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correlates of diabetes among CJ-involved individuals in the United States.
Methods: Using traditional statistical modeling and modern machine learning methods, data from the
National Study on Drug Use and Health were analyzed to compare the correlates and predictive in-

. teractions of diabetes diagnosis among those respondents on probation and parole to a sample, matched
Probationers
Parolees by age and gender, who were not.
Machine learning Results: Subjects involved in the CJ system were 15% more likely (1.66% vs. 1.44%, P = .015) to report a
Regression trees past-year diagnosis of diabetes than a sample of noninvolved individuals matched by age and sex,
although this association was not statistically significant after adjusting for demographic and behavioral
confounders. Similar trends in diabetes prevalence emerged for the non-CJ and CJ groups with regard to
income, depression (OR of 2.38 and 1.65 for the C] and non-CJ groups, respectively) and attainment of
college education (OR of 0.64 and 0.30 for the CJ and non-CJ groups, respectively, compared with those
with less than a high school education). Results also suggested that a generally high propensity toward
risk taking had a negative effect on diabetes for the non-CJ group (OR 0.78; 95% CI 0.69—0.87), yet
increased the odds of diabetes (OR 1.38; 95% CI 1.02—1.85) for the CJ group.
Conclusions: Involvement in the U.S. CJ system is correlated with a higher prevalence of diabetes and
differing risk factors for diabetes diagnosis. Further research is necessary, however, to unpack the precise
causal pathways that underlie the associational trends in the current analysis.

© 2019 Elsevier Inc. All rights reserved.
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Introduction Menke et al. [ 1] estimate that the prevalence increased from 9.8% to
12.4%. An increase in prevalence was observed among males and
The prevalence of diabetes has significantly increased among females, each racial/ethnic group, and every education and income
the US. adult population over the past few decades. Using level; however, the most rapid increase occurred among African
cross-sectional data from the National Health and Nutrition Ex- Americans and Mexican Americans. According to the CDC, African
amination Survey (NHANES) between 1988—1994 and 2011—-2012, Americans and Hispanics now have significantly higher age-
adjusted rates of diabetes prevalence than do non-Hispanic

whites [2].
—_— . o . The long-term consequences associated with diabetes include
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probationers and parolees, who often experience limited access to
health care on release from formal incarceration [4]. Most studies
examining the rate of diabetes among this population find that the
prevalence estimates are similar to the U.S. general population
[5—8]; however, previous studies adjusting for age indicate that the
prevalence is likely higher among inmates.

For example, Wilper et al. [8] used data from the 2002 Survey of
Inmates in Local Jails and the 2004 Survey of Inmates in State and
Federal Correctional Facilities to analyze diabetes prevalence.
Comparing their findings with the noninstitutionalized U.S. adult
population data from the 2003—2004 NHANES indicated that the
rate of diabetes among inmates was comparable with that of the
U.S. noninstitutionalized population. However, once the results
were age-standardized to the U.S. census, the prevalence of dia-
betes was found to be higher among inmates (11.1% of federal in-
mates, 10.1% of state inmates, and 8.1% of jail inmates) compared
with the U.S. population (6.5%). Binswanger et al. [9] used the same
data as well as the 2002—2004 NHANES data for comparison,
finding that jail and prison inmates have a higher prevalence of
diabetes compared with noninstitutionalized adults across three
age groups, after adjusting for sex. On a smaller scale, Langevin
et al. [10] investigated the prevalence of diabetes among 915 male
offenders using medical records from 1964 to 2006, finding that
approximately 15% of male offenders were diagnosed with dia-
betes, compared with 6.2% in the general population.

Although previous studies on the rate of diabetes in the criminal
justice (CJ) population have focused primarily on those currently
incarcerated [5,8,9,11—13], few studies have examined the rate of
diabetes among probationers and parolees despite major barriers to
health care for this population. Primary obstacles to care for this
population include lack of insurance, inadequate coordination be-
tween the C] system and public health organizations, and housing
and employment struggles that may cause individuals to neglect
their health [4]. However, the epidemiology and etiology of diabetes
specifically among probationers and parolees is largely unknown.

The present study

There have been few studies of chronic health conditions such as
diabetes conducted among CJ-involved populations and even fewer
that have examined the correlates of these conditions in nationally
representative data sources. The objective of the present study is to
examine whether there are differential correlates of diabetes among
CJ-involved individuals compared with those in the general popula-
tion. Chronic health conditions such as diabetes may be complicated
by the extensive risk histories and psychiatric comorbidity found
among justice-involved populations. In addition to using logistic
regression analyses to uncover these patterns of correlates, we also
use machine learning methods in the form of regression trees and
random forests to further explore the structure of these relationships.

Methods
Sample and procedures

This study is based on public-use data collected between 2005
and 2014 as part of the National Survey on Drug Use and Health
(NSDUH) [14]. Consistent with previous studies, NSDUH data were
pooled across years to increase the analytic sample size (no re-
spondents were interviewed in multiple years) and improve pop-
ulation estimates [15,16]. The NSDUH interview utilizes a
computer-assisted interviewing methodology to increase the like-
lihood of valid respondent reports of substance abuse and other
high-risk behaviors [14]. Additional details regarding the NSDUH
design and procedures is available elsewhere [14].

The goal of the present study is to compare the prevalence and
correlates of diabetes for those involved in the CJ] system (C] group)
with those for a comparable population not involved in the (]
system (non-CJ group). A total of 20,019 respondents in the
2005—2014 samples responded that they had been on probation
and/or parole within the past 12 months. Each of these individuals
in the CJ group was matched to ten people in the non-CJ group
with the same gender and age category. Thus, the non-CJ sample
had n = 200,190. This ten-to-one matching was performed to in-
crease statistical power while retaining comparability between the
two groups (C] and non-CJ) with respect to age and gender.

Measures

Measures used in the NSDUH have been refined over several
decades, and their psychometric properties have been shown
to possess adequate reliability [7,17,18].

Diabetes

Respondents were queried regarding whether a doctor or other
medical professional had diagnosed them with diabetes in the past
year. This condition was dichotomously measured as yes or no.

Criminal justice system involvement

Respondents were asked if they had been on probation or
parole/supervised release at any time in the past 12 months.
Although probationers and parolees both are classified as being
involved with the CJ system for the purpose of this study, the level
of C] involvement is different for the two groups. While those on
probation may have been exposed to jail for only a short time (or
not at all), respondents on parole or supervised release had previ-
ously spent time in prison.

Sociodemographics

The following demographic variables were used: age (12—17,
18—25, 26—34, 35—49, and 50 or older), gender, race/ethnicity
(non-Hispanic white, non-Hispanic black, Hispanic, and other),
total annual family income (less than $20,000, $20,000 to $49,999,
$50,000 to $74,999, and $75,000 or more), and metropolitan pop-
ulation density (classified as large, > 1 million; small, less than 1
million; and nonmetropolitan).

Drug and alcohol use

Indicators of dependence on four common substances (nicotine,
alcohol, marijuana, and pain medication) were included in our
analysis. For nicotine, the nicotine dependence syndrome scale
score was used, whereas dependence on the other substances was
dichotomously measured. Previous studies examining substance
use disorders using the NSDUH measures have shown acceptable
reliability and validity [19—21]. Selling illegal drugs (yes or no) was
used based on a respondent's past year report. An item measuring
the ease with which respondents could obtain illicit drugs was also
included as a dichotomous measure (fairly to very easy, or not easy).

Mental health and personality characteristics

Two major chronic mental health conditions, anxiety and
depression, were assessed dichotomously in the NSDUH survey and
used in our analysis. Risk propensity was measured by summing
two items related to the frequency or enjoyment of participation in
dangerous or risky behaviors, then categorizing into low, medium,
or high propensity for such behavior.
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Data analysis

To examine the correlates of diabetes in the CJ and non-CJ sam-
ples, we used three analysis methods: logistic regression, a tradi-
tional statistical technique; regression trees [22], an algorithmic
machine learning procedure; and random forests [23], an ensemble
of regression trees designed to improve their stability and predictive
power. Diabetes diagnosis was the dependent variable in each
analysis, and the same set of predictors was used in each procedure.
Each statistical method was performed separately for the CJ-
involved (CJ group) and those not involved in the CJ system (non-
CJ group). In each case, the non-CJ individuals without diabetes were
used as the reference group (nonresponders). Logistic regression,
regression trees, and random forests each analyze associations
differently and thus allow for unique insights when applied to this
large sample. All analysis was done in R software [24].

We first used logistic regression to examine correlates of dia-
betes among sociodemographic factors, indicators of drug and
alcohol use, and mental health and personality characteristics for
the CJ and non-CJ groups. Regression trees were then applied to
both groups using the same dependent and predictor variables.
Because of the low overall incidence of the diabetes outcome, we
used regression trees rather than classification trees. Trees were fit
using the rpart function in the rpart R package [25] with a
complexity parameter of 0.0005 and a minimum threshold of 50
observations in each terminal node. These parameters were
changed from their default values to produce more fully developed
trees for additional insights. Finally, random forests were built on
both groups to more accurately assess the discriminative power of
individual predictor variables in the regression tree framework
[26]. Random forests and the resulting variable importance plots
were produced using the randomForest R package [27].

Results
Logistic regression

Overall, individuals involved in the CJ system were 15% more
likely (1.66% vs. 1.44%, P = .015) to report a past-year diagnosis of
diabetes than a comparable population of noninvolved individuals
matched by age and gender. Odds ratios from the logistic re-
gressions for the two groups are shown in Table 1. There are similar
directional trends in diabetes prevalence within the non-CJ and (]
groups with regard to income (lower OR for each increasing level of
income), depression (OR of 2.38 and 1.65 for the C] and non-C]
groups, respectively), and attainment of college education (OR of
0.64 and 0.30 for the CJ and non-CJ groups, respectively, compared
with those with less than a high school education). However, the
two sets of odds ratios also feature several differences. Perhaps
most notably, a high-risk propensity had a negative effect on dia-
betes diagnosis for the non-CJ group (OR 0.78; 95% CI 0.69—0.87),
but was associated with higher odds of diabetes (OR 1.38; 95% CI
1.02—1.85) for the CJ group. Nicotine and alcohol dependence also
were associated with significant increases in diabetes risk for the CJ
group, but had odds ratios less than 1 (although not statistically
significant) for the non-CJ group.

Regression trees

The regression tree for the non-CJ group is presented in Figure 1.
The tree produced a total of nine terminal nodes, in which the
prevalence of diabetes diagnosis ranged from 0.6% (those under
26 years old) to 21.6% (Hispanic and non-Hispanic blacks 50 or
older). The tree's initial split divides the sample into those who are
younger than 50 years and those who are 50 years or older. There is

Table 1
OR and 95% CI for diabetes outcome for non-CJ—involved and CJ-involved
individuals

Variables Non-CJ—involved  (J-involved
OR 95% CI OR 95% CI
Sociodemographic factors
Age (ref = 18—25y old)
12—17 y old 0.55 042,073 1.13 0.61,2.05
26—34y old 245 215,279 185 1.19,2.82
35—-49 y old 764 688,849 9.09 6.70,124
50+ y old 2490 22.1,28.0 3531 25.2,494
Gender (male) 1.09 1.00,1.18 1.37 1.08,1.72
Race
Hispanic 147 132,164 179 1.28,247
Non-Hispanic black 1.73 154,193 259 1.90,3.51
Non-Hispanic other 121 1.05,139 235 1.65,3.28
Income (ref < $20,000)
$20,000—$49,000 0.87 0.79,096 0.69 0.54,0.89
$50,000—$74,999 0.79 0.69,0.89 0.33 0.21,0.49
>$75,000 0.74 0.66,0.84 0.30 0.20, 0.45
Education (ref = less than HS)
High school graduate 098 0.88,1.10 0.74 0.55,0.99
Some college 092 0.81,1.04 0.77 0.56,1.07
College graduate 064 056,074 030 0.18,0.50
County type (ref = large metro)
Small metro 0.88 0.80,097 093 0.70,1.25
Nonmetro 1.04 093,117 140 1.03,1.90
Drug and alcohol use
Marijuana dependence (past yr) 0.73 0.50,1.03 1.53 0.86,2.56
Dependence on analgesics (pastyr) 2.34 1.62,3.28 1.85 0.88,3.48
Nicotine dependence (NDSS score) 091 0.80,1.04 241 1.84,3.15
Alcohol dependence (past yr) 094 0.76,1.14 1.89 1.30,2.68
Sold illegal drugs 096 0.76,1.06 1.08 0.88,1.29
Drug access 115 1.01,130 1.38 0.99,1.90
Other health-related characteristics
Depression (past year) 165 142,191 238 1.69,3.31
Anxiety (past year) 1.02 085,122 144 097211
Risk Propensity (ref = low)
Medium 0.90 0.80,1.02 126 0.91,1.72
High 0.78 0.69,0.87 1.38 1.02,1.85

Significant odds ratios are in bold.

a pronounced difference in prevalence in these two groups, with
only 1.1% of those younger than 50 years having diabetes, compared
with a prevalence of 13.7% among those 50 years and older. Sub-
sequent splits identify predictors of diabetes within specific sub-
groups. For example, among those in the non-CJ group who are 50
years or over, black and Hispanic individuals were almost twice as
likely to have diabetes (21.6%) as those of other races (12.2%).
Deeper in the tree, we see that whether or not an individual has
depression creates a large split among those who are ages 35—49
years and white: 8.0% of those who were depressed had diabetes,
compared with only 3.4% who did not indicate depression.

Figure 2 shows the regression tree analysis results for the CJ
group. The starting node, with a sample size of 197,639, is the sum
of individuals in the non-CJ group with no diabetes and individuals
in the CJ group with diabetes. The proportions shown in Figure 2
are the number of people in the CJ group with diabetes, divided
by that number plus the number in the non-CJ group without
diabetes. The tree produced 11 terminal nodes in which the prev-
alence of diabetes and C] involvement ranged from 0.1% (for those
under 35) to 17.2% (for respondents 50 or older with depression and
nicotine dependence). As with the non-(]J tree results, splitting the
individuals by age category of less than 50 versus 50 or older was
the first partition from the initial sample. However, comparing the
trees in Figures 1 and 2, we see that county type, nicotine depen-
dence, alcohol dependence, and risk propensity all are used as
partitioning variables in Figure 2 (C] tree) but not in Figure 1 (non-
(] tree), indicating that different covariates are useful for identi-
fying higher-prevalence groups in the CJ versus non-CJ samples.
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Regression Tree for Diabetes in Non-CJ Group
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Fig. 1. Regression tree for diabetes diagnosis in non-CJ—involved sample.

Random forest variable importance plots

Random forest tree ensembles were run for the non-C] and CJ
groups to analyze the relative importance of diabetes correlates in
the regression tree framework. Figure 3 is a side-by-side variable
importance plot that shows the scaled mean decrease in node
impurity (measured by Gini index) that results from splitting on the
variable, averaged over all trees in the forest. Put simply, variables
with a higher importance measure more frequently produce tree
partitions that result in more homogeneous nodes. The importance
measures were scaled separately for each forest so that the mini-
mum and maximum importance values for each forest had values
of 0 and 1, respectively.

The variable importance plot shows some similarities, but also
some differences, between the variable importance measures in the
two groups. Although age produced the most helpful splits in the
non-C] forest, it was far from the most important factor by this
measure in the (] forest. This is consistent with our findings that
diabetes is more prevalent in the CJ group and appears more
frequently at a younger age in this group.

County type had the highest importance measure for the CJ
forest, indicating that place of residence is an important determi-
nant of diabetes diagnosis and involvement in the CJ system. Race,

education, and easy access to hard drugs also had higher impor-
tance measures in the CJ group than in the non-C] group.

Supplemental analysis

We conducted further analysis of diabetes as it relates to age, race/
ethnicity, and the type of CJ exposure. To determine whether CJ
exposure was independently associated with diabetes diagnosis in
the presence of the other covariates, we combined the C] and non-C]J
groups and included CJ exposure as an independent variable with the
other covariates in a single logistic regression with diabetes diagnosis
as the dependent variable (Table 2). In this model, the adjusted co-
efficient of CJ exposure was not significant (P = .67). About one
quarter of those in our CJ sample were on parole as opposed to pro-
bation only, and parolees possess a higher unadjusted rate of diabetes
diagnosis (2.04%) compared with those on probation only (1.52%; P-
value for difference = .014). However, the distinction between pro-
bation and parole was no longer significant (P =.88) after accounting
for the other covariates in the CJ logistic regression model.

Diabetes diagnoses clearly become more common with age, and
we examined the association between diabetes and C] status
stratified by age group, to determine whether there was evidence of
effect modification by age.
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Regression Tree for Diabetes in CJ Group
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Fig. 2. Regression tree for diabetes

There is no monotonic trend of effect modification by age,
although Table 3 provides some evidence that the association be-
tween (] involvement and diabetes is strongest for the youngest
and the oldest age groups under study. Likewise, Table 3 provides
no clear evidence of effect modification by race/ethnicity, although
the association between (] involvement and diabetes may be
stronger for whites and those classified as “other” (mostly Asians
and those of more than one race).

Discussion

CJ-involved persons are vulnerable to a host of health risks,
including sexually transmitted diseases, hepatitis, pancreatitis, and
various severe health limitations [7,28]. Even so, research has
generally suggested that diabetes, a growing health problem in the
United States and globally [1], may not be significantly more
common among the justice-involved [7], despite age-adjusted an-
alyses suggesting that diabetes may in fact be more prevalent
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diagnosis and (] involvement.

among jail and prison inmates than the U.S. population [8]. This
body of research, however, has yet to explore the etiology and rate
of diabetes among probationers and parolees, despite the chal-
lenges that these populations face in obtaining community health
care and coordinate services that promote long-term health. The
present study explores the correlates of diabetes among pro-
bationers and parolees, including risk propensity and psychiatric
comorbidities, using a large, nationally representative data source.
The study yielded a number of key findings.

First, logistic regression results indicated that CJ-involved in-
dividuals were an estimated 15% more likely to report a diagnosis of
diabetes than non-CJ individuals matched on age and gender.
However, the association between (] involvement and diabetes
diagnosis was not significant after adjusting for additional de-
mographic and behavioral confounders. This suggests that the
observed association is a confounded, rather than a causal, rela-
tionship. Logistic regression models also suggested that a high-risk
propensity, male gender, dropping out of high school, and
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Variable Importance Plot for Diabetes Diagnosis
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Fig. 3. Random forest side-by-side variable importance plot.

dependence on nicotine and alcohol were significantly and posi-
tively predictive of a diagnosis of diabetes among the CJ-involved,
but were not significantly predictive of diabetes among the non-
CJ—involved participants.

In addition, regression and classification trees were incorporated
into the present study. Similar machine learning approaches have
recently increased in public health more generally, and because of
the large number of observations in the NSDUH data, these methods

Table 2
OR and 95% CI for diabetes outcome, non-C] and CJ individuals combined

Variables Entire sample
OR 95% CI
CJ involvement (probation or parole) 1.02 0.91, 1.16
Sociodemographic factors
Age (ref = 18—25 y old)
12—17 y old 0.51 0.40, 0.65
26—34 y old 245 2.16, 2.77
35—-49y old 7.20 6.51, 7.97
50+ y old 24.3 21.7,27.2
Gender (male) 1.12 1.03, 1.21
Race
Hispanic 1.23 1.11,1.37
Non-Hispanic black 143 1.29, 1.60
Non-Hispanic other 1.37 1.21, 1.55
Income (ref < $20,000)
$20,000—$49,000 0.94 0.86, 1.04
$50,000—$74,999 0.86 0.76, 0.97
>$75,000 0.74 0.66, 0.83
Education (ref = less than HS)
High school graduate 0.89 0.80, 1.00
Some college 0.85 0.76, 0.95
College graduate 0.61 0.53, 0.69
County type (ref = large metro)
Small metro 0.93 0.85, 1.03
Nonmetro 1.13 1.02, 1.26
Drug and alcohol use
Marijuana dependence (past yr) 0.84 0.62, 1.14
Dependence on analgesics (past yr) 1.21 0.83, 1.75
Nicotine dependence (NDSS score) 0.97 0.86, 1.09
Alcohol dependence (past yr) 0.81 0.67, 0.97
Sold illegal drugs 0.95 0.87, 1.04
Drug access 117 1.04, 1.32
Other health-related characteristics
Depression (past year) 1.62 141, 1.85
Anxiety (past year) 1.13 0.96, 1.33
Risk propensity (ref = low)
Medium 0.90 0.80, 1.01
High 0.74 0.66, 0.82

Significant odds ratios are in bold.

Table 3
Diabetes prevalence for non-CJ and (] individuals by age and by race/ethnicity

Category Non-CJ—involved CJ-involved OR (95% CI)

Age (% of CJ sample)

12-17 y old (29%) 0.44% 0.73% 1.65 (1.17, 2.26)
1825 y old (48%) 0.71% 0.86% 1.22 (0.96, 1.52)
26-34 y old (11%) 1.61% 1.29% 0.80 (0.54, 1.15)

35—49 y old (10%) 4.74% 5.30% 1.13 (0.91, 1.38)

50+ y old (2%) 13.7% 15.7% 1.17 (0.90, 1.50)
Race/ethnicity (% of CJ sample)

Hispanic (20%) 1.58% 1.50% 0.95 (0.72, 1.23)

Non-Hispanic black (18%) 1.96% 1.97% 1.01 (0.78, 1.29)

Non-Hispanic other (9%) 1.27% 2.35% 1.87 (1.34, 2.57)

Non-Hispanic white (53%)  1.32% 1.49% 1.13 (0.96, 1.33)

are well-placed to shed insight on the population of interest in the
present study [29]. In particular, these trees implicitly model in-
teractions (i.e., subgroup-specific relationships) and thus may lead to
insights beyond what can be learned from a logistic regression alone
[30]. Regression tree results revealed that regardless of whether
participants were CJ-involved or not, the prevalence of diabetes was
high among older participants (i.e., 50 years and older), particularly
black and Hispanic participants. Among the non-CJ—involved,
depression also appeared to be linked to an increased risk of diabetes
among middle-aged, white subjects. In the CJ-involved group, among
those aged 50 years or older, nicotine dependence coupled with
depression elevated the prevalence of diabetes substantially (from
1.79% to 17.19%). Among the CJ-involved who were 50 years and older
but not dependent on nicotine, being Hispanic or black with a me-
dium- to high-risk propensity also was associated with notable in-
creases in the prevalence of diabetes.

Overall, the results suggest some meaningful differences in the
correlates of diabetes among CJ-involved and non-C]J—involved
individuals, which in turn may have important implications for
how this growing medical problem might be addressed among
different subpopulations defined by a history of C] involvement.
Generally speaking, the results suggest a need to more closely align
the research agendas for scholars in both the public health and C]
disciplines. As research in and around this topic continues to amass,
policy initiatives have an opportunity to arise and further galvanize
the efforts to prevent and treat the development of diabetes among
at risk subsets of the population who often have barriers to
affordable, accessible health care.

What should not be understated, of course, is the associational
nature of our study which precludes, at this point, making strong and
direct policy recommendations rooted in some deep sense of whether
(] involvement is causing specific poor health outcomes. What does
seem reasonable given the pattern of findings, however, might be
targeted efforts to encourage adherence to medications on release
from jail or prison, an initiative aided by the fact that key common
generic drugs (such as metformin for diabetes) are often freely, or
cheaply, accessible. Moreover, if adherence among probationers and
parolees were made a priority among probation and parole officials, it
could represent a key financial investment in the health and well-
being of the estimated 4.5 million [31] U.S. probationers and pa-
rolees, operating ultimately to save millions of dollars across the
health care sector otherwise stemming from complications common
in untreated diabetes and psychiatric illness.

Despite the contribution that the present study makes to our
understanding of the correlates and prevalence of diabetes among
an understudied subset of justice-involved individuals, it is not
without its limitations. First, the diabetes diagnosis is 1) likely
dependent on the extent to which an individual has received health
services that would detect diabetes and 2) lacking in terms of the
severity of the symptomatology being manifested with the
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diagnosis. Persons exposed to the CJ system may have greater
screening or access to care than those with similar demographics
but not in the CJ system. Prisons are required to provide medical
care to all inmates, and the Federal Bureau of Prisons recommends
screening inmates for diabetes. However, the frequency of
screening varies widely across correctional facilities, and the extent
to which greater access to care explains the increased prevalence of
diabetes in the CJ group cannot be determined from the data.
Relatedly, someone may have diabetes or prediabetes and not yet
be aware, which is not captured in this measure. Second, data lack
the necessary temporal ordering to make a strong causal inference
with respect to the structure of correlates identified. In conclusion,
our results—while constrained in regards to causal inference—offer
a window onto various correlates of diabetes in both individuals
netted in the CJ system, as well as those who have not been. While
there was some overlap in risk factors across groups, some corre-
lates seemed to be unique to CJ-involved participants. If these re-
sults ultimately replicate, they suggest that public health
campaigns and policy aimed at improving health in the U.S. pop-
ulation may need to be tailored to fit specific risk profiles for CJ-
involved and non-CJ—involved individuals.
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