all combined (all-level CT, limited quarantine capacity), i: all combined (all-level CT, full quarantine capacity).
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Table 4
Median and IQR total number of quarantined individuals and median and IQR quarantined per day for seven scenarios with three hundred simulations per
scenario.

Scenario Description Label Total Quarantined Total Quarantined per day

Median (IQR) Median (IQR)

Cell-level contact tracing only (50% of contacts traced) b 154 (142, 168) 0.83 (0.77, 0.91)
Cell-level contact tracing only (100% of contacts traced) c 296 (278, 315) 1.60 (1.50, 1.70)
All-level contact tracing only (50% of contacts traced) d 1746 (1676, 1805) 9.44 (9.06, 9.76)
All-level contact tracing only (100% of contacts traced) e 2613 (2519, 2720) 14.12 (13.62, 14.70)
All interventions combined (Cell-level tracing) g 194 (178, 211) 1.05 (0.96, 1.14)
All interventions combined (All-level tracing e 50% quarantine capacity) h 956 (894, 1003) 5.16 (4.83, 5.42)
All interventions combined (All-level tracing e 100% quarantine capacity) i 1779 (1679, 1873) 9.62 (9.08, 10.12)

Fig. 6. Sensitivity analysis of percentage of infections averted (PIA) between (A) cell-level contact tracing or (B) all-level contact tracing and varying daily
vaccination rates.

I. Schneider, K. Wallrafen-Sam, S. Kennedy et al. Infectious Disease Modelling 10 (2025) 628e638
3.3. Sensitivity analyses

Fig. 6 provides the sensitivity analysis on the interaction of daily vaccination rate against proportion traced for (A) cell-
level contact tracing, and (B) all-level contact tracing. For both interventions, the proportion traced ranged from 0 to 1.
Additionally, daily vaccination rate varied from 0 (0 vaccines administered per day, 0 vaccines administered per week) to 0.06
(~90 vaccines administered per day, ~650 vaccines administered per week). When analyzing the cell-level tracing sensitivity
analysis, we observed a low PIA across all proportions traced values at lower vaccination levels. Increases in the proportion
traced at lower vaccination levels did not result in large increases in PIA. When the daily vaccinations increased significantly,
higher proportions traced at the cell-level resulted in greater increases in PIA. In contrast, the proportion traced and daily
vaccination rates for the all-level intervention worked additively across vaccination rates, as minimum increases in vacci-
nation had large impacts on PIAwhen contacts were traced at higher proportions. All-level tracing and quarantining resulted
in higher PIA overall when compared with the cell-level tracing and quarantining.
4. Discussion

4.1. Study implications

In this study modeling SARS-CoV-2 transmission in a carceral setting, none of the modeled interventions fully eliminated
transmission between individuals at the cell and housing block levels. PIA for the individual interventions ranged from 1.8% to
19.5%, and combining interventions yielded PIAs ranging between 31.4% and 42.3% depending on the contact tracing inter-
vention used. Due to the high rate of contacts between residents in this population, high rate of resident turnover, and
external forces of infection, prevention of a full outbreak, with exponential increases in cases, was not obtainable in our
model. Despite this, limiting the severity of COVID outbreaks is critical, and the combined interventions greatly reduced the
estimated cumulative incidence over the modeled 185-day period.

Aside from recent COVID-19modeling studies, modeling studies for other respiratory viruses in a jail and prison setting are
limited. Much of the modeling previously conducted in this setting is focused on sexually transmitted infections (Ndeffo-
Mbah et al., 2018). COVID models in jail settings have demonstrated that providing adequate resources such as vaccina-
tions, increased space for quarantining, and reductions in the size of carceral populations are impactful interventions
635
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(Greenhalgh & Provencher, 2022; Lofgren et al., 2022; Malloy et al., 2021). These interventions should be prioritized to
prevent SARS-CoV-2 and other respiratory viral outbreaks.

Based on the intervention approaches taken in this study, cell-level tracing provided minimal impact on SARS-CoV-2
transmission, indicating it might be insufficient by itself. This was also evident in the sensitivity analysis at low vaccina-
tion rates. Although previousmodeling studies have not analyzed the impact of quarantining cell- and block-levels separately,
the quarantine functionality in our model allowed us to analyze the individual impacts of these approaches. If a resident
contacted someone who was asymptomatic and released from jail prior to a positive test, they would not be traced. The high
turnover and outflow present in this population had an impact on the effectiveness of contact tracing and quarantining,
particularly at the jail cell-level. Another potential reason for this minimal impact was the high number of block contacts
where transmissions can still occur. If a resident shared a cell with a single other individual, cell-level tracing may only result
in one quarantine, despite the potential for one or more block-level contacts to acquire SARS-CoV-2. Quarantining individuals
who share a cell with an infected individual was likely not sufficient to mitigate the spread of COVID-19 due to the high
number of contacts occurring outside of the cell.

In contrast to the minimum effect of cell-level contact tracing on SARS-CoV-2 transmission, all-level (cells and blocks)
contact tracing had a greater effect on transmission reduction. This approach to quarantining differed from the approach
taken in the Greenhalgh and Provencher (2022)model, where only infected individuals were isolated instead of their contacts
being quarantined. Despite this, contact tracing and quarantine produced similar reductions in cases over our modeled 185-
day period to what was seen over a 2.6-year period of average incarceration in the Greenhalgh and Provencher (2022) model.
Even though the structure of these interventions differed, identifying, and separating cases or contacts in this aggregate
setting had the potential to reduce the impact of widespread transmission. Additionally, the effectiveness of contact tracing
and quarantining can be combined with novel approaches to surveillance like wastewater sampling which could lead to
quarantining cell blocks and containing transmission throughout the jail (Saber et al., 2024). Although there are modeled
benefits of contact tracing at all levels, the quarantined population size may not be feasible when a jail is at or above
maximum capacity. Combining this intervention with depopulation efforts maintained high PIA (36.7% or 42.3%) and pro-
vided sufficient space to quarantine people with a known exposure. All-level contact tracing was more effective than tracing
at just the cell-level but combining it with other interventions may be necessary to increase its feasibility. In real-world
settings, contact tracing has demonstrated effectiveness in limiting outbreaks, as it was used to identify asymptomatic in-
fections from the contacts of a confirmed case in a Spanish prison (Vicente-Alcalde et al., 2022). Here, 15 asymptomatic cases
were identified in a unit, which allowed the prison to enter a lockdown state and prevented transmission beyond the unit of
interest (Vicente-Alcalde et al., 2022). Novel approaches to outbreak containment include separating or “cohorting” new
admissions and vulnerable populations from the rest of the jail population (Coleman et al., 2022). Despite the clear impact of
quarantining an infected resident's contacts on reducing transmission in this setting, feasibility may be limited when this
approach is used independently.

Excess jail release and reducing new arrests in reference to COVID-19 have been explored in recent modeling studies
(Lofgren et al., 2022; Malloy et al., 2021). In this model, excess jail release was moderate, only to reduce the population down
to the level of full capacity. Specifically, the reduction in the population in themodel was ~13%, from 3000 to 2600. This differs
from the depopulation approaches taken by the Lofgren et al. (2022) andMalloy et al. (2021) studies. The Lofgren et al. (2022)
study focused on decreasing new admissions rather than releasing excess prisoners, as conducting rapid release alone may
pose a greater threat to community transmission. Coupling these approaches, such as the approach taken by Malloy et al.
(2021), resulted in 83% fewer cases over an 83-day period. In the Lofgren et al. (2022) study, a blanket reduction in arrests
of 90% reduced the number of incarcerated infections from 7421 at baseline to 1682. The interventions modeled in these
studies resulted in greater population reductions than the reduction of approximately four hundred seen in this model, but
these results demonstrate that even minimal reductions in carceral populations can potentially have a large effect on disease
transmission. “Decarcerating” residents by releasing those who present the lowest risk to the community and slowing or
suspending new arrests are important to limit the overcrowding in these already crowded settings (Akiyama et al., 2020).
Globally, areas where decarceration was implemented did not report COVID-19 outbreaks, highlighting its real-world
effectiveness as an intervention in the early stages of the pandemic (Henry, 2020). Nevertheless, one carceral facility does
not exist in a void; rather, each links to the next in a chain. Decarcerating those posing little risk to community safety, and
limiting entrants, cannot be a long-term strategy for community jails like FCJ. During COVID, the slowing of complex legal
proceedings, combined with reluctance of prisons to accept promptly those found guilty, caused the population in jails to
swell with residents facing felony charges, which comprised 93% of bed-days in FCJ during COVID (Lopez-Howard & Brown,
2022). We demonstrated for the situation at FCJ, combining interventions had an additive effect on mitigation.

Furthermore, vaccination campaigns in carceral settings have largely been unexplored in the modeling literature for
COVID-19. Increasing the capacity to vaccinate residents within the jail was demonstrated to have a positive impact on PIA
(11.0%), while also increasing the effectiveness of contact tracing, especially at the cell-level. This is likely because as the
vaccination rate increases, the infrequent block-level contacts are less likely to result in a transmission with the provided
protection from the COVID-19 vaccine. The closer, more frequent contacts at the cellular level are thus more likely to result in
a transmission. Vaccination strategies in this setting, although largely underdeveloped for previous respiratory viral out-
breaks, must prioritize increased access to vaccines and provision of comprehensible vaccine information to incarcerated
persons and jail staff (Kronfli & Akiyama, 2020).
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Given the association between incarcerated persons and COVID-19 risk factors, including “accelerated aging” taking place
in these settings, some key policy and strategic changes may be warranted (Greene et al., 2018). These include prioritizing
vaccine efforts towards individuals in congregate settings. Despite jails being an efficient vaccine-delivery system, this
population has been historically neglected in vaccine distribution (Berk et al., 2021; Spaulding& Zawitz, 2022). By vaccinating
incarcerated persons, community outbreaks may be diminished due to the high turnover rate from jails and prisons into the
community (Berk et al., 2021).

4.2. Limitations

One limitation of this model was that we assumed constant community prevalence over time to represent an external
force of infection. The two forces of infection from the community, infected admissions or staff transmissions, did not account
for varying COVID-19 prevalence. Similarly, this model does not account for the effect of these interventions on overall
community prevalence. Finally, this model used a single dose vaccination (i.e., J&J) to limit the complexity of multiple doses
when using mRNA vaccines. Therefore, this model simplified the existing heterogeneity of immune response that now exists
against COVID-19.

4.3. Conclusions

COVID-19 and future respiratory viruses pose challenges for high-density locations, such as jails and prisons. We found
COVID-19 outbreaks in these settings were not completely avoidable due to the structured contact network and external
forces of infection, but investing in a combination of interventions can have large effects within the jail or prison. Policy
makers must prioritize this vulnerable population in future pandemic preparedness and response to alleviate the potential
morbidity and mortality among incarcerated persons, which was higher during the COVID-19 pandemic than it was in the
community (Saloner et al., 2020). Decarceration, contact tracing and quarantining, and vaccination remain the effective in-
terventions to implement in this setting, and their effectiveness can be maximized by using multiple interventions in a single
carceral setting.
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