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Abstract

Objective

There is currently inconclusive evidence regarding the relationship between recidivism and

mental illness. This retrospective study aimed to use rigorous machine learning methods to

understand the unique predictive utility of mental illness for recidivism in a general popula-

tion (i.e.; not only those with mental illness) prison sample in the United States.

Method

Participants were adult men (n = 322) and women (n = 72) who were recruited from three pri-

sons in the Midwest region of the United States. Three model comparisons using Bayesian

correlated t-tests were conducted to understand the incremental predictive utility of mental

illness, substance use, and crime and demographic variables for recidivism prediction.

Three classification statistical algorithms were considered while evaluating model configura-

tions for the t-tests: elastic net logistic regression (GLMnet), k-nearest neighbors (KNN),

and random forests (RF).

Results

Rates of substance use disorders were particularly high in our sample (86.29%). Mental ill-

ness variables and substance use variables did not add predictive utility for recidivism pre-

diction over and above crime and demographic variables. Exploratory analyses comparing

the crime and demographic, substance use, and mental illness feature sets to null models

found that only the crime and demographics model had an increased likelihood of improving

recidivism prediction accuracy.

Conclusions

Despite not finding a direct relationship between mental illness and recidivism, treatment of

mental illness in incarcerated populations is still essential due to the high rates of mental ill-

nesses, the legal imperative, the possibility of decreasing institutional disciplinary burden,
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the opportunity to increase the effectiveness of rehabilitation programs in prison, and the

potential to improve meaningful outcomes beyond recidivism following release.

Introduction

The United States has the most incarcerated people per capita of any nation in the world [1].

Two issues that plague the United States criminal justice system are high recidivism rates and

a disproportionate number of individuals with mental health problems. There is currently

inconclusive evidence regarding the relationship between recidivism and mental illness. It is

imperative to understand this relationship in order to inform policy and interventions to

decrease criminal justice system involvement for individuals with mental illness.

The prevalence rates for most mental illnesses are higher in U.S. prisons than in the general

population [2]. Two million people with mental illness are incarcerated in jails alone each year

[3]. A study by the Bureau of Justice Statistics that surveyed close to 15,000 people in prison

and 7,000 people in jail across the United States reported that 56% of individuals in prison and

65% in jail had a mental health problem [4]. The magnitude of the mental health treatment

need in carceral settings far exceeds the ability of the criminal legal system to provide adequate

treatment.

Recidivism is pervasive among individuals who have been incarcerated. Of the more than

600,000 people are released from state and federal prisons in the United States each year [5].

44% recidivated within the first year of release and over 80% re-offend within 10 years of

release [6] Due to the large numbers of individuals returning to prison, it is critical to under-

stand the factors that contribute to the cycle of crime.

Interest in risk factors for recidivism dates back to the early 20th century [7]. Much research

on recidivism has looked at explanatory models, attempting to uncover the variables that

explain the most variance in recidivism outcomes. In this explanatory approach, two meta-

analyses have reviewed the literature on the most significant correlates of adult recidivism.

Gendreau et al. (1996) included 131 studies with 1141 correlations and found that the strongest

associations with general recidivism were criminal history, antisocial personality, and crimino-

genic needs. The results of the meta-analysis indicated that psychiatric symptomatology did

not correlate with recidivism, though the finding was based on only a few effect sizes. Much of

the early work on predicting outcomes was based on data from Canada, which has very differ-

ent social, demographic and criminal justice processes than the United States. A more recent

follow-up meta-analysis included correlations with adult recidivism from 19 studies in just the

United States. In contrast to the results from Gendreau et al. (1996), Katsiyannis et al found

problematic substance use followed by other mental health issues had the strongest associa-

tions with general recidivism [8].

The divergent results in these two meta-analyses concerning the relevance of mental illness

for recidivism is representative of the larger discrepancy in the literature. Some research has

found no link between mental illness (other than substance use disorders) and recidivism [9–

11]. For example, a study of incarcerated individuals with severe mental illness (SMI), defined

as individuals with psychosis or mood disorders, leaving prison found that psychiatric history

did not predict re-arrest [10]. On the other hand, multiple studies have reported an association

between mental illness and recidivism or reincarceration [12–17]. The presence of psychotic

symptoms has been linked to an increased risk of violent recidivism [13], and a diagnosis of

posttraumatic stress disorder (PTSD) was found to increase the likelihood of a new arrest [16].
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People on parole with mental illness in California were almost twice as likely to recidivate

within a year than those on parole without mental illness [15], and people on parole with SMI

in Utah returned to prison more frequently and almost a full year sooner than those without

mental illness [12]. Individuals on parole with mental illness are also more likely to have served

a prior prison term than those without mental illness [17].

While the literature differs on whether mental illness diagnoses other than substance use

disorders predict recidivism, the link between substance use and recidivism is more consistent

[8,17,18]. A meta-analysis of general and violent recidivism in individuals with mental illness

found that two of the strongest predictors of general recidivism in this population were sub-

stance use and antisocial personality disorder. Other mental health variables were not signifi-

cant predictors [11]. In a sample of more than 14,000 individuals released to parole in

Tennessee, a mental illness diagnosis increased the likelihood of recidivism by 14%. However,

the majority of this relationship was accounted for by substance use disorders [17]. In a sample

of Swiss individuals with mental illness, a substance use disorder was the only mental illness

variable associated with recidivism [19]. Conversely, Sadeh & McNiel (2015) found that a

PTSD diagnosis was associated with recidivism above and beyond a substance use disorder.

Given the large number of variables that are involved in recidivism prediction, it is unsur-

prising that machine learning, an analytic method that can handle high-dimensional predictor

sets, has begun to be applied to this area (e.g., [20–26]. Many of the variables involved in recid-

ivism prediction each account for only a small proportion of the variance in recidivism out-

comes. Machine learning enables the researcher to include all variables in a single model in

order to increase prediction accuracy. Previous studies investigating the relationship between

mental illness and recidivism have utilized only a few predictors, typically grouped diagnoses,

to operationalize the wide array of mental health symptoms [16,17,27]. Machine learning, on

the other hand, provides the opportunity to include a more comprehensive assessment of men-

tal illness.

Machine learning has multiple additional advantages when compared to the general linear

model. Most prior research on the relationship between mental illness and recidivism has used

statistical algorithms that assume the relationship is linear [12,13,15–17]. Due to the complex-

ity of the factors that contribute to recidivism, it is possible that the relationship between men-

tal illness and recidivism is nonlinear. Machine learning uses statistical algorithms that easily

accommodate nonlinear relationships, as well as unanticipated interactions.

In addition, machine learning uses resampling methods like cross-validation to evaluate

model performance in new data, rather than in the same data that were used to estimate the

parameters as is the case with the general linear model. This method increases confidence in

the ability to replicate findings in new samples. Cross-validation also reduces overfitting by

averaging performance estimates across resampled folds, instead of relying on a single estimate

to quantify the relationship between variables.

Only two studies have employed machine learning to understand the relationship between

recidivism and mental illness [19,28]. Both studies were conducted in Switzerland and

included only individuals with severe mental illness. Pflueger et al. (2015) used a (nonlinear)

random forest algorithm to determine the predictive value of mental illness for recidivism in a

sample of individuals with mental illness in Basel, Switzerland. Their sample included 379

individuals with mental illness, 269 of whom were under inpatient treatment order. Results

showed that aside from substance use disorder, no other mental illness variables were signifi-

cantly predictive of recidivism. Kirchebner et al. (2020) used various machine learning algo-

rithms to identify the most important predictor variables of recidivism in their sample of 344

individuals with schizophrenia. In addition to criminal variables, anxiety upon discharge,
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opioid use, and time since last psychiatric inpatient treatment were identified as the most

influential variables predicting recidivism.

The current project is thus the first study to use machine learning to determine the degree

to which mental illness variables and substance use variables predict recidivism in a general

population prison sample in the United States. The goal of this retrospective study was not to

develop a machine learning model that assesses for recidivism risk. Rather, we used rigorous

machine learning methods to answer an explanatory question that has been disputed in the lit-

erature about the predictive utility of mental illness for recidivism. We conducted three model

comparisons to answer this question. The first comparison examined the unique, incremental

predictive utility of mental illness variables and substance use variables controlling for crime

and demographic variables. The second comparison tested the unique value of mental illness

variables, controlling for crime, demographics, and substance use variables. And the third

comparison controlled for crime, demographics, and mental illness variables and examined

the unique predictive utility of substance use. This approach allowed us to parse the predictive

utility of all mental illness variables (above crime and demographic variables) as well as the

unique benefit of mental illness variables other than substance use disorders, providing clarifi-

cation to this disputed topic in the literature.

Methods

Research transparency

This project was inappropriate for preregistration because components of our analysis plan

evolved as we improved understanding of these analytic methods that remain somewhat novel

to our research group. However, we value the principles of research transparency that are fun-

damental to the robustness and replicability of science and took several steps to follow emerg-

ing open science guidelines [29]. Thus, we still aimed to maximize our transparency via several

complementary methods.

First, some decisions were already and irreversibly made such as the available participant

pool from which the current sample is drawn and the collected predictor variables. Second, we

fully describe all measures used as predictor variables, exclusionary criteria for our analysis

sample, and analysis procedures within this paper. We note when we made decisions that

involved researcher degrees of freedom and outline why we selected that option. Critically, our

most important analytic decision–to use the Bayesian correlated t-test–was selected at project

outset during a master’s thesis proposal and never changed. Many researcher degrees of free-

dom were restricted via cross-validation procedures, which can robustly guide analytic deci-

sions. Cross-validation prioritizes out-of-sample prediction such that any internal analytic

decisions that improve model fit in the held-in sample are only valuable to the extent that they

improve prediction in the held-out sample. Finally, we completed a transparency checklist

[30], which appears in S1 Text.

Participants

Participants for the current study were adult men (n = 322) and women (n = 72) who were

recruited from three prisons in the Midwest region of the United States as part of an ongoing,

long-term research project with incarcerated individuals. Participants were included in the

parent research project if they met the following criteria: between the ages of 18 and 55, no his-

tory of a psychotic disorder or bipolar disorder, a fourth grade reading level or above, and a

score of at least 70 on the Wechsler Adult Intelligence Scale-Revised [31]. The first and last

authors had access to identifiable data, which were stored separately.
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Our sample for the current study included all individuals from the parent research project

who provided SCID-5 data, the key data source for mental illness variables at the center of this

project’s research questions. This criterion resulted in a final sample for the present study of

322 individuals incarcerated at a men’s facility and 72 individuals incarcerated at a women’s

facility (total sample: 394 incarcerated adults). In accordance with DSM-5 updates, we shifted

from using the SCID-IV to the SCID-5 in 2017; thus, our sample was recruited between the

years of 2017–2020. Individuals with a history of psychosis and bipolar disorder were excluded

from the parent study due to concerns for safety and competency to consent to research.

Procedure

All procedures were approved by the [location masked] Institutional Review Board. Informed

consent was obtained from all participants before data collection, and each participant was

told that their participation in research was completely voluntary and had no impact on their

incarceration status. Participants were compensated $5/hour for participation, which repre-

sents a higher wage than individuals typically receive for other employment during their incar-

ceration but not so high as to add undue influence to participate in our study.

Participants completed two interview sessions to assess psychiatric symptoms and psychop-

athy. In addition, they filled out a packet of self-report questionnaires designed to address a

variety of research questions associated with the ongoing parent research project; measures rel-

evant to the present study are described below.

Predictor variables

A full list of predictor variables is available in Table 1. Features are divided into four sets:

crime, demographics, substance, and mental illness. For analyses, the crime and demographic

feature sets were paired together.

Crime variables. Crime variables were obtained from a public Department of Corrections

(DOC) database as well as from the Psychopathy Checklist-Revised (PCL-R) [32] interview.

Table 1. Feature set variables.

Feature Set Variables Type of variable

Demographics Age Continuous

Education Ordinal

Ethnicity Categorical

Father’s education Ordinal

GED Dichotomous (yes/no)

Gender Categorical

Mother’s education Ordinal

Race Categorical

Crime 15 types of charges Dichotomous (yes/no)

Charges/arrest under age 18 Dichotomous (yes/no)

Mental illness 28 diagnoses Dichotomous (yes/no)

20 symptom counts* Continuous

Substance use 8 diagnoses** Dichotomous (yes/no)

8 symptom counts Continuous

* The SCID-5 does not contain separate modules for current and lifetime diagnoses for certain disorders, therefore

there is only one symptom count variable for some disorders.

** All substance use diagnoses were lifetime.

https://doi.org/10.1371/journal.pone.0297448.t001
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For the 15 types of offense variables, a trained undergraduate coded what type of offense(s)

each participant was incarcerated for at the time of their interview for the study. The charges

under age 18 variable was obtained from the PCL-R interview.

Demographic variables. Demographic variables were collected during the initial screen-

ing process for the parent research project and included age, education, ethnicity, father’s edu-

cation, GED, mother’s education, and race.

Mental illness variables. All participants completed the Structured Clinical Interview for

the Diagnostic and Statistical Manual of Mental Disorders (SCID-5) [33,34]. Twenty-eight

diagnoses and symptoms counts for each diagnosis were obtained from the SCID-5. We used

the mood disorders, substance use disorders, anxiety disorders, obsessive–compulsive and

related disorders, trauma and stressor-related disorders, and personality disorders modules.

For some diagnoses, such as Panic Disorder, symptom counts were not differentiated between

current and lifetime diagnosis because there are not separate current and lifetime modules.

Therefore, there are current diagnosis and lifetime diagnosis variables for panic disorder, but

only one symptom count. Symptom counts provide a measure of illness or sub-threshold ill-

ness severity.

Substance use variables. Eight substance use disorder diagnoses were obtained from the

SCID-5 interviews. Only lifetime diagnoses were used for substance use, and symptom counts

were obtained for each diagnosis.

Outcome measure

Our outcome measure (recidivism) is defined retrospectively as history of a previous adult

incarceration before the incarceration sentence at the time of the assessments in line with

other research that has defined recidivism similarly [28,35]. History of a previous incarceration

was found through an online public DOC database. Thus, individuals with a history of previ-

ous adult incarceration were classified as positive for our outcome (cases), and individuals

without a history of previous adult incarceration (i.e., for whom the current incarceration at

the time of assessment was their first) were classified as negative for our outcome (controls). In

the current sample, 31.7% of individuals were classified as positive for recidivism.

Analysis strategy

We used the tidymodels framework in R for our analyses. Tidymodels is a collection of multi-

ple packages used for machine learning within the context of the tidyverse [36], another collec-

tion of packages used for data science.

Candidate statistical algorithms. We considered three classification statistical algorithms

while evaluating model configurations: elastic net logistic regression (GLMnet), k-nearest

neighbors (KNN), and random forests (RF). These algorithms differ across many characteris-

tics (e.g., parametric vs. non-parametric, linear vs. non-linear, flexibility, complexity). Consid-

ering this variety of algorithms increases our chances of capturing the true shape of the

relationship among the predictors and outcome. All of these algorithms are well-established

with documented good “out of box” performance [37].

GLMnet algorithm. GLMnet is a regularized version of logistic regression that penalizes

model complexity using a blend of L1 (lasso regression) and L2 (ridge regression) penalties to

shrink (or set to zero) parameter estimates for predictors. Ultimately, only predictors that con-

tribute meaningfully to the model (i.e., whose predictive value offsets the “penalty” of adding a

predictor to the model) are retained with meaningful parameter estimates. We trained candi-

date GLMNet model configurations that differed across sensible values for the hyperpara-

meters penalty (lambda) and mixture (alpha).
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K-nearest neighbors (KNN) algorithm. KNN is a highly flexible algorithm that allows for

nonlinear relationships (including interactions) and decision boundaries. An observation is

classified into an outcome class based on the outcome classes of the k closest observations. We

trained candidate KNN model configurations that differed across sensible values for the hyper-

parameter k.

Random forest (RF) algorithm. RF can also accommodate both nonlinear and interactive

effects of predictors. Through an ensemble of classification and regression trees (CART), a

smaller number of randomly chosen variables are used to create binary decision trees. We

trained candidate RF model configurations that differed across sensible values for the hyper-

parameters mtry and minimum n. All configurations used 900 trees to account for 10-times

the number of variables.

Feature engineering. Feature engineering is the process of creating meaningful numeric

and categorical representations (i.e., features) from raw data to improve model performance.

Feature engineering can include approaches that represent categorical predictors numerically

(e.g., ordinal scoring, dummy coding), and address issues associated with distributional shape

(e.g., Yeo-Johnson transformations for normality). Missing data can be handled via feature

engineering; we used median imputation for continuous features and mode imputation for

categorical features, for features with< 25% missingness (no variables had> 25% missing-

ness). Feature engineering was conducted for each feature set separately to build the best

model for that particular feature set.

Resampling approach. Model configurations were evaluated using 10 repeats of 10-fold

cross validation. In short, 10-fold cross validation splits the data into 10 folds (or groups). The

model is fit or trained on 9 folds and then evaluated on the final held-out fold; this process is

iterated through 10 times until each fold has been used once as the held-out fold. The perfor-

mance estimates from each iteration are averaged for a more stable evaluation of model perfor-

mance in data that were not used to train the model. These estimates are made more stable by

conducting 10 repeats of the 10-fold cross-validation (10 x 10-fold cross-validation), where

10-fold cross-validation is repeated ten times with ten unique splits of the data. The model

configuration, defined as the combination of statistical algorithm and hyperparameter values,

with the best performance averaged across held-out folds was selected as the best model con-

figuration. The best selected model for each predetermined combination of feature sets was

used for model comparisons (see below).

Performance metric. Accuracy, or the proportion of correctly classified cases, was chosen

as the performance metric for our study. Accuracy is considered relatively interpretable com-

pared to other performance metrics and enabled us to answer our question about the relative

increase in predictive accuracy of mental illness variables. We were less concerned about the

types of errors the models made (e.g., false positives vs. false negatives), so a metric that

describes overall performance rather than specific errors was well-suited for our purposes.

Model comparisons. To determine the degree to which the mental illness feature set and

substance use feature set predicted recidivism, we conducted three model comparisons [38].

Each model comparison compared two model configurations that differed with respect to the

feature sets included. Each augmented model included one or more additional sets of features

not included in the corresponding compact model, which allowed us to evaluate the unique

predictive value of the differing (i.e., focal) feature set(s). Specifically, we compared models

with and without mental illness + substance use feature sets, models with and without the

mental illness feature set, and models with and without the substance use feature set (Table 2).

Our 10x10-fold cross validation procedure yielded 100 estimates of performance for each

compact and augmented model. We compared these performance estimates from compact

and augmented models using a Bayesian correlated t-test [38]. The Bayesian correlated t-test
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calculates the posterior probability (the likelihood given our data) that the augmented model

performs better than the compact model for each comparison. In contrast to a frequentist

approach (null hypothesis significance testing), Bayesian approaches provide the posterior

probabilities of alternative hypotheses to allow us to estimate the certainty of our results. The

Bayesian correlated t-test is specifically designed to adjust for non-independence in the data

due to overlapping datasets used during resampling. We display the likelihood that the aug-

mented models performed better than the compact model by plotting the posterior probability

distributions for the parameter estimates of interest (i.e., differences in model performance).

Shapley additive explanations for relative feature importance

We computed Shapley Values [39]to provide a consistent, objective explanation of feature

importance (i.e., contribution to predictions) across our augmented and compact models.

Within each model, Shapley values show relative feature importance of the included features.

We calculated Shapley values from the 100 held-out folds (10 repeats of 10-fold cross-valida-

tion) using the DALEX package in R. We averaged the 10 Shapley values for each participant

for each feature across the 10 repeats to increase stability. To calculate global importance for

categories of features (e.g., cannabis use disorder diagnosis and symptom counts), we added

Shapley values across all features in a category separately for each participant, then averaged

the absolute value of the Shapley values of all features in the category across all participants.

Results

Sample characteristics

Demographic characteristics for our sample, grouped by recidivism status, are reported in

Table 3. Gender identity data were not available for this sample; consequently, gender is

assumed by the gender of the facility. One hundred and twenty-five (31.72%) participants had

a previous adult incarceration, which is consistent with the three-year prison recidivism rate

[40]. Thus, the baseline performance for our models was 68.3%. Compared to the state’s prison

population, Black individuals (27.9%) are underrepresented in our sample [41].

Type of offense by recidivism status is reported in Table 4. Overall, the most common

charge for current incarceration was a sex crime (29.19%), followed by drug (18.78%) and

murder (16.24%) offenses. The overrepresentation of individuals with sex charges is unsurpris-

ing given the presence of a sex offender treatment program at one of the prisons used

for data collection.

Lastly, Table 5 reports the presence of mental illness diagnoses as well as symptom count

distributions by recidivism status. For the purpose of reporting sample characteristics, diagno-

ses were grouped into depressive, anxiety, trauma, personality, and substance use disorders.

Obsessive compulsive disorder was included in the anxiety category. The rate of SUDs was

particularly high in our sample at 86.29% (82.53% for no recidivism and 94.4% for recidivism

classes), even when compared to other incarcerated samples.

Table 2. Model comparisons.

Focal Feature Set(s) Compact Augmented

Mental illness + Substance use Crime, Demographics Crime, Demographics, Substance use, Mental illness

Mental illness Crime, Demographics, Substance use Crime, Demographics, Substance use, Mental illness

Substance use Crime, Demographics, Mental illness Crime, Demographics, Substance use, Mental illness

Note. Crime, Demographics, Substance use, and Mental illness are feature sets. Variables included in each feature set are reported in Table 1.

https://doi.org/10.1371/journal.pone.0297448.t002
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Model comparisons

For each model comparison, the posterior probability that the augmented model performed

better than the compact model, obtained from the Bayesian correlated t-test, is provided.

Greater posterior probabilities (higher percentages) indicate increased likelihood that the focal

feature set(s) improve model performance and thus allow us to test the unique contribution

Table 3. Demographic characteristics by recidivism status.

Variable % (N) or M (SD)
No Recidivism Recidivism Total

Age 33.2 (8.35) 37.3 (8.06) 34.5 (8.47)

Gender

Male 79.55% (214) 86.4% (108) 81.7% (322)

Female 20.45% (55) 13.6% (17) 18.3% (72)

Race

Asian 1.21% (3) .80% (1) 1.02% (4)

Black 25.28% (68) 33.60% (42) 27.90% (110)

Multiracial 7.06% (19) 3.20% (4) 5.84% (23)

Native American 5.20% (14) 3.20% (4) 4.57% (18)

White 61.34% (165) 59.20% (74) 60.70% (239)

Ethnicity

Hispanic/Latino 4.46% (12) 4.80% (6) 4.57% (18)

Non-Hispanic/Latino 95.54% (257) 95.20% (119) 95.4% (376)

Education

Less than high school 29.74% (80) 49.60% (62) 36.04% (142)

High school 47.96% (129) 38.40% (48) 44.92% (177)

More than high school 22.30% (60) 12% (15) 19.04% (75)

https://doi.org/10.1371/journal.pone.0297448.t003

Table 4. Type of offense by recidivism status.

Variable % (N)

No Recidivism Recidivism Total

Arson <1% (2) <1% (1) <1% (3)

Assault 8.55% (23) 11.2% (14) 9.40% (37)

Crimes Against the State 0% (0) 0% (0) 0% (0)

Drug 17.10% (46) 22.4% (28) 18.78% (74)

Escape 10.41% (28) 12% (15) 10.91% (43)

Fraud 2.60% (7) 1.6% (2) 2.28% (9)

Kidnapping 1.86% (5) 3.2% (4) 2.28% (9)

Misdemeanor 4.1% (11) 14.4% (18) 7.36% (29)

Murder 17.47% (47) 13.6% (17) 16.24% (64)

Negligence 8.92% (24) 12.8% (16) 10.15% (40)

Obstruction of Justice 6.32% (17) 8% (10) 6.85% (27)

Possession of Weapon 8.92% (24) 13.6% (17) 10.41% (41)

Robbery 12.64% (34) 10.4% (13) 11.93% (47)

Sex 37.92% (102) 10.4% (13) 29.19% (115)

Theft 12.64% (34) 12% (15) 12.44% (49)

Note. Type of offense reflects the offense of the current incarceration at the time of interview, not of any previous incarcerations. Individuals can have multiple types of

offenses.

https://doi.org/10.1371/journal.pone.0297448.t004
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that the focal feature set(s) made to recidivism prediction. Posterior probabilities for the main

model comparisons are displayed in Fig 1.

As demonstrated in Fig 1A, results showed that there was a 38.76% chance that adding the

mental illness and substance use feature sets in the augmented model increased model accu-

racy above and beyond the crime and demographic feature sets. Fig 1B shows that there was

only a 60.32% chance that adding the mental illness feature set would increase model accuracy

above and beyond the crime, demographic, and substance use feature sets. Fig 1C shows a sim-

ilar result: there was a 53.11% chance that adding the substance use feature set would increase

Table 5. Mental health disorders and symptoms by recidivism status.

Variable % (N) or M (SD)
No Recidivism Recidivism Total

ANX 25.65% (69) 24.8% (31) 25.38% (100)

ANX Symptoms 5.32 (6.35) 4.14 (5.98) 4.94 (6.25)

DEP 42% (113) 35.2% (44) 39.84% (157)

DEP Symptoms 3.14 (3.57) 2.88 (3.43) 3.06 (3.53)

PD 55.76% (150) 56% (70) 55.84% (220)

PD Symptoms 16.7 (13.4) 14.4 (13.1) 16.6 (13.3)

PTSD 36.8% (99) 32% (40) 35.28% (139)

PTSD Symptoms 6.03 (5.88) 6.27 (5.98) 6.11 (5.91)

SUD 82.53% (222) 94.4% (118) 86.29% (340)

SUD Symptoms 10.7 (9.66) 13.0 (9.42) 11.4 (9.63)

Note. ANX = Anxiety Disorder, DEP = Depressive Disorder, PD = Personality Disorder, PTSD = Posttraumatic Stress Disorder, SUD = Substance Use Disorder.

Symptom counts are summed for all disorders within the category. The prevalence of personality disorders was driven by antisocial personality disorder (44.42% of the

sample).

https://doi.org/10.1371/journal.pone.0297448.t005

Fig 1. Posterior probabilities for main model comparisons. The vertical dotted line represents equal performance (i.e., no difference in accuracy) between

the associated augmented and compact model. A) There is a 38.76% chance that adding both the mental illness and substance use feature sets improves model

performance above and beyond the crime and demographic feature sets. B) There is a 60.32% chance that adding the mental illness feature set would improve

model performance above and beyond the crime, demographic, and substance use feature sets. C) There is a 53.11% chance that adding the substance use

feature set would improve model performance above and beyond the crime, demographic, and mental illness feature sets.

https://doi.org/10.1371/journal.pone.0297448.g001
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model accuracy above and beyond the crime, demographic, and mental illness feature sets.

These results indicate that all mental illness and substance use variables as measured in our

study did not add incremental predictive value.

Feature importance

Across the augmented and compact models, four demographic and crime feature categories

(sex crime charge, age, education level, and being charged under the age of 18) emerge consis-

tently as the most important feature categories relative to other features in the model. Three of

these feature categories (sex crime charge, age, and education level) are noticeably more

important than others (i.e., contribute relatively more to predictions). The global importance

(mean absolute values of Shapley values) for feature categories for each model configuration

(Compact Models 1–3, Augmented Model) appears in S1 Fig.

The combination of age emerging as a globally important feature and our retrospective

recidivism definition encouraged us to look more closely at age in our sample. Means and

standard deviations of age for individuals overall and by recidivism status appear in Table 3.

Additionally, density plots of age by recidivism status appear in S2 Fig.

Exploratory analyses

Due to the lack of incremental predictive utility from mental illness and substance use vari-

ables observed in our model comparisons, we conducted exploratory analyses to investigate if

these feature sets had predictive utility when compared to a null model. A null model, also

called a no-information model (e.g., an intercept-only linear model), is created by regressing

the outcome (recidivism) on no predictors, such that only the mean (proportion) of the out-

come variable will influence predictions. These follow-up analyses would clarify whether the

mental illness and substance use feature sets did not have any predictive utility or did not add

incremental predictive utility over and above the crime and demographics feature sets. We

again used Bayesian correlated t-tests to conduct three additional model comparisons: a model

with crime and demographics features vs. a null model; a model with mental illness features vs.

a null model; and a model with substance use features vs. a null model.

Posterior probabilities from these comparisons are displayed in Fig 2. There was a 99.60%

likelihood that including the crime and demographic feature sets increases model accuracy

from a null model, indicating strong signal and clear predictive utility for recidivism (Fig 2A).

There was a 65.70% likelihood that the substance use feature set increased model accuracy

from a null model (Fig 2B). This result indicates that the substance feature set does not reliably

increase predictive utility for recidivism. There was a 28.05% likelihood that including the

mental illness feature set increased model accuracy from the null model (Fig 2C). These results

indicate that the mental illness feature set did not increase predictive utility for recidivism

when compared to a mean-only null model.

Discussion

This was the first study to use machine learning to understand the relationship between mental

illness and recidivism in a general population prison sample in the United States. The results

of three model comparisons concluded that mental illness variables and substance use vari-

ables did not add incremental predictive utility for recidivism prediction over and above crime

and demographic variables. Exploratory analyses comparing the crime and demographic, sub-

stance use, and mental illness feature sets to null models found that only the crime and demo-

graphics model improved recidivism prediction accuracy. Thus, our findings suggest that in a

general population prison sample with no history of bipolar disorder or psychosis, mental
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illness does not predict recidivism on its own and does not improve recidivism prediction

when combined with crime and demographic variables. Our follow-up analyses allowed us to

exclude the possibility that the crime and demographics variables were masking the relation-

ship between mental illness and recidivism due to shared variance. If the mental illness and

crime and demographics variables shared variance, we would have seen stronger predictive

utility of the mental illness and substance use feature sets when compared to a null model. Our

results are in line with prior research that has deemphasized the role of mental illness in recidi-

vism prediction [11,42].

The current project builds upon previous work in multiple ways. First, much prior research

has focused on forensic psychiatric populations or only individuals with severe mental illness

in order to understand the relationship between mental illness and recidivism

[9,10,12,14,19,28]. We used a sample that excluded anyone with a history of psychosis or bipo-

lar disorder in order to understand the impacts of other forms of mental illness such as depres-

sion, anxiety, PTSD, and personality disorders. Prior research has also largely used

administrative data such as intake reports or correctional institution files to characterize men-

tal illness [9,10,12,14,16,43,44]. The current study used a more comprehensive measure of

mental illness, the SCID-5, a structured clinical interview that thoroughly assesses for a wide

variety of diagnoses and allowed us to obtain both categorical diagnoses and continuous symp-

tom counts. Lastly, we used machine learning, a contemporary statistical method that priori-

tizes the generalizability of findings via resampling techniques. Resampling increases

confidence in our findings as it produces many independent assessments of model perfor-

mance in data not used for model development (i.e., “new” data). Machine learning also can

handle high-dimensional predictor sets, which enabled us to include numerous mental illness

variables in our models.

Given the complicated nature of measuring both mental illness and recidivism, we will con-

sider the measurement of these constructs and how they may have impacted our results. We

will conclude with a discussion of the ways mental illness impacts involvement in the legal sys-

tem and how this may be indirectly related to recidivism.

Fig 2. Posterior probabilities for null model comparisons. The vertical dotted line represents equal performance (i.e., no difference in accuracy between the

feature set models vs. the null model). A) There is a 99.60% likelihood that a model with crime and demographic variables increases recidivism prediction from

a null model. B) There is a 65.70% likelihood that a model with substance use variables increases recidivism prediction from a null model. C) There is a 28.05%

likelihood that a model with mental illness variables increases recidivism prediction from a null model.

https://doi.org/10.1371/journal.pone.0297448.g002
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Recidivism

Our outcome measure was retrospective recidivism, not prospective recidivism—meaning

that our models were predicting whether an individual had a prior incarceration in the past,

rather than in the future. As a consequence, older individuals were more likely than younger

participants to be coded positive for recidivism (Table 3 and S2 Fig). Age emerged as a rela-

tively important feature across all model configurations, among several other demographic

and crime features (S1 Fig). This finding supports age as an important feature relative to other

features in the model. However, because age was included in all models, model comparisons

cannot show its unique predictive value. Rather, the model comparisons were considering

whether mental illness variables offered unique predictive value above and beyond demo-

graphic variables such as age. Age has also emerged as an important feature in research pre-

dicting prospective recidivism [8,45].

In addition, while prospective studies have the advantage of prediction of future events,

they, too, are limited in their scope. Typical prospective recidivism studies will use a specified

time frame to recidivism (e.g., 1–3 years) as the outcome measure. This strategy does not cap-

ture those who recidivate after the specified time frame. Although our retrospective study was

less likely to categorize younger individuals as recidivists, and therefore there are likely some

individuals who were coded as negative for recidivism who will go on to recidivate, it was able

to capture a longer time period of recidivism. The current study follows prior research that has

utilized retrospective data as a criminal justice outcome [28,35]. Greenberg & Rosenheck

(2014) found that a substance use diagnosis was a strong risk factor for a previous incarcera-

tion. Using machine learning models in an incarcerated population with schizophrenia, Kirch-

ebner et al. (2020) found that illegal opioid use and anxiety upon discharge were relevant

predictors of criminal recidivism; therefore, a signal from mental illness and substance use

have been found using a retrospective outcome.

There are opponents to the use of recidivism as a measure of “success” after release from

incarceration [46]. Relying on recidivism may lead to incomplete conclusions due to the multi-

tude of ways that personal factors (e.g., race, ethnicity, gender, etc.) intertwine with social fac-

tors (e.g., employment opportunities, neighborhood context, etc.) and lead to return to prison

or jail. So, it is possible that the effect of mental illness on recidivism is far outweighed by fac-

tors like employment and policing, for example, both of which are associated with recidivism

[47,48]. Employment rates after release from prison are dismal. Only 55% of individuals

reported any earnings in the first year post release, and only 20% of those people earned more

than $15,000 [49]. Formerly incarcerated individuals face stigma and background checks that

deem them ineligible for many types of employment. Unemployment and an inability to pro-

vide for oneself or one’s family, as well as an inability to pay necessary legal fees such as parole

fees, may then impact mental illness which can in turn add barriers to finding and maintaining

a job with a steady income [50]. In addition, disproportionate policing in communities of

color, including higher rates of stop-and-frisk for Black and Hispanic/Latino men in particu-

lar, may outweigh the risk for recidivism more than any personal characteristics, such as men-

tal illness [51,52]. The variables in the demographic feature set in the current study only took

into account personal attributes (see Table 1), but not the context in which the individual was

immersed after release.

In sum, recidivism as an outcome variable is inherently limited. Although it is a useful indi-

cator of one type of success after release from incarceration, it may be too simple to measure

without larger social context. We included personal identity factors such as age, race, ethnicity,

and gender in our models, as well as both personal and parental education levels which have

been used as a proxy for socio-economic status [53]. However, we were not able to account for
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social factors such as employment opportunities and neighborhood context that may impact

recidivism directly or indirectly–including by impacting mental illness.

Substance use

It was surprising that the substance use feature set did not increase predictive utility, as the

relationship between substance use and recidivism is widely accepted in the literature [17,18].

However, an overwhelming majority of our sample met criteria for a history of SUD (86%).

The lack of variability therefore may have hidden the impact of substance use. Previous studies

that have found a clear relationship between substance use disorders and recidivism have had

more balance with respect to SUD diagnoses among their participants. For example, 52% of

subjects in Wilson and Wood (2014), 59% in Sadeh and McNeil (2015), and 68% in Walters &

Crawford (2013). Each of these studies utilized DOC files in order to obtain SUD diagnoses,

which likely captured only the most severe cases of SUD. A strength of the current project was

the use of the SCID-5, which provided a more comprehensive assessment of mental illness

including identifying individuals with mild or moderate SUD diagnoses. The contrast between

the lack of predictive utility in our study compared to positive findings in other research that

has relied on DOC files for diagnosis, then, may suggest that only severe SUD at the time of

arrest can predict recidivism.

Additionally, our SCID-5 data did not provide us with a temporally specific estimate of sub-

stance use or other mental illness disorders. For example, a participant who had been in remis-

sion from an opioid use disorder for 10 years prior to their incarceration would be coded the

same (“yes”) as someone who had an opioid use disorder at the time of arrest. One third of

people in prison report that they were under the influence of drugs or alcohol at the time of

their offense [54]. It is possible that with more temporal specificity, we would have replicated

the additive value of substance use features in the prediction of recidivism.

Mental illness beyond substance use

The experience of mental illness symptomatology across diagnoses is dynamic. Static diagnos-

tic measurement may not capture the precision needed to investigate complex relationships,

like the one between recidivism and mental illness. Some researchers have utilized ecological

momentary assessment (EMA), a methodological approach that involves repeated sampling of

symptoms throughout the day, to provide a more in-depth picture of the fluctuations in symp-

tom severity [55,56]. EMA has shown to be more effective than self-report measures for dem-

onstrating clinically meaningful change [56]. In this study, we were interested in whether a

more comprehensive measurement of history of mental illness would increase predictive accu-

racy of recidivism. However, research on the relationship between mental illness and recidi-

vism could benefit from a more temporally precise estimate of mental illness symptomatology

during the period of release between prison sentences. A more temporally precise estimate of

mental illness could also include a record of mental health treatment utilization. Treatment

can significantly alter the course and outcome of both mental health disorders and pre- and

post-release adjustment.

Lastly, although we were able to investigate the relationship between mental illness and

recidivism in a general population sample without history of psychosis or bipolar disorder, it is

possible that we would have found more predictive signal from the mental illness data if indi-

viduals with these severe mental illnesses were included. Prior research demonstrating a rela-

tionship between mental illness and criminal justice outcomes such as recidivism for a new

crime or reincarceration after a parole violation has typically utilized samples with more severe

forms of mental illness including psychotic disorders [12,15,16].
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Mental illness and the legal system

Although the current study does not support the idea that mental illness, excluding psychosis

and bipolar disorder, increases risk for recidivism, it is imperative to understand why mental

health treatment during incarceration is necessary and how it could have an indirect impact

on recidivism. First, the rates of mental illness in our sample were high (Table 5), highlighting

there is critical need for treatment in this population. Also, there are critical human rights,

safety, and rehabilitation concerns for incarcerated people with mental illness. Withholding

adequate medical and mental healthcare from incarcerated individuals was ruled cruel and

unusual punishment by the U.S. Supreme Court [57,58]. Ruiz v. Estelle (1980) mandated that

prisons implement a systemic program for screening and evaluating mental health, required

that treatment consist of more than transfer to segregated housing, and necessitated a suffi-

cient number of trained mental health professionals on staff to treat and identify mental illness.

Although research shows that many institutions offer mental healthcare on a superficial basis

[59], there remains a legal imperative to provide mental health care to incarcerated individuals

who need it. Engagement in treatment with a compassionate clinician is one way that incarcer-

ated individuals can begin to rebuild a sense of personal dignity, which can lead to desistance

from crime once released [60].

Mental illness can also disrupt aspects of the correctional environment. For example, indi-

viduals with mental illness receive more disciplinary infractions than those without mental ill-

ness [61–64]. Individuals with major depression as well as psychosis are more likely to receive

all types of infractions, including those that involve aggression [62]. Those with co-occurring

mental illness and substance use at the time of admission report more variety and number of

infractions when compared to those without co-occurring psychiatric disorders [63]. Infrac-

tions can lead to time in solitary confinement, and placement in solitary confinement increases

the odds of both general and violent recidivism [65].

Mental illnesses such as depression and anxiety may also interfere with the ability to engage

in rehabilitation programs that are aimed at reducing recidivism such as anger management,

substance use treatment, and vocational training. There is evidence that treatment of PTSD

with cognitive behavioral therapy (CBT) is associated with a decrease in anger [66] and that

using CBT for the treatment of depression in those with SUD decreases not only depressive

symptoms but also substance use symptoms [67]. Therefore, treating mental illness could

increase positive outcomes for rehabilitation programs. Given the evidence that engagement

in vocational training during incarceration reduces recidivism and the evidence that unem-

ployment contributes to recidivism, treating mental illness could also be a vital step to improv-

ing employment outcomes [49,68]

Conclusion

Using rigorous machine learning methods that prioritize prediction in new data, the current

study found that mental illness and substance use variables did not add unique predictive util-

ity of recidivism over and above crime and demographic variables. We propose that the higher

rates of SUDs in our sample compared to other incarcerated samples may have hidden the

impact of substance use as a predictor. We also discuss larger structural and systemic issues,

such as difficulty finding employment after release from prison and higher rates of policing in

communities of color, which may supersede the predictive value of individual characteristics

like mental illness diagnoses and symptoms. Despite not finding a direct relationship between

mental illness and recidivism, treatment of mental illness in incarcerated populations is still

essential due to the high rates of mental illness, the legal imperative, the possibility of decreas-

ing institutional disciplinary burden, the opportunity to increase the effectiveness of
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rehabilitation programs in prison, and the potential to improve meaningful outcomes beyond

recidivism following release.
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