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Abstract: COVID-19 is challenging many societal institutions, including 
our criminal justice systems. Some have proposed or enacted (e.g., the 
State of New Jersey) reductions in the jail and/or prison populations. We 
present a mathematical model to explore the epidemiologic impact of such 
interventions in jails and contrast them with the consequences of maintain-
ing unaltered practices. We consider infection risk and likely in-custody 
deaths, and estimate how within-jail dynamics lead to spill-over risks, 
not only affecting incarcerated people but increasing exposure, infection, 
and death rates for both corrections officers and the broader community 
beyond the justice system. We show that, given a typical jail-community 
dynamic, operating in a business-as-usual way results in substantial, rapid, 
and ongoing loss of life. Our results are consistent with the hypothesis that 
large-scale reductions in arrest and speeding of releases are likely to save 
the lives of incarcerated people, jail staff, and the wider community.
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As the coronavirus disease 2019 (COVID-19) pandemic 
sweeps the globe, one of the critical functions of epi-

demiology is to consider how society can transform current 
practice to increase the health and safety of the public. Given 
the widespread risk of infection and the high case fatality 
rates, especially in older or medically compromised popu-
lations, the most effective strategies to reduce the impact of 
the disease may require that we be willing to consider struc-
tural reforms to our institutions to promote an overall greater 
good. To these ends, we have already seen systemic shifts in 
institutional practices that would be unthinkable under nor-
mal conditions: shelter-in-place orders closing businesses and 
restricting freedom of individual movement,1 school closures 
to limit transmission compromising the ongoing education of 
children,2 domestic travel restrictions and international border 
closures,3 suspension of visa processing,4 etc. Another clearly 
important institution that affects a substantial portion of the 
public directly5 and an even greater portion indirectly6–9 is our 
criminal legal system. The currently unfolding public health 
crisis makes clear the urgent need for rigorous analyses of 
the impact of maintaining current practices within these insti-
tutions, including both the costs to incarcerated people and 
their families as well as the community at large. We therefore 
explore the epidemiologic costs associated with our current 
system’s functions as a necessary part of the policy conver-
sations to decide whether or not these practices should be 
maintained or altered in response to a growing global crisis, 
especially with recurrent waves of new variants and incom-
plete vaccination coverage of the US population.

Analyzing incarcerated populations poses a unique epi-
demiologic problem for several reasons. The population expe-
riences high rates of movement and turnover.10,11 Incarcerated 
people are responsible for purchasing their own hygiene prod-
ucts with limited resources.12,13 It is difficult or impossible for 
incarcerated people to practice recommended precautions from 
the US Centers for Disease Control and Prevention (CDC) for 
limiting transmission for a variety of factors including over-
crowding and insufficient access to personal protective equip-
ment.14–20 The incarcerated population has a higher expected 
rate of existing health conditions than the community from 
which they come.21–23 Jails are dependent completely on a 
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workforce that moves in and out of the jail and the community, 
including vendors, lawyers, corrections officers, medical staff, 
etc. There is strong evidence that incarceration itself is associ-
ated with profound adverse effects on the health of incarcer-
ated people.24–26 These descriptors make jails highly likely not 
only to place detained people at increased risk of infection 
and resulting severe outcomes but also to function as a driver 
for increased infectivity, adversely impacting attempts to con-
tain and mitigate disease spread in the broader communities in 
which jails are located.

To study the dynamics of this system and provide quanti-
tative metrics for risk to incarcerated populations and the pop-
ulations with which incarcerated people necessarily interact, 
we construct and tailor a epidemiologic model of COVID-19  
transmission, and then use that model to consider how some 
possible reforms to the system will alter these baseline risks. 
In doing so, we focus only on interventions that do not rely 
on the suspension of any individual rights guaranteed to indi-
viduals by either the United States or individual state consti-
tutions, but instead rely on elements of the criminal justice 
system that are already at the discretion of law enforcement, 
departments of corrections, and the court system (i.e., reduc-
tion in arrest intake, increased rates of returning incarcerated 
people to their homes, and improvement of conditions within 
the jails—indeed, these actions have already been undertaken 
by isolated, individual jails). We parameterize our model with 
data available from the Allegheny county jail system and per-
form a broad sensitivity analysis and comparison of relevant 
metrics to demonstrate how such models may apply to jail sys-
tems throughout the United States.

METHODS

Transmission Model
We begin by tailoring a standard Susceptible-Exposed-

Infectious-Recovered (SEIR) model to the specific dynamics 
of COVID-19. We first split our total population into four cat-
egories of risk: children under 18 (denoted with the subscript 
K ), low-risk adults (denoted with the subscript L), high-risk 
adults (denoted with the subscript H), and elderly adults 
(denoted with the subscript E). We also designate a separate 
population category for jail staff, O (note: while O was the 
selected notation, it is meant to capture all staff working at 
the jail, not only the corrections officers). These populations 
are then assigned into disease-related health status compart-
ments: susceptible (S), exposed (in which individuals are pre-
symptomatic, but do already produce low levels of infection 
transmission to others, E), infected (in which individuals are 
both symptomatic themselves and fully infectious to others, 
I), medically treated (those infectious individuals whose dis-
ease severity and healthcare access results in removal from 
the population into a medical care facility that prevents any 
further transmission of infection back into the population, 
M), and removed (those who have either recovered from the 

infection and are now immune or those who have died, R). We 
also allow for the possibility that an infected person with suf-
ficient disease severity to warrant medical treatment is unable 
to obtain care, and designate rates associated with this case, 
as designated by the subscript U. For clarity of the results, 
we do not consider death from any non-COVID-19 cause; 
this is done to highlight the COVID-19–specific dynamics. 
Additionally, as a simplifying assumption due to their low 
rates of both infections and complications, we do not model 
hospitalizations or deaths in children. Similarly, once hospi-
talized, patients are assumed not to spread COVID-19 further, 
as additionally modeling the impact of healthcare-associated 
COVID-19 cases is well beyond the scope of this model. Last, 
we split our population into segments depending on the sub-
section of the community or jail system in which they are cur-
rently functioning: the community at large, C, the processing 
system for the jail, P, the court system T, and the jail system, J.

A schematic for the whole model can be seen in 
Figure 1, and the differential equations comprising the model 
are in eAppendix 1; http://links.lww.com/EDE/B908. Figure 2 
shows separately the model for transitions between locations 
(left) and the model for transitions between disease states 
(right). In this figure, we give the model parameters used to 
describe the rate of transition between locations and states. 
The model was implemented in R 3.6.3 using the deSolve 
package, with the visualization of results primarily using 
ggplot2.27 Statistical analysis of one parameter (see below) 
was performed using the flexsurv package. The code and 
data used in this analysis are available at https://www.github.
com/epimodels/COVID19-Jails. As this study used only pub-
licly available data and does not involve human subjects, 
Institutional Review Board approval was not required.

Population Movement Into, Within, and Out of 
the Jail System

Our model captures movement between the community, 
processing, jail, and court—though this is meant to encompass 
all court appointments. It assumes staff move only between the 
community and jail; they are not arrested in our model. We 
base the parameters of movement into, within, and out of the 
jail on Allegheny County, PA, where detailed data on the jail 
population and facilities are available, including an automati-
cally updating dashboard giving statistics for the jail popu-
lation (https://perma.cc/93RG-4WZ8). In Allegheny County, 
the population at large is approximately 1.2 million people. 
The size of the jail population hovers around 2,500. We use 
these population figures to initialize our model.

In our model, individuals in the community are arrested 
at a rate of approximately 100 people per day (https://perma.
cc/9DSP-9CTY). Based on discussion with experts, arrest 
rates were calibrated such that approximately 40% of those 
arrested were at high risk for COVID-19, though the under-
lying conditions this represents may be very different from 
those prevalent in the community at large (e.g., high levels 

http://links.lww.com/EDE/B908
https://www.github.com/epimodels/COVID19-Jails
https://www.github.com/epimodels/COVID19-Jails
https://perma.cc/93RG-4WZ8
https://perma.cc/9DSP-9CTY
https://perma.cc/9DSP-9CTY
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of immune suppression from drug use).28 Arrested individu-
als are brought to processing. From processing, individu-
als can either be released back into the community (60%) 
or taken to jail (40%). This results in an in-flow to the jail 
of approximately 40 individuals per day, which is consis-
tent with Allegheny County’s reporting. While in jail, indi-
viduals transition back and forth between the jail and court 
appointments. The daily number of movements between jail 
and court appointments is described as “well over 100” on 
the jail’s web site. We assume movement of approximately 
150 people per day between the jail and court. For each 
court appointment, we assume individuals spend half a day 
on average at the court facility. Importantly, we also assume 
that there is mixing in the court facility between those who 
are there for processing after arrest and those that are pres-
ent there for court appointments. From the jail, individu-
als are released back into the community at a rate that is 
consistent with the reported 62-day average length of stay. 
One limitation of our model is that we do not account for 

postjail destinations that are not the community, i.e., we do 
not model people moving from jail to prison. According to 
Wagner and Sakala,29 the yearly number of admissions to 
prison is about 600,000 while the yearly number of admis-
sions to jail is around 10.6 million. So, assuming that all 
prison admissions first had one jail admissions, around 
95% of all jail admissions do not go on to prison; they are 
released back into the community as in our model. Thus, we 
expect that the omission of prison from our model does not 
substantially impact the overall findings.

An online database of public employees salaries in 
Allegheny County shows a population of 384 people whose 
job title is corrections officer, whose job location is the jail, 
and who are listed as active. Although this is certainly an 
underestimate of the total number of the jail’s staff, which 
includes other types of employees, we think this is a useful 
approximation to the total number of staff. We use this figure 
as the number of staff members moving between community 
and jail. Staff transition between community and jail at a rate 

FIGURE 1. Schematic for a mathematical model of COVID-19 in a linked urban community-jail system. The population is rep-
resented in one of five possible compartments: S, E, I, needing M, and R. In addition, the population is divided into five distinct 
subpopulations: children under 18 years of age, elderly adults over 65 years of age, low-risk adults between 18 and 65, high-risk 
adults between 18 and 65 and jail staff (assumed to be between 18 and 65 years of age). Arrested adults move between the com-
munity, processing, and the court system and jail, while jail staff move between the community and jail. Children are assumed not 
to be eligible for arrest. E indicates exposed; I, infected; M, needing medical care; R, recovered/removed; S, susceptible.
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that assumes 8-hour shift lengths in the jail per day with the 
remaining 16 hours per day spent in the community.

Estimation Population Mixing and Contact Rates
To estimate the β  parameters governing movement 

between disease states, we break the problem into two parts: 
estimating an unscaled matrix of transmission rates between 
age groups and calculating appropriate scaling factors based 
on contact rates between different age strata. Because each 
location (community, jail, processing, and trial) comprises dif-
ferent numbers of people, this matrix must be rescaled by the 
population size in each location so that the mixing parameters 
have comparable meanings. We further scale β  according to 
the assumption that people in jail, processing, and trial mix 
at a rate that is approximately three, six, and six times that of 
people in the community, respectively. This is based on quali-
tative evidence of increased mixing rates in those locations. 
Finally, we calibrate c0, the common scale parameter across 
all locations, using data on reported deaths in Allegheny 
County, PA, through the month after the relaxation of shel-
ter-in-place conditions. Below we go into detail for each of 
the steps of this calculation. We first estimate parameters that 
describe the relative rate of transmission in the community 
between each of the community categories: children (under 
the age of 18, who are unable to enter into the jail model), 
adults 18–64 years of age, and elderly adults over the age of 
65. Though we split low-risk adults and high-risk adults into 
different compartments in our model, we assume low-risk and 
high-risk adults have identical contact patterns. We denote 
the rate of transmission to category q from category r in the 

community by βqr
C . We decompose βqr

C  into a scale parameter 

βC  and matrix of scale-free relative transmission rates, βqr
∗ .

To estimate the relative transmission rates, βqr
∗ , we fol-

low the methodology outlined in for modeling the age-strat-
ified spread of COVID-19 in the United States. We define 
βq r q q ru E, ,

∗ = , where uq is the susceptibility of people in age 
compartment q, and Eq r, describes the mean number of effec-
tive contacts between individuals in the qth and rth age com-
partments of the contact matrix. As in Miller et al.,30 we use 
consensus estimates of age-stratified susceptibility from Davies 
et al.,31 and use the contact matrix for a moderately aged popu-
lation (the United Kingdom) as a stand-in for contact rates in 
Allegheny County, PA. Our model has fewer age groups than 
reported in Davies et al.31: for simplicity, we define only three 
age categories: We thus define uq  as a population-weighted 
average of the values reported in Davies et al.31 For example, 
Davies et al.31 reports u0 9−  and u10 19− , the average susceptibil-
ity of individuals in the 0–9 and 10–19 age groups, respec-

tively. To create our uK , we set u
n u n u

n nK =
+− − − −

− −

0 9 0 9 10 17 10 19

0 9 10 17

, 

where n0 9−  is the number of people in Allegheny County aged 
0–9 and n10 17−  is the number of people in Allegheny County 
aged 10–17. We use the same method to aggregate the aver-
age susceptibility for the 18- to 65-year-old age bracket and 
the 65 and over age bracket. We obtained age-stratified popu-
lation totals for Allegheny County from the 2018 American 
Community Survey, conducted by the US Census Bureau. We 
use the socialmixr package R package32 to obtain the values of 
Eq r, . The resulting values of βq r,

∗  is shown in Table 1.

FIGURE 2. Schematic for a mathematical model of COVID-19 in a linked urban community-jail system with parameter annota-
tions. Left: Depiction of model emphasizing movement between locations. Here “Court” stands for both processing and trials. 
Right: Depiction of the model emphasizing transition between disease states. The parameter family is shown for each type of tran-
sition. For example, although we show just one α  between community and court, in our model, there are separate subscripted 
α  parameters corresponding to different rates of arrest for different age groups. Similar logic applies to the other parameters. E 
indicates exposed; I, infected; M, needing medical care; R, recovered/removed; S, susceptible.
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For each of the noncommunity locations, we assume 
that mixing patterns are not category-dependent. That is, 
we assume that all incarcerated people mix equally, regard-
less of age. Mathematically, this amounts to the assumption 
that β β βqr

J J= *,  β β βqr
P P= *,  and β β βq r,

*=T T ,  where β ∗  is 
defined to be consistent with the β ∗ s in the community, and 
β J,  β P ,  and β T are scaling parameters. Because most of the 
people in jail, processing, and trial are adults, we take β β* *= LL.

This leaves setting the scale parameters, β C,  β J,  β P,  
and β T. There are two considerations to account for here: dif-
ferences in the size of the population in each of the four loca-
tions, and differences in contact rates within the four locations. 

We define β C

C

= 0c

n
, β J J

J

= 0c c

n
,  β P J

J

= 0c c

n
,  and β T T

T

= 0c c

n
,  

where nc = 1,200,000, nj = 2,600 , nt = 150,  and np = 100  

are the size of the population in the community, jail, trial,  
and processing, respectively. Scaling each of the β  terms in the 
model by the population sizes amounts to the assumption that 
transmission is contact-based. This assumption leads to conser-
vative estimates of the speed of the spread in the jail system rel-
ative to a fomite-based transmission model. The parameters cj ,  
cp ,  and ct  are factors that denotes how many times more con-
tacts per day a person in jail or processing, respectively, has than 
a person in the community. We set these values to be cj = 3  and 
c cp t= = 6,  corresponding to an assumption of three and six 
times more contact in jail and processing and trial, respectively, 
than take place in the community. These values were chosen to 
reflect the conditions for both health and crowding of popula-
tions within jail facilities,21–26 and the understood gathering and 
transportation protocols associated with intake and release pro-
cessing and court appearances.

The sensitivity of the model to these and other parame-
ter choices is explored in eTable 1; http://links.lww.com/EDE/
B908. An analysis of the sensitivity of the model to pertur-
bations of the parameter values allows us to determine how 
changes in parameters (due to variation over time, uncertainty 
in measurement, or otherwise) impacts the quantitative out-
comes of the model.33 It is possible to use such a sensitivity 
analysis to identify the more influential parameters.34

To calibrate the model for our baseline scenario, we 
then find a c0  such that approximately 80% of the popula-
tion is ultimately infected by the time the spread dies out in 
our model.35 We selected an 80% final infection rate for con-
sistency with predictions of the spread of COVID-19 under 
the assumption of no mitigation measures in place from an 

influential microsimulation model. To calibrate the model for 
our shelter-in-place scenario, we select a c0 that matches the 
trajectory of COVID-19 in Allegheny County under shelter-
in-place. Specifically, we calibrate our model to the time series 
of deaths in Allegheny County as reported in data released by 
the New York Times. Because very few infections or deaths 
were reported before the initial shelter-in-place order on 23 
March 2020, we assume the beginning of the death time series 
all took place under shelter-in-place conditions. On 15 May, 
the county entered the “yellow phase” in which businesses 
began reopening. Using previously published estimates of the 
incubation time and time to death of COVID-19, we assume 
a 30-day period between initial infection and death,36–38 so we 
take the total number of deaths that occurred under shelter-in-
place to be the total number of deaths as of 15 June 2020, 30 
days after shelter-in-place conditions were relaxed. There were 
174 deaths that occurred as of this date. We set the start-date of 
the epidemic to be 1 month before the first death, 20 February 
2020. We then perform a grid search to find a shelter-in-place 
scalar for c0  such that over the course of approximately 115 
days between 20 February 20 and 15 June, approximately 
174 deaths occurred in our simulation and the trajecto-
ries are similar. eFigure 1; http://links.lww.com/EDE/B908 
shows a comparison between the time series of COVID-19  
deaths in Allegheny County and the trajectory produced by the 
c0  scalar that corresponds to the best fit.

Estimation of Other Model Parameters
Parameters concerning the natural history of COVID-19,  

patient progression, etc., were primarily obtained from existing 
estimates in the modeling literature, where possible using esti-
mates from as close to the modeled catchment area as possible 
(i.e., CHIME from UPenn Medicine, https://penn-chime.phl.io/). 
Citations for specific parameter values may be found in Table 1.

In one case, γ̂,  or the asymptomatic period −1 , the origi-
nal source reported that their estimate was likely an under-
estimation due to censoring. However, given that the authors 
provided the data within their manuscript,39 the data were re-
estimated to account for censoring using a parametric survival 
model assuming an exponential distribution (the distribution 
typically implied by the uniform hazard of transitioning from 
one compartment to another within a compartmental model). 
The fit for this exponential model may be found in eFigure 2; 
http://links.lww.com/EDE/B908.

Modeled Scenarios and Interventions
We represented the effects of several policy interventions 

or failures as changes to various parameters in this model. We 
consider four categories of scenarios that could vary the rate 
of spread: in addition to modeling shelter-in-place (reduced 
mixing) conditions in the community, we modeled scenarios 
related to reductions in arrest rates, increases in release rates, 
and changes to within-jail conditions. These scenarios are 
detailed in Table  2. Most scenarios are additive; that is, all 
arrest reduction interventions assume a baseline scenario of 

TABLE 1. Relative Transmission Rates of COVID-19 From an 
Individual per Row to an Individual per Column

 Child Adult Elderly

Child 2.72 1.60 0.93

Adult 1.92 6.22 4.39

Elderly 0.09 0.49 1.38

http://links.lww.com/EDE/B908
http://links.lww.com/EDE/B908
http://links.lww.com/EDE/B908
https://penn-chime.phl.io/
http://links.lww.com/EDE/B908
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shelter-in-place in the community. The scenarios involving 
faster release of individuals in jail all assume both shelter-
in-place in the community, and were each run under each of 
the “Arrest Reduction” scenarios to determine the cumulative 
effects of arrest reduction, increased release rates, and com-
munity shelter-in-place conditions. The mixing reduction sce-
nario in the jail assumes shelter-in-place in the community 
as well as a 25% reduction in arrests (equivalent to the “Bail 
Eligible” Arrest Reduction scenario), as it is unlikely that jails 
will be able to effectively reduce contact rates without reduc-
ing their average daily population. Finally, in the “Reduced 
Detection” scenario, we assume shelter-in-place, but vary the 
likelihood that serious cases of COVID-19 within the incar-
cerated population are caught and treated in a timely manner.

Below, vulnerable populations are defined as individu-
als over the age of 65 or at increased risk of complications 
form COVID-19 due to other comorbidities. We estimate that 
40% of the jail population is vulnerable by this definition, 
based on reported rates of comorbidities among incarcerated 
people.44 We estimate that around 25% of those arrested are 
bail eligible, based on information from Allegheny county on 
the rate at which cash bail was used between February and 
June of 2019.45

RESULTS
Unsurprisingly given the epidemiological dynamics 

of COVID-19, absent any intervention our models showed 
a substantial outbreak in the community, causing 1,051,238 

TABLE 2. Parameter Values, Meanings, and Sources for a Community-Jail Transmission Model of COVID-19

Parameter Value Description

σ 0.50 Percent reduction in transmission during asymptomatic period (compared with symptomatic)40

γ −1
5.1 days Incubation period37

γ̂ −1
6.7 days Asymptomatic period39

δ −1 10 days Symptomatic period40

δdischarge
−1

9 days Hospitalization length of stay (discharged alive)41a

δdeath
−1 4.2 days Hospitalization length of stay (discharge dead)41

δdeathU
−1

4.2 days Time to death for unhospitalized critical cases

ωL 5.9 0.06251days− × Time from symptom onset to hospitalization × probability of needing hospitalization (low risk)41,42

ωH 5.9 0.1181days− × Time from symptom onset to hospitalization × probability of needing hospitalization (high risk)41,42

v 95% Hospitalized case survival rate (low risk)43

νH 66.6% Hospitalized case survival rate (high risk)43

νU 0.0% Case survival rate for untreated cases in need of hospitalization (low risk)43

νUH 0.0% Case survival rate for untreated cases in need of hospitalization (high risk)

αL 3.57e-06 Per capita hourly arrest rate (low risk). Equates to 60 arrests per day

αE 7.35e-06 Per capita hourly arrest rate (elderly). Equates to 1 arrest per day

αH 1.11e-03 Per capita hourly arrest rate (high risk). Equates to 40 arrests per day

ψC 12 0.601hours− × Processing time from arrest to returning to community × probability of release after arrest

ψ J 12 0.401hours− × Processing time from arrest to jail × probability of jail after arrest
κ 2.60e-03 Per capita hourly probability of scheduled court appearance

τ 12 hours Time from scheduled court appearance to return to jail

ρ−1
62 days Length of stay in jailb

µC
−1 8 hours Shift length for jail staff

µJ
−1 16 hours Time spent in the community for jail staff

ζ 1.00 Probability an incarcerated person needing treatment will receive it

pop 1.22 million people Population of jail catchment area

ahttps://penn-chime.phl.io/.
bhttps://www.alleghenycountyanalytics.us/index.php/category/topics/crime-and-justice/.

https://penn-chime.phl.io/
https://www.alleghenycountyanalytics.us/index.php/category/topics/crime-and-justice/
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infections (both symptomatic and asymptomatic) as well as 
requiring 71,735 hospitalizations and ultimately resulting in 
11,203 fatalities over the 180 days of the simulation, with the 
peak of infections occurring 81 days after the first infective 
case appeared in the population. Among those incarcerated, 
the outbreak was considerably more severe, causing a cumula-
tive 4,779 cases requiring 312 hospitalizations and 58 deaths 
among those incarcerated, the 2,500 person jail being 0.2% 
the size of the wider community (Figure 3). The peak of this 
within-jail epidemic was also considerably earlier, with the 
peak of the epidemic occurring 29 days after the first infective 
case appeared in the community.

Given the dominant approach to controlling COVID-19  
in the community and the widespread calls to “flatten the 
curve,” for the remaining results, we assume the presence of 
a shelter-in-place order or similar social distancing interven-
tion only in the community as the comparator scenario, repre-
sented as a reduction in the mixing frequency of all age groups 
in the community. In line with the experience of communities 

undergoing such distancing interventions, this decrease in 
overall contacts results in a substantially delayed epidemic, 
with 39,965 infections in the community as well as far lower 
burdens in terms of both hospitalizations and fatalities. In con-
trast, the early dynamics of the COVID-19 outbreak within the 
incarcerated population are identical, while in the latter half 
of the simulation, the outbreak dynamics in the incarcerated 
population are markedly worse, resulting in 8,339 infections 
after 180 days and proportionately more hospitalizations and 
COVID-19–related fatalities (Table 3). Shelter-in-place orders 
had no discernible estimated impact on the health outcomes of 
the staff of the jail.

All of the four considered arrest deferral scenarios had 
substantial estimated impacts on the course of the epidemic in 
the incarcerated population, while also lessening the impact 
of the epidemic on the community and, to a lesser extent, the 
jail’s staff. Discontinuing the arrest of bail-eligible individu-
als, which corresponds to a ≈ 25%  reduction of admissions 
into the jail, resulted in a 24% reduction in infections in the 

FIGURE 3. Epidemic curves from a simulated COVID-19 epidemic in an urban community (right) and the connected population 
of persons in a jail (left). The curves demonstrate the expected magnitude and timing of the outbreak in the different populations, 
broken into the different etiologically relevant categories (i.e. exposed, infected, and hospitalized).
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incarcerated population, and a 20% reduction in infections 
within the community. Note that, as discussed above, this 
model seeks to examine the role of jails in a population oth-
erwise doing relatively well in controlling their outbreak. As 
such, these numbers arise in a population with a sustained, 
6-month, broad-based shelter-in-place order, and as such, the 
cases arising from the jail population as a percentage of total 
cases were expected to be higher than they would be in a pop-
ulation with less stringent controls.

Broader, more sweeping arrest deferral programs 
resulted in correspondingly larger impacts in both the incar-
cerated population and the community as a whole. The dis-
continuation of arresting individuals for low level offenses 
( ≈ 83 4. %  reduction) and the blanket reduction of arrests by 
90% resulted in a 77% and 80% reduction in infections within 
the incarcerated population (with correspondingly fewer hos-
pitalizations and deaths), respectively. These strategies also 
resulted in the greatest decrease in infections among staff 
(11% and 14%) and in the community at large (62% and 66%). 
Finally, a strategy built on deferring the arrest of individuals 
at high risk of developing COVID-19–related complications 
by 90%, tailoring the intervention to groups of epidemiologic 
importance rather than the nature of their offense, resulted in 
a 30% decrease in infections within the incarcerated popula-
tion and a 61% decrease in deaths among the same population 
(Table 4).

In comparison, a strategy deferring the same number of 
people with no regard to their underlying risk, had smaller 
estimated effects on the number of infections and deaths. 
Specifically, releasing the same number of individuals as in the 
above scenario without regard to their risk resulted in only a 
19% decrease in infections within the incarcerated population 

and a 18% reduction in deaths. The deferral strategy targeting 
individuals for high-risk outcomes caused 0.9% more infec-
tions in the community relative to the same proportionately 
large but broader strategy, and the decreased number of deaths 
among persons in jail was partially offset by this increase. The 
targeted strategy resulted in a combined number of COVID-19  
fatalities in both the population of persons in jail and in the 
community of 293 compared with 372 fatalities under the 
broader strategy.

Pairing increased arrest deferral with a more rapid release 
of persons who were already incarcerated enhanced the impact 
of those interventions, reducing infections, hospitalizations, 

TABLE 3. Scenarios and Parameter Adjustments for a Number of Policy-based Interventions to Curtail COVID-19 in Jail and the 
Community

Scenario Name Parameters Multiplier of Baseline Scenario Description

Shelter in place β*
C 0.4 Effective contact rate in the community is reduced by a factor of 1/2.5

Arrest reduction

 Bail eligible αL, αH, αE 0.75 Divert all bail-eligible arrests (estimated at 25% of all arrests)

 Vulnerable only αH , αE 0.10 Divert arrests of 90% of vulnerable populations11

 Low level αL,  αH,  αE 0.17 Divert all low-level arrests (estimated at 83% of arrests)

 Arrest fewer people αL,  αH,  αE 0.10 Divert 90% of current arrests
Faster release

 Increase release speed ρ−1 2 2× rate of release from jail

 Vulnerable only ρH
−1 2 2× rate of release for vulnerable only

In-jail scenarios

 Mixing reduction βT,  βP,  βJ 0.4

Reduction of baseline contact rates in jails by the same factor as the com-

munity under shelter-in-place

 Reduced detection ζ 0.99, 0.95, 0.90 Reduction in infection detection and timely hospitalization in jails by 1−ζ

TABLE 4. Cumulative Simulated COVID-19 Infections, 
Hospitalizations, and Deaths in the Community, Among 
Incarcerated Individuals, and Among Jail Staff During a 
6-month Period With and Without a Shelter-in-place Social 
Distancing Intervention

 Without Social Distancing With Social Distancing

Community

 Infections 926,108 450,621

 Hospitalizations 51,497 22,892

 Deaths 12,133 4,546

Incarcerated

 Infections 4,949 7,421

 Hospitalizations 264 362

 Deaths 79 106

Staff

 Infections 370 370

 Hospitalizations 21 21

 Deaths 2 2
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and deaths overall (Figure 4). The rate of decrease was less 
dramatic in the community and staff populations, especially at 
lower levels of accelerated release schedules.

When accompanied by the deferred arrest of bail-eligi-
ble individuals to reduce the incarcerated population, supple-
mentary measures to reduce transmission among incarcerated 
persons had a marked benefit in both reducing the amplitude 
of the epidemic curve in incarcerated people and jail staff, as 
well as shifting the overall community epidemic curve later 
(Figure  5). These interventions may be thought of as either 
measures to reduce mixing—such as allowing greater space 
between individuals in common areas or the staggering of the 
use of shared facilities—or the provision of supplies such as 
soap and hand sanitizer that reduce the level of viral contami-
nation of patient’s hands, physical surfaces, etc. Compared 
with the baseline mixing rate among persons in jail, a reduc-
tion to an equivalent level of mixing as the community while 
sheltering in place would reduce infections in this population 
by 37% as well as delay the peak of the epidemic by approxi-
mately 40 days.

An increase in the detection of severe COVID-19 cases 
among incarcerated persons from 95% to 100% (equivalent 

to the same detection of the need for medical treatment avail-
able in the community) unsurprisingly increased the number 
of hospitalizations, as 5 of every 100 incarcerated persons 
needing hospitalization were no longer missed, either for lack 
of access to care, insufficient diagnostic capacity, or other rea-
sons. Similarly, owing to the vast reduction in the case fatality 
rate (CFR) between hospitalized (5% for low risk and 33.3% 
for high risk) severe cases and unhospitalized severe cases 
(CFR = 100% for both groups), the number of deaths dropped 
by 91% when the detection of severe cases rose to the same 
level as the community. Between these scenarios, the number 
of infections rose slightly with better detection, increasing by 
0.2% (Table 5). This is likely due to the slightly longer time 
an untreated severe case spends in the incarcerated population 
before they are removed due to death versus when a treated 
case is transferred for hospitalization. This effect will only be 
present if the level of viral shedding is constant (or increasing) 
over the course of a clinical infection. If instead the mecha-
nism by which a severe COVID-19 patient dies is a cytokine 
storm or other process not involving the virus overwhelm-
ing the immune system, we would not expect this effect to be 
observed. However, even in the pessimistic case wherein viral 

FIGURE 4. Cumulative infec-
tions, hospitalizations, and 
deaths in the community (first 
row), among persons in jail (sec-
ond row) and among jail staff 
(third row) for several combina-
tions of incarceration deferment 
and accelerated release.



Epidemiology • Volume 33, Number 4, July 2022 COVID-19 in Jails

© 2022 The Author(s). Published by Wolters Kluwer Health, Inc.  www.epidem.com | 489

shedding is constant throughout the clinical course of infec-
tion, the slight rise in infections is offset by the decrease in the 
number of COVID-19–related fatalities.

DISCUSSION
Using a computational simulation approach, our study 

estimated the impact of the COVID-19 epidemic among the 
incarcerated population, as well as among workers within 
the judicial system and the community within which these 

facilities reside. Our models estimate that, in the absence 
of community mitigation such as strict social distancing, by 
only 30 days after the introduction of the first infection to the 
community, we can expect 2,628 infections among incarcer-
ated people, resulting in two in-custody deaths. These results 
clearly follow from the features of the jail system themselves 
in challenging ways. While only 1% of the population entering 
into the jail system are elderly,46 incarceration in jail is itself 
associated with degraded health of incarcerated people24–26 

FIGURE 5. Epidemic curves for the community (top panel), persons in jail (middle panel), and jail staff (bottom panel) under a 
shelter in place order as well as the deferment of bail-eligible persons. The curves show the impact of increased reduction in mix-
ing (e.g., from the ability to physically distance persons in jail while in common areas) from baseline (dark blue) to identical to the 
community’s shelter-in-place order (green).
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leaving them more vulnerable to infection and severe out-
comes from infection.47 As individual robustness to disease 
decreases, the epidemiologic result is the increased vulner-
ability of the whole jail population.

Beyond the direct implications for the health of incar-
cerated people, jail populations have high rates of re-entry 
into the general community and they depend on people who 
regularly mix with the outside community. It is worth not-
ing that, even as some court systems transitioned to video-
conferencing and remote hearings, incarcerated populations 
do not have access to teleconferencing capabilities where they 
are housed, and must still be transported to, and staffed while 
using, communications facilities. Jail populations are largely 
composed of individuals who have not been convicted of a 
crime, and therefore will be released quickly back into the 
general community rather than to further incarceration within 
the carceral system. Jails with disease prevalence higher than 
the general populations they serve will therefore act as sources 
of infection, reseeding infection into communities that may be 
striving to contain or mitigate ongoing outbreaks, or even rein-
troducing infection into otherwise disease-free populations. 
Dynamics consistent with these predictions have already been 
observed48,49 but can and should be considered as an ongoing 
challenge. It is important to note that this would happen even 
if no one were released given the volume of people coming 
in and out of jails in staff and vendor roles, so should there-
fore not be construed as an implication that releases should 
be suspended or impeded. As COVID-19 continues to spread 
throughout the United States, tracking data within jails and 
the communities they serve will be critical in validating stud-
ies such as this one and in shaping best practices to limit jail-
driven spread going forwards.

These estimated impacts are not, however, inevitable, 
and may be mitigated through a number of policy changes. 
Some obvious potential courses of action suggest themselves 

immediately. New arrests mean that people of unknown dis-
ease status may be regularly brought into jails, increasing the 
likely severity of outbreaks both by the plausible continuous 
introduction of new sources of infection and by the mainte-
nance of higher rates of contact among susceptible incarcer-
ated people due to the density and structure of jail housing 
arrangements. If jurisdictions across the country reduce their 
intake by significant percentages, our models predict that we 
could meaningfully directly reduce the disease incidence in 
the incarcerated population (as seen in Table  4). Moreover, 
these same strategies also clearly produced a reduction in 
the source of risk to incarcerated people’s families, jail staff, 
and the broader community (Table 4). These strategies could 
be enacted in a number of ways, such as (but not limited 
to) replacing misdemeanor arrests with citations, avoiding 
recommendations for jail time or prohibitive terms for bail 
conditions, or refusing to detain anyone for nonpayment of 
fines or fees during the course of the outbreak. Some of these 
reductions may be accomplished as a result of shelter-in-place 
orders themselves, though our model assumes no decrease in 
crime or arrests as a direct result of these policies.

Having considered these potential strategies for cat-
egorical reduction in intake into jails, we also considered the 
case in which the categorical consideration for reduction in 
intake stemmed instead from the health of the arrested person. 
Although this resulted in a smaller within-jail outbreak and 
reduced the resulting fatalities, we failed to achieve any note-
worthy reduction in disease burden in the broader community 
by taking this action. It is therefore more effective to more 
aggressively reduce the intake rate across the entire popula-
tion than to attempt to single out particular categories of indi-
viduals due to their likely susceptibility to severe morbidity or 
mortality from infection. The larger the reduction in overall 
intake, the greater the reduction in disease achieved for all 
populations (incarcerated people, the broader community, and 

TABLE 5. Cumulative Simulated COVID-19 Infections, Hospitalizations, and Deaths in the Community, Among Incarcerated 
Individuals, and Among Jail Staff During a 6-month Period Under Four Arrest Reduction Scenarios

 

Community Social 
Distancing, No Arrest 

Reduction

Reduce Bail 
Eligible Arrests 

by 90%

Reduce Arrests in  
Groups Vulnerable to  
COVID-19 by 90%

Reduce Arrests  
for Low Level Offenses 

by 90%
Blanket 90%  

Arrest Reduction

Community

 Infections 450,621 433,262 429,257 362,055 349,306

 Hospitalizations 22,892 21,604 21,320 16,855 16,079

 Deaths 4,546 4,228 4,163 3,135 2,967

Incarcerated

 Infections 7,421 5,721 5,334 1,931 1,682

 Hospitalizations 362 285 235 103 91

 Deaths 106 84 45 31 27

Staff

 Infections 370 368 368 332 323

 Hospitalizations 21 21 21 19 18

 Deaths 2 2 2 2 2
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jail staff, in decreasing proportion of effect). These broader 
interventions are also likely to be relatively straightforward 
to implement administratively, without knowledge of an indi-
vidual’s underlying comorbidities, if any.

Our model’s results predict that, in addition to reduc-
ing rates of intake into the jail system, increasing the rate 
of release from jails may help to mitigate the impacts of the 
epidemic. This increase however needed to be coupled with 
a decreased rate of intake rather than being enacted in isola-
tion. Increasing release rates while maintaining the same rate 
of intake increased the predicted number of infections in the 
community and among jail staff. Rapid release in isolation 
does theoretically reduce the population size of the incarcer-
ated population and the chance of transmission. However, the 
risk of transmission in scenarios with rapid releases but little 
change in jail intake remained high enough that, when coupled 
with rapid releases, incarcerated individuals are effectively 
returned to their community having been infected and with 
ample chance of transmitting to the community. In some ways, 
one can consider rapid release-only policies to be analogous 
to an accidental and well-intentioned form of patient dump-
ing. This phenomenon may even still occur when expedited 
release is coupled with decreased rates of intake if the rate 
of release is insufficient (Figure 4). Again, our results clearly 
demonstrate that the greater the proportion of the incarcerated 
population we can include in such a policy, the more effective 
the intervention is at mitigating the outbreak.

Critically, the factors that cause these outbreak dynam-
ics and drive the resulting efficacy of proposed interventions 
are features implicit in the nature of the jail system itself. The 
living conditions foster disease spread. Incarcerated people are 
shuttled back and forth to court or, where court proceedings 
are halted due to this pandemic, forced to remain in their cells 
or dorms. Incarcerated people occupy shared spaces in which 
physical distancing is impossible due to space, overcrowd-
ing, or the requirement of constant supervision. Incarcerated 
people are often not provided with the means to disinfect 
their surroundings or practice all of the hygiene guidelines 
suggested by the CDC. Building from what is known from 
COVID-19 transmission at this point in the epidemic, we 
believe that improved facility sanitation, access to free per-
sonal hygienic care, such as warm water, free soap, free hand 
sanitizer, and free cleaning products, increased time spent out-
side, increased physical/social distancing measures, increased 
access to free medical care, and improved nutrition are all fac-
tors that are likely to result in the improvement of individual 
health outcomes for people incarcerated within the jail sys-
tem. Alterations to function and practice of the jail system that 
can correct for these challenges are unlikely to occur quickly 
enough or substantially enough to improve the epidemiologic 
risks for the incarcerated people within the jail system. As 
our results have shown, even when the within-jail transmis-
sion rates were improved by interventions such as reduction in 
intake from new arrests leading to a decrease in the size of the 

incarcerated population, we could not effectively reduce the 
outbreak of infection in either the staff or incarcerated people 
down to the levels of the broader community.

As with all models, the conclusions of this study 
depend on an accurate representation of the flow of individu-
als between the jail system and the wider community, either 
due to arrests or due to their employment as jail staff, as well 
as the values of the parameters used to determine how swiftly 
this flow occurs. The inherent nature of emerging epidemics 
makes both of these things uncertain—the clinical and bio-
logical aspects of the pathogen might not be fully understood, 
and the data needed to parameterize these models are often 
sparse and incomplete. This problem is especially acute in 
models of this sort, which seek to present a “what-if ” scenario 
to stave off a public health crisis, rather than analyze how that 
crisis unfolded after the fact. Nevertheless, while the exact 
projected magnitudes may be sensitive to these unknowns, in 
truth, the greatest utility of models such as these in in deter-
mining best courses of action and likely magnitudes of the 
effects that can be gained from those actions, rather than exact 
predictions of precise numbers of individuals.50 Due to the 
logical nature of the processes studied, so long as errors in 
the parameters used are consistent across scenarios, they will 
not impact the understanding that results from our projections 
about which courses of action achieve the best outcomes, even 
if those errors would alter our understanding of the precise 
amount of effect achieved by each intervention.

The focus of this model is on the early, emerging stages 
of COVID-19, and on attempting to prevent the large-scale 
outbreaks and super-spreading events seen in jails, prisons, 
and detention centers. Importantly, it is also focused on a 
period before the widespread availability of effective vaccines, 
which are currently and indisputably the most effective means 
of mitigating the pandemic. While the results of this model 
may be thought of as lessons learned and suggestions for an 
inevitable future pandemic, the combination of more trans-
missible variants of severe acute respiratory syndrome coro-
navirus 2 (SARS-CoV-2) and the relatively modest uptake of 
vaccines both in developing countries and in many geographic 
areas and subpopulations within the United States (including 
among corrections officers), many of the interventions here 
remain critical as we continue to experience the familiar 
“wave” patterns that characterize the COVID-19 pandemic.

TABLE 6. Infections, Hospitalizations, and Deaths Among 
Incarcerated Individuals Depending on the Probability that a 
Severe Case Within the Simulated Jail Is Detected and Appro-
priately Treated

Probability a Severe Case  
Is Detected and Treated Infections Hospitalizations Deaths

0.95 7,361 316 383

0.99 7,409 353 165

0.00 7,421 362 106
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