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Abstract

In the United States, the use of criminal history information in employment

decision-making is ubiquitous. However, employers’ decision-making about job candi-

dates’ criminal records is often nontransparent and inconsistent, with disproportion-

ate e↵ects on Black and Hispanic Americans. Here, we consider whether statistical

models can improve decision-making about job candidates with criminal records. We

review existing approaches and policy guidance on the use of criminal records in

employment decision-making. Then, using data from seven states from the Crimi-

nal Justice Administrative Records System (CJARS), spanning 1992-2021, we build

a Cox proportional hazards model to predict the risk of recidivism based on a job

candidate’s criminal record. We assess the predictive performance, fairness, and

trans-state portability of this model. We find that our candidate model outperforms

some existing approaches, although challenges remain in the domains of fairness and

usability in practice.
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1 Introduction

Almost a third of Americans have a criminal record [Bushway et al., 2022, Kuhn, 2019]. For

these Americans, the consequences of their o↵ense often extend beyond any court-imposed

penalty, and are especially acute in the job market. Employers are averse to hiring people

with criminal records [Baier, 2020, Stoll and Bushway, 2008, Bushway et al., 2022, Pager,

2003, Agan and Starr, 2017], with between 16-60% of employers reporting that they would

not hire anyone with a criminal record [Cavico et al., 2014, Levashina et al., 2017, Bushway

and Pickett, 2024, Cullen et al., 2023]. For this and other reasons, Americans with criminal

records are more likely to be unemployed than people without records [Couloute and Kopf,

2018].

The consequences of reduced hiring of people with criminal records extend to society

as a whole. Research suggests that employment can reduce the risk of further crime,

particularly for young men [Cavico et al., 2014, Denver et al., 2017]. In a tight labor market,

refusing to consider the 30% of the U.S. population with criminal records further reduces

an already-limited candidate pool [Ferguson, 2024]. By not seriously considering people

with criminal records for good jobs, society leaves a useful labor market largely untapped,

while potentially increasing these individuals’ risk of recidivism (i.e., reo↵ending).

Here, we consider how criminal background information is currently used in U.S. hiring,

and we propose a quantitative framework to assist employers with assessing the recidivism

risk of individuals with criminal records. We focus on four main research questions:

1. How is criminal history information currently used in employment decision-

making? What regulations govern these decisions, what are some examples of risk

assessments currently in use, and what evidence supports these assessments?

2. Can we develop a better recidivism risk assessment for employers? By
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“better,” we mean more accurate, more usable, more transparent, more fair, and

compliant with U.S. federal guidance on the use of criminal history information for

employment decision-making.

3. What are the properties of our recidivism risk assessment? How does it

make predictions, and what kinds of predictions does it generate? How well does it

predict future crime? Is it fair? How does it compare to existing approaches?

4. How might we further improve our recidivism risk assessment? What are

the missing components of this endeavor, in terms of data, methodology, and policy?

Overall, we have several key takeaways. First, we find that the majority of individuals

with criminal records will not reo↵end. This is true even over long periods of follow-up. We

will discuss why other research has found higher rates of recidivism than what we report

here, but we find that most people with criminal records will desist from crime.

Second, it is possible to develop a substantially better recidivism risk assessment for

hiring decisions than the methods that employers typically use, and we have done so here.

Especially when employers use ad-hoc approaches to assess risk, there is greater room for

individual biases and prejudices to drive hiring decisions. Moreover, because we find that

recidivism risk drops more quickly over time and to lower levels than conventional wisdom

would suggest, employers may be more conservative in their recidivism hiring choices than

is warranted. We believe our risk assessment framework is an improvement in terms of

accuracy, transparency, fairness, and legal compliance.

To develop this risk assessment, we make use of the Criminal Justice Administrative

Records System (CJARS), the most comprehensive criminal history data available in the

United States [Finlay and Mueller-Smith, 2022, Finlay et al., 2022], which enables us to

consider conviction data (rather than arrests) and, critically, information on incarceration,
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which much previous research has been unable to do [Bushway and Kalra, 2021, Blumstein

and Nakamura, 2009, Bushway et al., 2022]. Our model is reasonably transparent and

provides uncertainty estimates. And our data enable us to consider model performance with

regards to statistical accuracy, algorithmic fairness, and model portability across states.

But, third: although our recidivism risk assessment improves upon current practice,

more work remains to produce a risk assessment that truly meets the needs and rights

of employers, people with criminal records, and the American public. This future work

primarily falls in the domains of data collection and policy. With regards to data, although

CJARS has undertaken the monumental endeavor of cleaning and harmonizing American

criminal justice data, more work is needed to acquire, check, and clean criminal records

data for recidivism risk assessment. With regards to policy, work remains to clarify how a

quantitative recidivism risk assessment might be used within employment decision-making,

what level of recidivism risk employers should be willing (or legally required) to tolerate

of their employees, and continued work to ensure that employers have access to the crim-

inal records information they are legally allowed and encouraged to consider as part of

hiring—while restricting their access to data they are not allowed to use.

The remainder of the paper is as follows. We will address our first research question

in the next section, which reviews existing policy and approaches for recidivism risk as-

sessment. Then, we will present our approach to quantifying recidivism risk. We will

investigate our model’s performance and properties, answering research questions two and

three. Finally, we will close with a discussion that considers research question four: the

limitations of our work and the missing pieces needed to enable better hiring decisions for

Americans with criminal records.

4



2 Existing Approaches for Employment Recidivism

Risk Assessment

Even as the percentage of Americans with criminal records is the highest in our history,

and the stigma surrounding criminal records severe, it is easier than ever before to access

criminal history information. The United States has an open criminal records system

[Bushway and Kalra, 2021], making it straightforward to access a person’s criminal history,

a process that has accelerated in the digital age [Blumstein and Nakamura, 2009]. Numerous

private companies perform criminal background checks (CBCs) for employers [Stoll and

Bushway, 2008, Smith, 2014], with roughly 90% of employers now using some kind of CBC

prior to hiring [Cavico et al., 2014, Kurlychek et al., 2019, Bushway and Kalra, 2021]. At

the same time, legal requirements for CBCs for particular jobs have rapidly expanded in

the last 40 years [McElhattan, 2022].

In recognition of the enormous impact that having a criminal record can have on em-

ployment outcomes—and the fact that such impacts are particularly acute for Black and

Hispanic Americans, who are much more likely to have a criminal record than White Amer-

icans, for a variety of reasons [Cavico et al., 2014]—the Equal Employment Opportunity

Commission (EEOC) has taken an active stance on regulating the use of criminal record

information in hiring decisions. In their most recent guidance, in 2012, the EEOC listed

factors that employers should consider in their decision, such as the crime type and gravity,

the harm caused by the crime, the number of o↵enses, the length of time since the last of-

fense, the age at o↵ense, the nature of the job, the relevance of the crime to the job sought,

and rehabilitation e↵orts [Equal Employment Opportunity Commission, 2012]. Critically,

they advised employers to only consider convictions—not arrests—because arrests are not
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indicative of guilt and disproportionately burden Black and Hispanic Americans [Cavico

et al., 2014, Neil and Zanger-Tishler, 2025]. They required employers to develop a “nar-

rowly tailored” policy for excluding particular types of criminal records that had to involve

an “individualized assessment.” In further guidance, the EEOC recommended that em-

ployers first undertake a “targeted screen” of job candidates’ criminal records, followed by

an individualized assessment [Equal Employment Opportunity Commission, 2013]. The

decision-making process must be transparent, and applicants who are excluded because of

their criminal history are entitled to know why. As an overarching principle, if the use

of criminal history in employment decision-making has a disparate impact on a protected

category of Americans (which, because of the racialized nature of criminal justice in Amer-

ica, it almost certainly will), then the use of the criminal history information must be job

related and consistent with business necessity, and there must not exist an equally e↵ective

but less discriminatory alternative [Equal Employment Opportunity Commission, 2012,

Jacqueline Ramos, et al., v. Walmart, Inc., 2021]. Informally, the EEOC defines disparate

impact by the “four-fifths rule”: if hiring rates for one protected group (e.g. Black ap-

plicants) under a particular selection criterion are less than four-fifths the hiring rates for

another group (e.g. White applicants), then the selection criterion has disparate impact

[Equal Employment Opportunity Commission, 2023].

In response to this guidance and federal and state legislation, many large employers

have converged to the standardized hiring process shown in Figure 1. Employers assess job

applicants without knowledge of the applicant’s criminal background. After choosing to

issue a conditional job o↵er, employers then request a CBC, which undergoes a targeted

screening process. Applicants who pass the targeted screen receive a finalized job o↵er; ap-

plicants who do not pass the targeted screen receive a letter informing them of the situation
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Figure 1: Schematic representation of the standardized criminal background check process

used for hiring by many U.S. employers. Figure taken from Corporate Coalition of Chicago,

“Hiring Landscape for Justice-Impacted Individuals.”

and requesting more information about their case, which is used to guide the individualized

assessment. In some cases, candidates who do not respond to this letter may immediately

have their o↵er rescinded; others may progress to the individualized assessment despite not

providing additional information. After the individualized assessment, candidates either

receive a finalized job o↵er or the conditional job o↵er is rescinded.

Within this framework, we see a quantitative recidivism risk assessment as fitting most

naturally in the targeted screen step. Individuals who are flagged as higher risk by the tar-

geted screen can then undergo a non-algorithmic individualized assessment. The EEOC’s

guidance provides some constraints and guiding principles for building this targeted screen-

ing model. The factors highlighted by the EEOC (age at conviction, number of convictions,

etc.) can be seen as predictors in the model. That model should not consider information
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on arrests, only on convictions and incarcerations. It also must not consider information

on any protected category, such as race, gender, or nationality. The di↵erential impact of

model predictions for di↵erent Americans (Black or White, men or women, etc.) should

be assessed and quantified, and if another model exists that has equivalently good predic-

tive performance but less di↵erential impact, then that other model should be preferred.

Perhaps such a model should only predict particular types of o↵enses that are relevant to

a given job. The model needs to be interpretable, so that job applicants can check the

results of the model prior to the individualized assessment and understand which elements

of their criminal record are being weighted most heavily.

That, at least, is the EEOC guidance. But in practice, how do employers carry out the

targeted screen? A standard CBC will contain information on lifetime conviction history

and any arrests in the past 7 years [Cavico et al., 2014]. It is not always clear how arrests are

connected to convictions, making it di�cult to tell if an arrest resulted in a conviction or a

ruling of not guilty. Although employers are not supposed to consider arrests that did not

result in a conviction, many do [Kuhn, 2019, Bushway et al., 2022, Levashina et al., 2017].

There is no information on a CBC about incarceration or rehabilitation, making it di�cult

for employers to consider these factors unless they request them of applicants. Because

of heterogeneity in plea bargains, sentencing, and crime classification, people guilty of

identical criminal behavior may have di↵erent records [Kuhn, 2019]. In a survey of human

resource professionals—many of whom had had training on assessing CBCs—many still

reported that they were frequently confused by CBC terminology [Kuhn, 2019].

Those are the data challenges; in statistical terms, the issues caused by the inputs. Even

if we imagined that employers had perfect CBC data, how well would they do at assessing

risk and making decisions? In statistical terms, how’s the model? Human resource profes-
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sionals report a lack of systematic approaches to decision-making about CBCs, usually fa-

voring black box approaches (e.g. employer discretion) unless legal mandates lay out clearly

defined rules [Kuhn, 2019, Bushway and Kalra, 2021]. A cottage industry of companies

has sprung up to assist employers with developing their targeted screenings [APTMetrics,

2024, VeriFirst Background Screening, LLC, 2024, Cisive, 2021, Yardstik, 2024], promising

to “help you identify appropriate job-related criteria for excluding criminal o↵enders from

hire” [APTMetrics, 2024] and o↵ering templates for targeted screening rubrics that can

be tailored by the employer [VeriFirst Background Screening, LLC, 2024]. It is not clear

what percentage of employers use such services or have independently developed their own

formalized targeted screening criteria, but there is evidence that a nontrivial percentage

of employers have no formalized targeted screening, instead making ad-hoc decisions on a

case-by-case basis [Cisive, 2021, Kuhn, 2019, Levashina et al., 2017]. (We refer to this as

the “lawyers in a room” targeted screening approach).

Research suggests that there is major heterogeneity in opinions about which criminal

records should be disqualifying, even for the same job, meaning that screening results may

depend a great deal on which employer (or which lawyer in a room) is carrying out the

screening. For example, in a survey in which reviewers were given a criminal history to

review for a particular job, 20% of reviewers said they would reject the applicant on the

basis of their criminal history, while an additional 30% said that the criminal history posed

no problem “at all” [Kuhn, 2019]. Despite EEOC guidance that employers should consider

crime type and severity, most employers do not appear to do so, when presented with

criminal histories to review [Kuhn, 2019]. They do seem to consider time since last o↵ense,

with most employers gravitating towards a 10 year threshold for su�cient redemption

[Kuhn, 2019].
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Most of the above findings are backed out from hiring surveys, rather than reviewing

the targeted screening approaches directly: targeted screening approaches are rarely made

public, because it exposes the employer to legal risk if it is demonstrated that an equally

e↵ective but less discriminatory alternative exists. Nontransparent, black box approaches

are the norm. (Kurlychek et al. [2019] is a notable exception.) Given this, it is challenging to

identify competitors to which we might compare our model, because most decision-making

approaches are confidential. Instead, we compare our model to some of the criminal history

requirements imposed by law for particular jobs. These requirements bar individuals with

particular types of convictions (usually either felonies or violent o↵enses) within a certain

time window (often 7 or 10 years, or a lifetime ban) [Blumstein and Nakamura, 2009,

Bushway et al., 2022, Kuhn, 2019]. We will compare to approaches of this type.

3 Material and Methods

3.1 Data

Our data come from the Criminal Justice Administrative Records System (CJARS), a

project run by the University of Michigan in partnership with the U.S. Census Bureau.

CJARS’ goal is to obtain, clean, and harmonize U.S. administrative criminal justice records

[Finlay and Mueller-Smith, 2022, Finlay et al., 2022]. Because the criminal justice system

(and its willingness to share its data) varies from state to state, if not county to county,

data quality and availability is not consistent across the United States. At present, CJARS

contains over 3 billion records on 44 million unique individuals across 34 states.

Note that recidivism is a time-to-event outcome, i.e., time to next o↵ense. Therefore, it

is critical to construct a comprehensive criminal history timeline of when a given individual
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experienced convictions and incarcerations. For our analysis, we needed information on

two types of criminal justice interactions: convictions and incarcerations, ideally with long

follow-up. We focus on convictions because convictions, unlike arrests, are more indicative

of engaging in criminal behavior [Neil and Zanger-Tishler, 2025]. This is one reason that

the results we present here may di↵er from previous research that has used arrest as an

endpoint; recidivism rates are lower when the focus is convictions rather than arrests.

We need incarceration information because an individual cannot apply for a job while

incarcerated and thus is not part of our target population; these individuals also are not

truly at-risk of reo↵ending in the typical sense, because they are in prison. Not adjusting

for incarceration time (and thus treating incarcerated individuals as if they were free in

society) risks biasing the estimated recidivism rate downwards, because these individuals

might have reo↵ended if they were not in prison. With the exception of Bushway et al.

[2022], no previous studies to our knowledge have been able to adjust for incarceration when

modeling recidivism risk, which is another reason the results we present here may di↵er

from previous work. Some studies have attempted to address the challenge of incarceration

by only focusing on prison-exit cohorts, but not all convictions result in incarceration, and

thus prison-exit cohorts are a nonrepresentative sample. Therefore, our results will also

di↵er from prison exit-cohort studies.

With those requirements in place (comprehensive conviction and incarceration data

on the whole state, with long follow-up times) we were able to focus on seven states in

CJARS: Arizona, Florida, Minnesota, Oklahoma, North Carolina, Texas, Wisconsin. Years

of follow-up on each state are given in Table 1.
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Table 1: Years of follow-up for each state included in this analysis.

State Years

Arizona 1997-2020

Florida 2005-2021

Minnesota 2009-2021

Oklahoma 2000-2017

North Carolina 2011-2020

Texas 1992-2012

Wisconsin 2000-2019

3.2 Data Processing

Because data construction and quality has a large impact in this setting, we will describe

our data cleaning process, although full details are deferred to Appendix 1. For each of

the seven states, we identified all individuals in the CJARS data who had a conviction in

that state. We then pulled all CJARS records pertaining to this individual (even if the

records were from states outside of our set of seven) to construct a maximally complete

criminal history for them. This gives rise to the first data-based limitation of our analysis:

because CJARS does not have comprehensive data on all 50 states, we are missing records

for individuals who migrated out of CJARS coverage. The rate of out-of-state migration

varies depending on the state, but it is nontrivial [Durose et al., 2015]. We expect out-of-

state migration to bias our recidivism estimates to be lower than they otherwise should be,

because we are missing o↵enses.

CJARS has linked all records from the same individual. However, they have not linked

each incarceration sentence to a given o↵ense; that work is still under development [per-
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sonal communication from Jordan Papp, Project Manager at CJARS, to authors, Dec. 1,

2023]. As a result, the information we obtain for a given individual is one dataset with all

of the convictions in CJARS for that individual, and a second dataset with all of the incar-

cerations in CJARS for that individual. There is no mapping across the two datasets, and

multiple convictions that were handed down for the same criminal episode are not linked,

either. This results in a second challenge of our work: identifying convictions that corre-

spond to the same criminal episode, and linking convictions to incarceration. For grouping

convictions, we used a non-rolling threshold of 30 days: all convictions that fell within a 30

day window were considered to be part of a single episode. For matching incarcerations to

convictions, we mapped the incarceration to the most recent conviction, and assumed that

any intervening time between conviction and reported incarceration start date was spent

in prison. Because CJARS does not include county jail data, we think this is plausible.

We use this information to construct a unified dataset in which individuals have multiple

rows, with each row corresponding to a single crime episode. That row will have information

on how many convictions and which crime types resulted from the crime episode, and

whether any incarceration time was imposed, along with information on the number of

prior convictions, prior crime types, and prior incarceration time. Each row also contains

the length of time spent free-in-society prior to the next o↵ense, with a censoring indicator

for whether another recidivism event was observed during follow-up or not. We restrict to

convictions between the ages of 15-60, because these are prime employment years.

Finally, we need to select a single crime episode per individual. Including all of the

conviction episodes upweights individuals with extensive criminal histories—those with

very high recidivism rates [Neil and Zanger-Tishler, 2025, Bushway et al., 2022]. To obtain

an accurate reflection of recidivism risk among all individuals with convictions, we should
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only include a single record per person. Previous work has randomly sampled a single

record proportional to number of records [Bushway et al., 2022]; here, we take a di↵erent

approach, instead sampling a single record proportional to time spent free in society. For

each individual, we calculate their total time spent free in society from their first o↵ense to

the end of follow-up. We then weight each o↵ense by what proportion of their total time

spent free in society was spent after that o↵ense. In the data we observe that individuals

sometimes go through high crime periods where they may have many criminal episodes

in the space of 2-3 years, usually while young. If we sample proportional to number of

records, we are more likely to sample a conviction during a high crime period, making the

estimated recidivism risk appear higher than it may actually be, considering the perspective

of a potential employer who would be unlikely to encounter an applicant in the short period

of time between multiple rapid convictions. By sampling proportional to time spent free

in society, we address this issue. To our knowledge we are the first to notice this problem,

which is another reason our estimated recidivism rates di↵er from previous work. We direct

interested readers to Supplemental Figure S2, which shows how the choice of sampling

strategy a↵ects estimated recidivism rates in the CJARS data.

After sampling a single criminal episode per individual, we have our final analytic

sample: a single crime episode (row) per individual, with their criminal history up to

that point included as covariates, and with a length of time to next o↵ense and censoring

indicator for whether the next o↵ense was observed prior to end of follow-up. We then split

the sample into training and validation samples.

14



3.3 Model Building

As candidate models, our initial plan was to fit a Cox proportional hazards (PH) model

[Cox, 1972] and a Bayesian Additive Regression Tree (BART) [Chipman et al., 2010, Spara-

pani et al., 2016]. We regarded the Cox model as the interpretable and transparent option,

while we regarded the BART as a benchmark near the upper bound on predictive perfor-

mance. We hypothesized that the Cox model could provide comparable predictive perfor-

mance to the BART, based on work by Liu et al. [2022] and previous research suggesting

that the PH assumption may hold in this setting [Bushway et al., 2022]. We initially fit a

Cox PH and a BART. Both models used the following set of predictors:

• Predictors on age: age at o↵ense or release from prison, age at first conviction

• Information on most recent o↵ense: whether it resulted in any felony convictions,

whether it resulted in any misdemeanor convictions, crime type, how much incarcer-

ation time (if any) was sentenced

• Information on prior criminal record (before most recent o↵ense): number of prior

felonies, number of prior misdemeanors, number of prior convictions in each crime

type category, number of prior incarcerations, total prior incarceration time

Additionally, the Cox PH model used a quadratic term for age and had interactions

between age and whether the most recent o↵ense resulted in a felony conviction, age and

the number of prior felonies, age and the number of prior misdemeanors, and age and the

amount of prior incarceration time. Models were fit separately for each state.

Unfortunately, given the size of our data, we were unable to get the BART to converge

even in a subsample of only n = 30, 000 records of our training data. This is in keeping with

previous work on BART’s convergence in large samples [Sparapani et al., 2021]. Therefore,

15



we switched to using a generalized boosted model (GBM) [Ridgeway, 2024], viewing this

as a frequentist analogue to BART. Based on comparisons of the point estimates from

the non-converged BART to the point estimates of GBM, we think this was a reasonable

substitution. After deciding to switch to GBM, we fit our final GBM and Cox PH models

in the training sample, separately for each state.

3.4 Evaluating Predictive Performance

We then evaluated predictive performance of each model in the validation sample. Note that

in this setting, the predictive quantity of interest is the risk of being convicted (reconviction)

in the next year, conditional on predictors and how many years have passed since the last

o↵ense. Because the GBM and Cox PH models produce estimated survival curves for each

individual, Ŝi(t|Xi) = P̂ r(Ti > t|Xi), we calculated:

Ŝi(⌧+1|Xi, Ti > ⌧) = P̂ r(Ti > ⌧+1|Xi, Ti > ⌧) =
P̂ r(Ti > ⌧ + 1, Ti > ⌧ |Xi)

P̂ r(Ti > ⌧ |Xi)
=

Ŝi(⌧ + 1|Xi)

Ŝi(⌧ |Xi)

where ⌧ = 1, ...,Ms � 1 is a grid of single years ranging from 1 to a year prior to the

last year of follow-up, Ms � 1, in state s, s = AZ, ...,WI. We then calculated the risk as

R̂i(⌧ + 1) = 1 � Ŝi(⌧ + 1|Xi, Ti > ⌧). Individuals with higher values of R̂i(⌧ + 1) are at

greater risk of reconviction within the next year. Additionally, we generated predictions

from our comparison methods: binary 0/1 predictions based on whether the individual had

a felony conviction, a violent o↵ense, or either a felony or violent conviction in the last 10

years. If the individual had a problematic charge within the last 10 years, their value of

R̂i(⌧ + 1) = 1; if not, R̂i(⌧ + 1) = 0.

We used the time-dependent area under the curve (AUC) [Blanche et al., 2013] to

evaluate model discrimination. For each value of ⌧ = 1, ...,Ms�1, we identified individuals

16



in the validation sample with an observed survival time > ⌧ . We then calculated an AUC

for their predicted risk of reconviction within the next year (by ⌧ +1) compared to whether

they were actually convicted by ⌧ + 1. We also examined calibration. For calibration, we

again restricted the validation sample to individuals with an observed survival time > ⌧ .

We calculated a predicted risk of reconviction by ⌧ + 1. We split the sample into deciles

of predicted risk and calculated the mean predicted risk in each decile. We then compared

the mean predicted risk to the observed risk within each decile using a calibration plot.

3.5 Evaluating Algorithmic Fairness

We considered fairness across race/ethnicity and sex. For brevity, we will refer to “race/ethnicity”

as “race” in the remainder of the manuscript. We consider 3 primary race groups: non-

Hispanic White (sometimes abbreviated to “White”), non-Hispanic Black (sometimes ab-

breviated to “Black”), and Hispanic individuals. While CJARS also identifies non-Hispanic

Asian or Pacific Islander, American Indian or Alaska Native, and “Other race/ethnicity”

individuals, sample sizes were small in these groups and resulted in very noisy estimates.

Therefore, our fairness analysis only considers Black, White, and Hispanic individuals. For

analyses by sex, we have male and female as the two options; CJARS does not include infor-

mation on gender. We will use male/men and female/women interchangeably throughout

the text, although we note that we are considering sex, not gender, in this analysis. Both

race and sex are likely determined by an administrator, rather than via self-report.

As our primary metrics of fairness, we calculated race- and sex-stratified AUC and

calibration plots [Cabreros et al., 2023, Corbett-Davies et al., 2023]. In light of the EEOC’s

four-fifths rule, we calculated the independence limited disparate impact [Cabreros et al.,

2023], in which we compared the average value of R̂(⌧) across each race/sex group, to
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estimate the ratio of predictions between groups.

The remainder of our algorithmic fairness analysis was to interrogate any disparities

that we observed. We were concerned about two sources of bias: feature bias and label

bias. Feature bias occurs when predictors in our model have di↵erential e↵ects on the

outcome by race or sex. For example, is the e↵ect of having two previous felonies on

the risk of reconviction di↵erent for Black men than for White men? These di↵erences

could be due to di↵erences in measurement of the predictors or di↵erences in the impact

of the predictor on the outcome. Label bias occurs when the outcome means something

di↵erent for members of di↵erent groups. In our setting, label bias and feature bias are

closely linked, in part because many of the features (predictors such as prior felonies, prior

misdemeanors, prior incarceration time) are just earlier episodes of the labels (outcomes)

being detected. As with feature bias, we worry about label bias if we think that a Black

man’s criminal behavior is more likely to result in conviction than a White man’s equivalent

criminal behavior, or if we think that the rate of false convictions is higher for Black men

than for White men [Grunwald, 2023]. Feature bias is usually fixable; label bias is not [Neil

and Zanger-Tishler, 2025]. As discussed, in our setting we expect feature and label bias to

go hand-in-hand because of the links between our predictors and our outcome.

To assess feature bias, we used an approach from Corbett-Davies et al. [2023] and fit a

Cox PH model in which we regressed time to next o↵ense conditional on the linear predictor

of each candidate model, a main e↵ect of race and sex, and interactions between race/sex

and the linear predictor, to see if there were di↵erential e↵ects of the linear predictor by

race/sex. To further interrogate those di↵erences, we refit our candidate models including

race/sex as predictors, and (in the Cox PH model), interactions between race and sex

and all other predictors [Neil and Zanger-Tishler, 2025, Corbett-Davies et al., 2023]. We
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examined how predictive performance, coe�cient/influence estimates, and risk predictions

changed once race/sex were included in the model, and whether particular predictors were

highly modified by race/sex.

3.6 Evaluating Portability

Finally, we examined state portability. In the model-building, validation, and algorithmic

fairness analyses, we conducted all analyses stratified by state. But a single model that

works at the national level would be of interest to large employers. Having a separate model

for each state is di�cult to explain and justify. Is it feasible to fit one national model?

To answer these questions, we used the state-specific models from three of our seven

states: the model that on average produced the lowest risk predictions (Minnesota), the

highest (North Carolina), and the median (Arizona). We then applied these three models

to generate predictions in the other states, and we looked at how performance shifted, using

the metrics described above. We also fit an unstratified model in our training data that

used equal samples of data from all seven states. We explored the predictive performance

and algorithmic bias of this nonstratified model.

4 Results

4.1 Descriptive Statistics and Estimated Recidivism Rates

Information on sample exclusions and data cleaning are provided in Appendices 1 and 2.

Table 2 gives baseline descriptive statistics on the sample, stratified by state. We note

major di↵erences in some of these characteristics across state. Individuals are younger at

the time of o↵ense in AZ, TX, and WI, and age at first conviction is younger in NC and
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TX than in the other states. Women are a greater share of the data in MN and NC than

in the other states; there are also large shifts in the race distribution in di↵erent states.

Figure 2 provides the estimated recidivism rates over time, stratified by state. Once

again, we note di↵erences in recidivism rates across state, with the seven states split into two

groups of recidivism rates: Texas and North Carolina, which have much higher recidivism

rates, and the other five states, which have reduced recidivism rates. However, even in

Texas and North Carolina, which have higher recidivism rates, we still observe that a

full two-thirds of individuals with a criminal record will not have been reconvicted in the

10 years after their conviction. In the lower risk states (Arizona, Florida, Minnesota,

Oklahoma, Wisconsin), almost 80% of individuals have not been reconvicted 10 years after

their conviction. The vast majority of people with a criminal record will not be reconvicted.

4.2 Final Models

E↵ect estimates from the Cox PH model, stratified by state, are given in Figure 3. Predictor

influence values from the GBM, stratified by state, are shown in Figure 4. Results from

the Cox model were fairly concordant across states. Being younger at the most recent

o↵ense or at first conviction increased the risk of recidivism. Having a felony count on the

most recent conviction also increased the risk of recidivism, as did increasing numbers of

prior convictions. For the GBM, the most influential predictors were age at first conviction

and number of prior convictions. These findings (both the Cox model and GBM) are

in agreement with previous work by Blumstein and Nakamura [2009] and Bushway et al.

[2022] on how particular predictors a↵ect recidivism risk.

Figure 5 shows the median predicted risk and interquartile range (IQR) in each state.

The vast majority of individuals are at low risk of reconviction, with more than half of
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Figure 2: Estimated Kaplan-Meier curves for the risk of recidivism over time in a sample of

n = 9, 509, 250 criminal records from the Criminal Justice Administrative Records System

data (CJARS), stratified by state. Data range from 1992-2021, depending on the state.
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Figure 3: Hazard ratio and 95% confidence interval estimates for predicting recidivism

using a Cox proportional hazards model fit in a training sample of criminal records from

the Criminal Justice Administrative Records System data (CJARS), stratified by state.

Data range from 1992-2021, depending on the state.
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Figure 4: Relative influence of di↵erent characteristics for predicting recidivism using a

generalized boosted model (GBM) fit in a training sample of criminal records from the

Criminal Justice Administrative Records System data (CJARS), stratified by state. Data

range from 1992-2021, depending on the state.
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Figure 5: Median and interquartile range for the predicted recidivism risk as predicted by

a Cox proportional hazards model (Cox) and generalized boosted model (GBM), stratified

by state. Predictions generated on a validation sample of criminal records from the Crim-

inal Justice Administrative Records System data (CJARS). Data range from 1992-2021,

depending on the state.

individuals having < 5% chance of reconviction within the next year, even if it has been

only a year since their most recent conviction. Risk of reconviction decreases as more time

passes since the last conviction. We also note the di↵erent predictions across states: the

lower predicted risks in Minnesota and the much higher predicted risk in North Carolina,

with Arizona falling comfortably in the middle of the seven states.

We are also interested in the uncertainty around these predictions. Information on

prediction interval width is summarized in Supplemental Figure S10. In general, most
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predictions had 0.5-2 percentage points of uncertainty around them. Uncertainty was

greater in Oklahoma and reduced in Arizona, Texas, and Florida—driven by the underlying

sample sizes of the training data in each state.

4.3 Predictive Performance

Results on the AUC and calibration of each model are given in Appendix 3. Predictive

performance was satisfactory for the Cox PH model and GBM. The GBM returned higher

AUC values than the Cox PH model in all states, but these di↵erences were small (e.g.

0.73 vs. 0.70). The GBM and Cox PH models outperformed the felony/violent o↵ense

decision rules at all timepoints. All models had reduced AUC as more time passed since

last o↵ense; after ten years have passed from the last conviction, no model is good, with the

felony/violent o↵ense decision rule exhibiting an AUC of 0.5 (as we would expect, given

the ten year threshold), and the Cox/GBM models around 0.6. This leads to our first

recommendation: while a recidivism risk assessment may be useful up to ten years after

the last conviction, beyond that point it is of less utility and other approaches (such as a

decision that all individuals are su�ciently low risk after ten years as to be safe to hire, or

an individualized screen that considers rehabilitation, employment history, references, and

current financial/family situation) should be preferred. Calibration (Figures S12 and S13)

of both the Cox model and GBM was excellent.

4.4 Algorithmic Fairness

AUC stratified by race and sex is given in Appendix 4. Calibration of the Cox model,

stratified by race and sex, is shown in Figure 6. Di↵erences in AUC and calibration across

race/sex were mostly minimal, but there are notable exceptions. AUC was noisier for
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Hispanic individuals than for non-Hispanic individuals, and more noisy for women relative

to men. This is attributable to the smaller sample sizes in these groups. In several of

the states (although not all), AUC was slightly reduced for Hispanic individuals. For

calibration, model predictions were often pessimistic for Hispanic men and women and

optimistic for Black men.

Information on how well the models perform on the EEOC’s four-fifths rule is shown in

Figure 7. Recall that the EEOC has set an informal rule of thumb that disparate impact

occurs when the chance of being declared safe to hire for a vulnerable group (e.g. Black

applicants) is < 80% the chance of being declared safe to hire for the nonvulnerable group

(e.g. White applicants). We indicate this threshold in the figure, which shows the ratio

of the mean predicted risk for each race/sex group relative to the mean predicted risk

for non-Hispanic White women. Although we consistently see higher predicted risk for

Black and Hispanic individuals than for White individuals, and for men relative to women,

these discrepancies do not surpass the EEOC’s cutpoint for our Cox and GBM models.

However, the use of a 10 year threshold on prior felony convictions violates this guideline

for non-Hispanic Black men in Florida, North Carolina, Texas, and Wisconsin.

To better understand the algorithmic bias in our model, we conducted a series of sen-

sitivity analyses in North Carolina. We focus on North Carolina because it showed some

challenges with algorithmic bias based on the above results, produced higher risk predic-

tions than the other states, and has some of the best data coverage of the seven states.

Those results are given in Appendix 4. We find evidence of lingering racial and sex-based

algorithmic bias in the models we developed. In the model that predicted recidivism using

the linear predictor of our model along with race and sex, we found that the main e↵ects

of and interactions with race and sex were significant.
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Figure 7: Independence limited disparate impact of recidivism predictions from a Cox

proportional hazards model, stratified by state and sex. Models with an independence

limited disparate impact falling below the dashed line at 0.8 indicate that for that group,

the model fails the Equal Employment Opportunity Commission’s rule-of-thumb of no more

than 80% disparate impact for protected groups.
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When we further included race and sex in the Cox model (both as main e↵ects and inter-

acted with the other criminal history predictors), they continued to be significant predictors,

and most of their interactions with other predictors were significant as well, suggesting dif-

ferential e↵ects (feature bias) of our predictors. When we compare the race/sex-stratified

AUC and calibration of the Cox models both with and without race/sex information, we see

that the model including race/sex information o↵ers improved predictive performance for

Hispanic individuals, non-Hispanic Black men, and non-Hispanic White women—although

the improvements in predictive performance for these groups are fairly small.

Taken as a whole, this suggests that criminal history information alone cannot fully

account for di↵erences in recidivism rates by race and sex; we see some evidence of feature

bias, heterogeneous relationships between predictors and outcomes by race and sex, and

di↵erent recidivism hazards by race and sex. However, both the Cox model and GBM o↵er

improvements in algorithmic fairness relative to heuristics such as whether or not a person

committed a felony in the last 10 years.

4.5 Portability

Appendix 5 presents our results on model portability, with information on the AUC, cal-

ibration, and re-ranking of risks when states’ models are applied to other states, or when

a non-state-stratified model is fit. Here we see some cause for optimism. Although models

from di↵erent states do not transfer well, a non-stratified model that uses equal samples

of data from all states o↵ers decent predictive performance in most states. In some states

(Florida, Texas, North Carolina), this non-stratified model provides AUC almost equiv-

alent to the AUC of the state-specific model. Although there are more discrepancies in

calibration, these di↵erences are mostly slight and attenuate as time passes from the most
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recent conviction. Individual’s ranked risks are preserved when a non-state-stratified model

is used instead of a state-specific model. Overall, this suggests that a non-state-stratified

model using equal samples from each state may be a good option for a national-level model.

4.6 Reduced Model

Although not part of our planned analysis, we fit a reduced Cox model that omitted

information on incarceration and crime type. We did so because standard CBCs will not

contain information on incarceration or crime type. We anticipated that employers or

other hiring decision-makers might be interested in a model without these predictors, and

we wanted to assess this reduced model’s performance. Appendix 6 presents the coe�cient

estimates for the reduced model and the AUC and calibration relative to the full Cox model.

Race- and sex-stratified calibration of the reduced model is also shown. We find that the

reduced model’s predictive performance is worse than the full model’s performance, but

di↵erences are modest. The reduced model’s race- and sex-stratified calibration is similar to

the full model’s, suggesting that dropping incarceration/crime type information has little

implication for fairness. Overall, for employers who do not have access to incarceration

and/or crime type information, the reduced model would likely be a good option.

4.7 Key Takeaways

To summarize, we want to highlight several key results:

1. The weighting of multiple criminal records for a given individual has major

implications for estimated recidivism rates. Researchers should think carefully

about the population for which they want to estimate recidivism rates, as this should

guide the recidivism rate calculation. In our setting (recidivism among job-seekers),
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we would recommend sampling a single record proportional to the time spent free in

society. Alternative approaches that include all criminal records for a given individual

or that sample a single record proportional to the total number of records implicitly

upweight records from high-crime periods of an individual’s life. In large part due to

this finding:

2. We find that recidivism rates are lower than previous research has found.

More than two-thirds of individuals with a criminal record will not be reconvicted

within 10 years of their conviction; in some states this figure is as high as 80%.

3. We have built a Cox recidivism prediction model with good predictive per-

formance. Summarizing across states, our model has an AUC of 0.7 for predicting

recidivism in the next year one year post-conviction and 0.65 for predicting recidi-

vism in the next year 5 years post-conviction. Calibration is excellent. Predictive

performance declines as more time passes since the last conviction.

4. Our Cox model exhibits some algorithmic bias. Our model is too pessimistic

when predicting recidivism risk for Hispanic individuals, and too optimistic when

predicting recidivism risk for Black men. We see evidence of race- and sex-based

feature bias for most of the predictors in our model, which likely implies the presence

of race- and sex-based label bias as well. However, our model is still an improvement

with regards to algorithmic bias relative to a no-felony-in-the-last-10-years rule.

5. Our Cox model is portable across the seven states we evaluate here. We

find that a Cox model fit using equal samples of data from each state returns adequate

predictive performance in all of our seven states.

6. A reduced Cox model that does not consider incarceration or crime type
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information still o↵ers adequate predictive performance, although slightly

worse than the full Cox model. Because employers may not have easy access to

incarceration and crime type information, this reduced model may be a good option.

5 Discussion

Our goal in this paper was to develop an accurate, transparent, and fair recidivism risk

assessment to assist employers and hiring managers in their decision-making. Overall, we

recommend the use of the non-state-stratified Cox proportional hazards model we developed

for pre-hiring recidivism risk assessment. We recommend it because based on our review of

existing approaches to this problem, we found that our Cox model is more transparent, more

accurate, and more fair than existing alternatives. We believe that the most natural place

for this model to be used is in the “targeted screening” step of the hiring process. Employers

would run CBC results through a risk assessment based on our guidance, which would

identify which individuals are safe to hire without further checking, and which individuals

should be asked to provide additional information about their criminal record, rehabilitation

e↵orts, and other mitigating factors which would enter into a non-algorithmic individualized

assessment of that person’s suitability for hire.

Our approach to this problem is groundbreaking in several ways. We are the first team

to make use of the Criminal Justice Administrative Records System (CJARS)’s data for

this purpose [Finlay and Mueller-Smith, 2022, Finlay et al., 2022]. These new and exciting

data allowed us to examine recidivism patterns in seven states from the perspective of

employers; with the exception of North Carolina, none of the other six states have ever had

their data used to predict recidivism risk in an employment context [Bushway et al., 2022].

The CJARS data allowed us to use convictions (rather than arrests) and to incorporate
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information on incarceration, which is important and rarely done [Bushway et al., 2022].

Our approach to cleaning the data prior to model-building improves upon the Bushway

et al. [2022] approach to better reflect our primary goal, which is to estimate recidivism

risk for potential job applicants. Because an individual who is convicted of multiple crimes

in short succession is unlikely to apply for jobs in those short periods, we instead use a

time-based sampling approach which gives greater weight to individuals who spent longer

periods in the community. Accordingly, we estimated recidivism rates to be lower than have

historically been reported. Our careful approach to model-building, predictive performance

assessment, and algorithmic bias investigation adds to the literature on risk prediction,

particularly in the criminal justice space [Wang et al., 2023]. Finally, our examination of

the portability of recidivism models across states sheds new light on how recidivism di↵ers

across states [Wang et al., 2023].

We want to highlight some limitations of our model and directions for future work. We

think usability and fairness are the chief limitations of our model. With regards to usability,

our model still has several limitations that would restrict its actual use. First, our model

cannot fix the issues identified in Section 2 with spurious convictions on CBCs or with the

confusing/heterogeneous terminology used on CBC results, which may cause issues with

translating CBC results into the tidy set of predictors we use here. Second, our model

returns a continuous risk prediction ranging from 0-100%. From a statistical perspective,

this is preferable, but from the employer’s perspective, a binary yes/no decision of whether

to clear the applicant for hire or instead flag them for an individualized assessment would

likely be preferred. Alternatively, an approach that presents individuals’ ranked risk relative

to other job candidates may be acceptable. In both cases (binary yes/no or ranked risk),

further work is needed on how to implement such an approach and its implications for
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predictive performance, algorithmic fairness, and portability across states. Third, we were

unable to examine the algorithmic fairness of our model for Asian and Pacific Islander,

American Indian and Alaska Native, and “Other race” individuals due to small sample

sizes in these groups.

We have argued throughout this paper that our model is an improvement over many

common approaches currently in use, but we are not totally satisfied on this point. Further

work is needed to evaluate our model relative to more sophisticated comparison approaches

than the felony-in-last-10-years heuristic that we considered here. It is challenging to find

such comparators because so few of them are made public, but in future work we hope to

either obtain some of these competitor models or to develop more realistic options ourselves.

Nonetheless, we have provided an illuminating assessment of the predictive performance

of a no-felony-in-last-10-years rule, a requirement which is imposed for many jobs by state

legislation. Our findings suggest that such a requirement likely runs afoul of the EEOC’s

guidance on the use of criminal history information in hiring, both because it breaks the

four-fifths rule of thumb for Black men and because its predictive performance is poor.

The EEOC has expressed some concern about formulas and algorithms like the one we

propose here, particularly when applied broadly. However, in the current hiring landscape,

many large employers do use some kind of algorithmic approach for their targeted screen:

the question is to what extent statistics was involved in the development of the algorithm.

Discouraging the use of statistical modeling may encourage the development of algorithms

or rules-of-thumb that reproduce an individual’s or society’s biases and that may reflect

inaccurate assumptions around an individual’s recidivism risk over time. That said, we

agree that further tailoring of our model would likely be needed, perhaps for particular

types of crimes that are of high relevance to the job, and such a model would need to be
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carefully checked and recalibrated to ensure sustained accuracy, fairness, and rigor over

time. As improved algorithmic approaches and data sources are developed, policy-makers

should carefully consider whether encouraging employers to rely on human decision-making

in this area actually produces better outcomes, or whether there could be benefits from

using a system in which fairness can be more rigorously assessed and optimized.

With regards to fairness, our models show some algorithmic bias. Based on our sensi-

tivity analyses, this algorithmic bias is somewhat across-the-board, a↵ecting many of our

predictors in a way that suggests both feature and label bias in this setting. While some

of these problems may be resolved with better data, we think the algorithmic bias that we

observe may reflect the stark reality of how race operates in the United States. Black Amer-

icans are at substantially higher risk of being convicted of crimes [Neil and Zanger-Tishler,

2025], a situation that reflects historic inequities in wealth, access to education and employ-

ment, neighborhood safety and health, policing, and interactions with the criminal justice

system. These societal problems translate into feature bias and label bias in our data, mak-

ing it challenging to accurately assess recidivism risk while restricted to the EEOC’s list of

acceptable predictors. It is striking that our model actually returns optimistic predictions

of recidivism risk for Black men, highlighting that Black men are reconvicted more quickly

than their age and criminal history would suggest, likely due to the social factors we have

just described. In keeping with theoretical findings by Corbett-Davies et al. [2023], we

were able to reduce some of the algorithmic bias in prediction accuracy and calibration by

adjusting for race and sex in our model, because including these predictors captures some

of the confounding e↵ects (wealth, employment, neighborhood, policing) that we listed.

But including predictors like race or sex in a model for employment decision-making would

be obviously unacceptable. There are other approaches for stripping out some of the al-
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gorithmic bias we observe (or constraining it), but as Wang et al. [2023] note, many of

these approaches make the resulting model nontransparent, and may still violate legal

requirements on the use of race/sex in employment decisions.

On this topic, we echo the recommendations of Corbett-Davies et al. [2023], which

is that the best solution may be for policymakers to detach risk assessment from risk-

informed decision-making. Statisticians can develop optimal risk assessments with respect

to accuracy and can quantify the di↵erential impact of those risk assessments. In turn,

policymakers could agree on how to use those risk predictions: perhaps di↵erently for

di↵erent groups, in light of historic inequities, or to achieve particular social priorities.

Despite the lingering algorithmic bias of our model, we would still recommend the use

of the model we developed here, because its algorithmic bias appears reduced relative to

alternatives currently in use, and all decision-makers in this space (human or algorithmic)

would be vulnerable to the challenges with feature and label bias that we document here.

We envision several avenues for future statistical work in this space. Here, we used

simple survival models to predict recidivism, but there are more sophisticated alternatives.

Prior research has suggested that cure models can produce better fits for recidivism, as some

individuals do seem to be “cured” of criminal behavior [Bushway and Kalra, 2021]; this

may be one path to improve upon our current models. Recurrent-event models may o↵er

an elegant approach for using an individual’s complete criminal record trajectory, rather

than having to sample a single criminal episode as we do here. Time-dependent covariates

may be another fruitful direction; we saw some evidence that the use of a time-dependent

covariate to model time since last o↵ense might be appropriate. More broadly, if a dataset

with information on rehabilitation activities or employment history post-conviction became

available, these could also be incorporated as time-dependent covariates, although there
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may be challenges with doing so within the context of a prediction model. It also may be

beneficial to treat this problem as a logistic regression for risk of reconviction within the

next year, fit in successive cohorts of time since last o↵ense. This would be conceptually

similar to what we do here, but may enable the use of approaches like Liu et al. [2022] for

generating transparent risk prediction models. Finally, it may be interesting to explore the

consequences of using conviction as a surrogate for job performance, which is e↵ectively

what employers are doing. Although the EEOC recognizes recidivism risk as a valid concern

unto itself for employers to consider [Equal Employment Opportunity Commission, 2012],

there is no documented relationship between recidivism risk and job performance [Bushway

and Kalra, 2021]. Data on this topic are limited, but if they became available, using

statistical methodology to evaluate reconviction as a surrogate for job performance may

yield interesting results.
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1 Appendix 1: More Information on Data Cleaning

The Criminal Justice Administrative Records System (CJARS) data are maintained in

three sets: the adjudication set (which contains information on all adjudications, which may

or may not have resulted in conviction), the incarceration set (which contains information

on incarcerations), and the demographic set (which contains demographic details on every

person appearing in any CJARS dataset). These three sets are linked across each other by

a common individual-specific identifier.

Data cleaning was carried out separately on each state. On each state, we did as follows:

1. In the demographic set, there are some individuals who appear multiple times but

with di↵ering race/sex/date of birth (DOB) information. Following CJARS guid-

ance, when this occurred we took the modal race/sex/DOB to collapse to a single

demographic record. When there were multiple modes, we randomly selected among

the modes.

2. We restricted the adjudication set to only individuals who had at least one adjudica-

tion in the state of interest (either AZ, FL, MN, NC, OK, TX, WI).

3. We removed adjudications that resulted in the death penalty.

4. We restricted to convictions: we removed adjudications that resulted in acquittal,

not-guilty, or dismissed charges.

5. We removed convictions that were missing date information.

6. Convictions were grouped into criminal episodes using a 30-day threshold, e.g. a

cluster of convictions that all occurred in a single 30-day span was assumed to be

part of a single crime episode. Note that this 30-day threshold was not rolling.

Table S1 gives information on how many convictions were usually grouped under this

threshold.

7. Individuals whose DOB implied that they were younger than 15 or older than 100 at

the time of their criminal episode had their DOB set to missing.

8. On the basis of the cleaned conviction set, we calculated conviction histories: number

of prior o↵enses in various crime categories at the time of each conviction. We also

calculated age at each conviction and age at first conviction.
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9. We restricted the incarceration set to only include individuals who also appeared in

the cleaned conviction set.

10. We removed incarcerations that were missing an entry date or that occurred prior to

a designated start date. (For most states, this start date limit was 1900; in NC, due

to changes in sentencing guidelines and incarceration record-keeping, we only kept

incarcerations that started in 1996 onwards.)

11. Each incarceration was matched to the most recent conviction for a given individual.

Note that in some cases multiple incarcerations were assigned to the same conviction,

usually indicating prison transfer or the start of another sentence. Also note that we

did not limit how much time could pass between the most recent conviction and the

incarceration. Tables S2 and S3 give some information on these issues.

12. Demographic (race, sex, age at conviction) and conviction characteristics (minimum

sentencing time, number of felony convictions, number of misdemeanor convictions,

number of prior felonies, number of prior misdemeanors) were used within a Cox

model to predict incarceration duration. A second Cox model that did not include

demographic information was fit, needed for individuals with missing demographic

information. The median predicted incarceration duration from these models was

used to deterministically impute incarceration exit date for incarcerations that were

missing an exit date (and that were not marked as ongoing by the CJARS records).

13. Convictions that occurred during incarceration were removed from the dataset. These

convictions were retained as part of the individual’s conviction record, but were not

considered for sampling into model training/validation. Incarcerations were then

re-matched to the most recent conviction.

14. Convictions were restricted to a specified date range, given in Table 1 of the main

manuscript. (Convictions falling outside of the date range were retained as part of

the individual’s conviction record, but were not considered for sampling into model

training/validation.)

15. Convictions were restricted to individuals ages 15-60 at the time of conviction.(Convictions

falling outside of the age range were retained as part of the individual’s conviction

record, but were not considered for sampling into model training/validation.)
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Table S1: Information on the number of convictions grouped into each 30-day thresholded

crime episode, stratified by state, using data from the Criminal Justice Administrative

Records System (CJARS).

# Convictions AZ FL MN NC OK TX WI

1 79.9% 76.3% 93.5% 78.0% 74.9% 83.1% 82.4%

2 16.1% 15.5% 5.6% 14.6% 16.0% 14.2% 13.3%

3 2.9% 4.9% 0.7% 4.2% 5.5% 2.1% 3.2%

4 0.7% 1.9% 0.1% 1.8% 2.1% 0.4% 0.8%

5 0.2% 0.8% 0.0% 0.8% 0.8% 0.1% 0.2%

6+ 0.1% 0.6% 0.0% 0.6% 0.6% 0.0% 0.1%

16. A single conviction was sampled per individual, with sampling done proportional to

the individual’s time spent free in society after each conviction. More information on

this choice is given in Figures S1 and S2 and is discussed in the main manuscript.

17. This final dataset is regarded as the cleaned dataset for that state. For each state,

records were randomly assigned to training and validation sets.

Table S1 gives information on the number of convictions that were grouped into a

single crime episode under our 30-day non-rolling threshold. For roughly three-quarters of

individuals across states, their criminal episode was comprised of only a single conviction.

An additional 15% had two convictions making up the crime episode. However, for small

minorities of individuals, a crime episode could involve 3+ convictions. For the most part,

patterns were fairly stable across states, with the notable exception of Minnesota, for which

94% of individuals had a single conviction crime episode.

Table S2 gives information on how many incarcerations were grouped per crime episode.

Of crime episodes that resulted in incarceration time, around 90% involved only a single

incarceration. Note that there is more heterogeneity in the distribution of number of

incarcerations across states than there was for the number of convictions, perhaps due to

di↵erences in state sentencing approaches, prison capacity, and incarceration systems.

Table S3 shows the distribution of how much time lapsed between the most recent

conviction and the start of incarceration (among individuals who were incarcerated for

their o↵ense). We would normally expect relatively little time to lapse between conviction
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Table S2: Information on the number of incarcerations grouped per crime episode (among

crime episodes that resulted in some incarceration), stratified by state, using data from the

Criminal Justice Administrative Records System (CJARS).

# Incarcerations AZ FL MN NC OK TX WI

1 88.9% 94.5% 79.7% 94.8% 94.5% 93.4% 76.7%

2 10.3% 3.7% 14.5% 4.6% 4.1% 4.4% 16.5%

3 0.6% 1.0% 3.7% 0.4% 0.8% 1.2% 4.8%

4+ 0.1% 0.9% 2.0% 0.2% 0.6% 1.0% 2.0%

and the start of incarceration. For some states that is the case, but there is large state-to-

state variability in how much time lapses between conviction and incarceration. We have

some hypotheses about this issue, although none are fully satisfactory. First, CJARS does

not contain information on county jails, and individuals may be being held in county jails

for some time prior to transfer to the state prison system. Second, individuals may be being

convicted in one state and incarcerated in a di↵erent state, and if either the conviction or

incarceration does not occur in the CJARS universe, we may be missing it from our data,

which could also explain the long lags.

Figure S1 shows the distribution of number of criminal episodes per individual. The

vast majority of o↵enders have only a single criminal episode during our follow-up period.

However, there is a long right tail of individuals who have many (15+) criminal episodes

during our follow-up. Adjusting for these individuals is a critical challenge, because includ-

ing all of their criminal episodes in our analysis would upweight these individuals relative

to less-frequent o↵enders.

We considered several appraoches for addressing the issue of multiple criminal episodes

per individual. In previous work, Bushway et al. [2022] randomly sampled a single criminal

episode for each individual, by sampling proportional to the number of records (e.g. if a

person had 3 criminal episodes, each episode would have probability 1/3 of being selected).

However, our data show that individuals go through “high crime” life phases (usually in

their youth) during which time they may have several crime episodes in rapid succession,

but then have long crime-free stretches after that point. Randomly sampling a single record

proportional to the number of records ignores this issue and increases the chances that the

sampled record is from a high-crime period (thus making recidivism rates look higher than
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Table S3: Information on the length of time between most recent conviction and incar-

ceration, stratified by state, using data from the Criminal Justice Administrative Records

System (CJARS).

Time Lag AZ FL MN NC OK TX WI

Same day 19.1% 1.1% 23.1% 26.8% 2.1% 0.3% 0.9%

1-7 days 0.9% 16.2% 31.0% 30.7% 4.4% 6.0% 24.3%

8-14 days 2.9% 30.1% 5.3% 18.6% 11.5% 8.2% 14.8%

15-31 days 20.3% 35.0% 4.2% 15.1% 24.1% 23.2% 12.5%

32-90 days 32.2% 13.0% 8.7% 5.3% 36.4% 42.7% 17.7%

3-6 months 4.4% 1.3% 5.6% 0.6% 11.3% 8.7% 6.6%

6-12 months 5.0% 0.7% 7.5% 1.0% 5.8% 5.9% 6.2%

1+ years 15.2% 2.5% 14.6% 1.9% 4.4% 5.0% 16.9%
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Figure S1: Number of conviction criminal episodes observed per individual in a sample of

n = 9, 509, 250 individuals from the Criminal Justice Administrative Records System data

(CJARS), stratified by state. Data range from 1992-2021, depending on the state.
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Figure S2: Estimated recidivism rate under three di↵erent approaches for sampling criminal

episode records from among multiple records for a given individual, stratified by state, in

a sample of n = 9, 509, 250 individuals from the Criminal Justice Administrative Records

System data (CJARS), stratified by state. Data range from 1992-2021, depending on the

state.

they actually are). Instead, we propose to sample a record proportional to how much time

was spent free in society after that episode, which we think better reflects recidivism risk

among job candidates—as most job candidates will be applying to jobs during a lower-

crime period. As Figure S2 demonstrates, the choice of sampling approach makes a sizable

di↵erence to estimated recidivism rates.
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2 Appendix 2: Sample Construction Flow Charts

Here are flow charts indicating sample exclusions made when constructing each state’s

cleaned dataset.

 

Cleaned demographic data: when multiple records existed for the same individual, took modal responses 

Restricted to individuals who had at least one adjudication in Arizona 

N = 7,112,872 adjudication records 

Removed 0 death or life sentences 

N = 7,112,872 

Removed 4,273,013 non-guilty outcomes 

N = 2,839,859 

Removed 9,798 adjudications missing a date 

N = 2,830,061 

Obtained M = 328,344 incarceration records 

corresponding to offense episodes 

Removed 97 records missing 

incarceration start date and 0 records 

outside of 1900-2020 

M = 328,247 

Re-match offenses to incarcerations; group 

incarcerations by offense episodes. 

Post-matching: N = 2,123,178 

With incarceration: 258,958 

Without incarceration: 1,864,220 

Group convictions into offense episodes using 

one month threshold; calculate cumulatives: 

N = 2,163,573 episodes 

 

Restricted to adjudications 1997-2020: 

N = 1,881,607 

With incarceration: 255,860 

Without incarceration: 1,625,747 

 

Set incarceration exit date to “present” for 

51,131 incarcerations believed to be ongoing. 

Linked incarceration to most recent offense; 

used offense characteristics to impute 

incarceration exit date for 1,798 incarcerations. 

Removed 40,395 offense episodes that 

occurred while in prison: 

N = 2,123,178 

 

Restricted to ages 15-60: 

N = 1,829,666 

With incarceration: 252,549 

Without incarceration: 1,577,117 

 

Restricted to a single record per person, sampling 

randomly from time in society. Final sample: 

N = 988,046 

With incarceration: 121,598 

Without incarceration: 866,448 

 

Figure S3: Sample exclusions to construct the cleaned Arizona dataset.
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Cleaned demographic data: when multiple records existed for the same individual, took modal responses 

Restricted to individuals who had at least one adjudication in Florida 

N =  25,584,550 adjudication records 

Removed 0 death or life sentences 

N = 25,584,550 

Removed 12,084,504 non-guilty outcomes 

N = 13,500,046 

Removed 249,687 adjudications missing a date 

N = 13,250,359 

Obtained M = 1,049,128 incarceration records 

corresponding to offense episodes 

Removed 54 records missing 

incarceration start date; removed 7,741 

records outside of 1900-2021  

M = 1,041,333 

Re-match offenses to incarcerations; group 

incarcerations by offense episodes. 

Post-matching: N = 8,952,455 

With incarceration: 960,822 

Without incarceration: 7,991,633 

Group convictions into offense episodes using 

one month threshold; calculate cumulatives: 

N = 9,038,947 episodes 

 

Restricted to adjudications 2005-2021: 

N = 5,689,828 

With incarceration: 610,117  

Without incarceration: 5,079,711 

 

Set incarceration exit date to “present” for 4,307 

incarcerations believed to be ongoing. 

Linked incarceration to most recent offense; 

used offense characteristics to impute 

incarceration exit date for 83,125 incarcerations. 

Removed 86,492 offense episodes that 

occurred while in prison: 

N = 8,952,455 

 

Restricted to ages 15-60: 

N = 5,511,726 

With incarceration: 598,850  

Without incarceration: 4,912,876 

 

Restricted to a single record per person, sampling 

randomly from time in society. Final sample: 

N = 2,589,547 

With incarceration: 251,854 

Without incarceration: 2,337,693 

 

Figure S4: Sample exclusions to construct the cleaned Florida dataset.
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Cleaned demographic data: when multiple records existed for the same individual, took modal responses 

Restricted to individuals who had at least one adjudication in Minnesota 

N = 1,439,102 adjudication records 

Removed 0 death or life sentences 

N = 1,439,102 

Removed 84 non-guilty outcomes 

N = 1,439,018 

Removed 735 adjudications missing a date 

N = 1,438,283 

Obtained M = 148,578 incarceration records 
corresponding to offense episodes 

Removed 3,668 records missing 
incarceration start date or falling outside 

of 1900-2021  

M = 144,910 

Re-match offenses to incarcerations; group 
incarcerations by offense episodes. 

Post-matching: N = 1,245,326 

With incarceration: 57,933 

Without incarceration: 1,187,393 

Group convictions into offense episodes using 
one month threshold; calculate cumulatives: 

N = 1,270,946 

Restricted to adjudications 2009-2021: 

N = 1,223,935 

With incarceration: 57,896 

Without incarceration: 1,166,039 

 

Set incarceration exit date to “present” for 4,882 
incarcerations believed to be ongoing. 

Set incarceration exit date to “present” for 69 
escapees after 2019. 

Linked incarceration to most recent offense; 
used offense characteristics to impute 

incarceration exit date for 299 incarcerations. 

Removed 25,620 offense episodes that 
occurred while in prison: 

N = 1,245,326 

Restricted to ages 15-60: 

N = 1,180,994 

With incarceration: 57,180 

Without incarceration: 1,123,814 

 

Restricted to a single record per person, sampling 
randomly from time in society. Final sample: 

N = 615,405 

With incarceration: 20,007 

Without incarceration: 595,398 

 

Figure S5: Sample exclusions to construct the cleaned Minnesota dataset.
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Cleaned demographic data: when multiple records existed for the same individual, took modal responses 

Restricted to individuals who had at least one adjudication in North Carolina 

N = 13,648,469 adjudication records 

Removed 1,246 death or life sentences 

N = 13,647,223 

Removed 6,257,924 non-guilty outcomes 

N = 7,389,299 

Removed 190,438 adjudications missing a date 

N = 7,198,861 

Obtained M = 952,707 incarceration records 

corresponding to offense episodes 

Removed 20,154 records missing 

incarceration start date and 378,068 that 

had incarceration start date pre-1/1/1996 

or post-12/31/2020 

M = 554,485 

Re-match offenses to incarcerations; group 

incarcerations by offense episodes. 

Post-matching: N = 4,805,207 

With incarceration: 534,958 

Without incarceration: 4,270,249 

Group convictions into offense episodes using 

one month threshold; calculate cumulatives: 

N = 4,983,389 episodes 

 

Restricted to adjudications 2011-2020: 

N = 2,038,215 

With incarceration: 227,376 

Without incarceration: 1,810,839 

 

Set incarceration exit date to “present” for 

17,342 incarcerations believed to be ongoing. 

Linked incarceration to most recent offense; 

used offense characteristics to impute 

incarceration exit date for 2,069 incarcerations. 

Removed 178,182 offense episodes that 

occurred while in prison: 

N = 4,805,207 

 

Restricted to offenses committed at ages 15-60: 

N = 1,975,288 

With incarceration: 223,753 

Without incarceration: 1,751,535 

 

Restricted to a single record per person, sampling 

randomly from time in society. Final sample: 

N = 935,505 

With incarceration: 91,173 

Without incarceration: 844,332 

 

Figure S6: Sample exclusions to construct the cleaned North Carolina dataset.
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Cleaned demographic data: when multiple records existed for the same individual, took modal responses 

Restricted to individuals who had at least one adjudication in Oklahoma 

N = 3,531,603 adjudication records 

Removed 0 death or life sentences 

N = 3,531,603 

Removed 1,496,048 non-guilty outcomes 

N = 2,035,555 

Removed 164,244 adjudications missing a date 

N = 1,871,311 

Obtained M = 254,686 incarceration records 
corresponding to offense episodes 

Removed 16,155 records missing 
incarceration start date or falling outside 

of 1900-2017 

M = 238,531 

Re-match offenses to incarcerations; group 
incarcerations by offense episodes. 

Post-matching: N = 1,260,151 

With incarceration: 205,610 

Without incarceration: 1,054,541 

Group convictions into offense episodes using 
one month threshold; calculate cumulatives: 

N = 1,324,173 episodes 

 

Restricted to adjudications 2000-2017: 

N = 801,691 

With incarceration: 162,653 

Without incarceration: 639,038 

 

Set incarceration exit date to “present” for 
39,856 incarcerations believed to be ongoing. 

Linked incarceration to most recent offense; 
used offense characteristics to impute 

incarceration exit date for 995 incarcerations. 

Removed 64,022 offense episodes that 
occurred while in prison: 

N = 1,260,151 

 

Restricted to ages 15-60: 

N = 787,183 

With incarceration: 160,526 

Without incarceration: 626,657 

 

Restricted to a single record per person, sampling 
randomly from time in society. Final sample: 

N = 466,987 

With incarceration: 91,626 

Without incarceration: 375,361 

 

Figure S7: Sample exclusions to construct the cleaned Oklahoma dataset.
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Cleaned demographic data: when multiple records existed for the same individual, took modal responses 

Restricted to individuals who had at least one adjudication in Texas 

N = 21,524,883 adjudication records 

Removed 0 death or life sentences 

N = 21,524,883 

Removed 7,426,043 non-guilty outcomes 

N = 14,098,840 

Removed 1,545,999 adjudications missing a date 

N = 12,552,841 

Obtained M = 1,960,165 incarceration records 

corresponding to offense episodes 

Removed 27,156 records missing 

incarceration start date and 487,861 

incarcerations outside of 1900-2012 

M = 1,445,148 

Re-match offenses to incarcerations; group 

incarcerations by offense episodes. 

Post-matching: N = 10,107,310 

With incarceration: 1,247,027 

Without incarceration: 8,860,283 

Group convictions into offense episodes using 

one month threshold; calculate cumulatives: 

N = 10,402,043 episodes 

 

Restricted to adjudications 1992-2012: 

N = 6,695,358 

With incarceration: 1,110,092 

Without incarceration: 5,585,266 

 

Set incarceration exit date to “present” for 

74,136 incarcerations believed to be ongoing. 

Linked incarceration to most recent offense; 

used offense characteristics to impute 

incarceration exit date for 25,867 incarcerations. 

Removed 294,733 offense episodes that 

occurred while in prison: 

N = 10,107,310 

 

Restricted to ages 15-60: 

N = 6,594,628 

With incarceration: 1,099,281 

Without incarceration: 5,495,347 

 

Restricted to a single record per person, sampling 

randomly from time in society. Final sample: 

N = 3,181,495 

With incarceration: 457,429 

Without incarceration: 2,724,066 

 

Figure S8: Sample exclusions to construct the cleaned Texas dataset.
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Cleaned demographic data: when multiple records existed for the same individual, took modal responses 

Restricted to individuals who had at least one adjudication in Wisconsin 

N = 4,289,430 adjudication records 

Removed 0 death or life sentences 

N = 4,289,430 

Removed 1,739,134 non-guilty outcomes 

N = 2,550,296 

Removed 43,727 adjudications missing a date 

N = 2,506,569 

Obtained M = 264,763 incarceration records 

corresponding to offense episodes 

Removed 24 records missing 

incarceration start date and 5,271 

records outside of 1900-2019 

M = 259,468 

Re-match offenses to incarcerations; group 

incarcerations by offense episodes. 

Post-matching: N = 1,869,637 

With incarceration: 193,265 

Without incarceration: 1,676,372 

Group convictions into offense episodes using 

one month threshold; calculate cumulatives: 

N = 1,939,377 

Restricted to free-in-society 2000-2019: 

N = 1,665,568 

With incarceration: 163,739 

Without incarceration: 1,501,829 

 

Set incarceration exit date to “present” for 40 

escapees after 2018. 

Set incarceration exit date to “present” for 

16,055 incarcerations believed to be ongoing. 

Linked incarceration to most recent offense; 

used offense characteristics to impute exit date 

for 1,797 incarcerations. 

Removed 69,740 offense episodes that 

occurred while in prison: 

N = 1,869,637 

Restricted to ages 15-60: 

N = 1,637,733 

With incarceration: 161,946 

Without incarceration: 1,475,787 

 

Restricted to a single record per person, sampling 

randomly from time in society. Final sample: 

N = 732,265 

With incarceration: 73,706 

Without incarceration: 658,559 

 

Figure S9: Sample exclusions to construct the cleaned Wisconsin dataset.
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3 Appendix 3: Additional Results on Predictive Per-

formance
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Figure S10: Median and interquartile range for the confidence interval width around pre-

dicted recidivism risk, as estimated by a Cox model, stratified by state. Predictions gener-

ated on a validation sample of criminal records from the Criminal Justice Administrative

Records System data (CJARS). Data range from 1992-2021, depending on the state.
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Figure S11: Area under the curve (AUC) for each model at a grid of years since conviction,

stratified by state. Models under consideration include a Cox model, a generalized boosted

model (GBM), and heuristics on whether the individual was convicted of a felony, violent

o↵ense, or either a felony or violent o↵ense in the last 10 years. Higher values of the AUC

are better.
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Figure S12: Calibration of a Cox proportional hazards model and generalized boosted

model (GBM) for predicting recidivism one year after the most recent conviction, stratified

by state. Perfect calibration occurs along the 45 degree black line; a model with calibration

further from the 45 degree line is worse calibrated. The top left quadrant indicates that

the model generated risk predictions that were lower than they should have been for the

group (optimism); the bottom right quadrant indicates that risk predictions were higher

than they should have been (pessimism).
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Figure S13: Calibration of a Cox proportional hazards model and generalized boosted model

(GBM) for predicting recidivism five years after the most recent conviction, stratified by

state. Perfect calibration occurs along the 45 degree black line; a model with calibration

further from the 45 degree line is worse calibrated. The top left quadrant indicates that

the model generated risk predictions that were lower than they should have been for the

group (optimism); the bottom right quadrant indicates that risk predictions were higher

than they should have been (pessimism).
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4 Appendix 4: Additional Results on Algorithmic Fair-

ness

Here we present some additional results on algorithmic fairness that could not be presented

in the main manuscript due to space constraints.

Figures S14-S16 show the AUC of each of our candidate models, stratified by race

and sex, to evaluate how predictive performance varies for di↵erent race and sex groups.

Generally, there was more variability in predictive performance across timepoints for women

than for men, particularly Hispanic women (who had relatively small sample sizes in the

CJARS data). However, AUC was fairly comparable across race, sex, and state for all

models under consideration.

Figure S17 and S18 compare the AUC and calibration for the Cox model in North

Carolina, fit both with and without information on race and sex. Under federal guidance,

a model containing race and sex could not be used for hiring decisions; these plots explore

how much predictive performance is harmed by not including race and sex information in

the model. For AUC, including race and sex only slightly a↵ects the AUC, with race and sex

providing improved predictive performance for Hispanic men and women and non-Hispanic

white women. However, it has little e↵ect for non-Hispanic Black men and women and

non-Hispanic White women. For calibration, we see a similar but slightly di↵erent story,

in which including race and sex information largely has no e↵ect, but does o↵er slightly

improved calibration for Hispanic men and women and non-Hispanic Black men.
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Figure S17: Area under the curve (AUC) for a Cox proportional hazards model fit in North

Carolina data that adjusts for race and sex, and a second Cox model fit in North Carolina

data that does not adjust for race and sex, calculated at a grid of years since conviction,

stratified by sex and race. Higher values of the AUC are better. A perfectly fair model

with respect to AUC would produce equivalent AUC for all race and sex groups at each

timepoint.
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Figure S18: Calibration of a Cox proportional hazards model fit in North Carolina data

that adjusts for race and sex, and a second Cox model fit in North Carolina data that

does not adjust for race and sex, stratified by state, sex, and race. Perfect calibration

occurs along the 45 degree black line; a model with calibration further from the 45 degree

line is worse calibrated. A perfectly fair model with respect to calibration would produce

equivalent calibration for all race and sex groups.
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5 Appendix 5: Results on Model Portability

Here we present results on model portability across states. These figures were discussed in

the main manuscript but are presented here due to space constraints.

Figure S19 shows the AUC in each state for 5 di↵erent Cox models: the Cox model

fit using only Arizona data, a Cox model fit using equal samples from all 7 states (jumbo

model), the Cox model fit only using Minnesota data, the Cox model fit using only North

Carolina data, and the Cox model fit using the state’s own data (own model). For all states,

we unsurprisingly note that the model fit using the state’s own data o↵ers the best AUC.

However, for many of the states (Florida, Minnesota, North Carolina, Oklahoma, Texas),

the jumbo model o↵ered decent predictive performance that was only slightly worse than

the state’s own model, suggesting that a jumbo model may be a good option. However, for

Arizona and Wisconsin there were more substantial gaps between the state’s own model

and the jumbo model—in both cases, the Arizona model was a better fit than the jumbo

model, suggesting that something may be distinct about Arizona and Wisconsin relative

to the other 5 states.

Figure S20 and S21 present similar results, but for calibration at 1 and 5 years after the

most recent conviction. For calibration, it is more di�cult to transfer models across states,

and the state’s own model o↵ers the best predictive performance. However, the jumbo

model does provide adequate calibration for Arizona, Florida, North Carolina, Oklahoma,

and Wisconsin. For Minnesota and Texas, the jumbo model generates predictions that

seem consistently more optimistic than they should be (e.g. predicted risk is lower than

observed risk). These issues attenuate somewhat at the 5 year mark after the most recent

conviction.

Figure S22 shows how the jumbo model compares relative to the state’s own model in

terms of ranked risk. Although ranks are changed by the jumbo model, these changes are

generally minor.
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Figure S19: Area under the curve (AUC) for each model at a grid of years since conviction,

stratified by state. Models under consideration include a Cox model fit in Arizona data, a

Cox model fit using equal samples of data from all states (jumbo model), a Cox model fit

in Minnesota data, a Cox model fit in North Carolina data, and a Cox model fit using the

state’s own data. Higher values of the AUC are better.
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Figure S20: Calibration of several models for predicting recidivism one year after the most

recent conviction, stratified by state. Models under consideration include a Cox model fit

in Arizona data, a Cox model fit using equal samples of data from all states (jumbo model),

a Cox model fit in Minnesota data, a Cox model fit in North Carolina data, and a Cox

model fit using the state’s own data. Perfect calibration occurs along the 45 degree black

line; a model with calibration further from the 45 degree line is worse calibrated.

27



WI

OK TX

MN NC

AZ FL

0.000 0.025 0.050 0.075 0.100

0.000 0.025 0.050 0.075 0.100

0.000

0.025

0.050

0.075

0.100

0.000

0.025

0.050

0.075

0.100

0.000

0.025

0.050

0.075

0.100

0.000

0.025

0.050

0.075

0.100

Predicted Risk of Reconviction in Next Year, 
5 Years Post−Conviction

O
bs

er
ve

d 
R

is
k 

of
 R

ec
on

vi
ct

io
n 

in
 N

ex
t Y

ea
r, 

5 
Ye

ar
s 

Po
st
−C

on
vi

ct
io

n

Model AZ Model Jumbo Model MN Model NC Model Own Model

Figure S21: Calibration of several models for predicting recidivism 5 years after the most

recent conviction, stratified by state. Models under consideration include a Cox model fit

in Arizona data, a Cox model fit using equal samples of data from all states (jumbo model),

a Cox model fit in Minnesota data, a Cox model fit in North Carolina data, and a Cox

model fit using the state’s own data. Perfect calibration occurs along the 45 degree black

line; a model with calibration further from the 45 degree line is worse calibrated.
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Figure S22: Comparison of ranked risk between each state’s own Cox model and a Cox

model fit using equal samples of data from all states (jumbo model). Each individual’s

risk was calculated from the two models, then ranked and split into deciles of ranked risk.

Ideally all individuals would fall along the 45 degree diagonal in which risk rank decile does

not change between models.
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Figure S23: Hazard ratio and 95% confidence interval estimates for predicting recidivism

using a Cox proportional hazards model fit using a reduced set of candidate predictors in

a training sample of criminal records from the Criminal Justice Administrative Records

System data (CJARS), stratified by state. Data range from 1992-2021, depending on the

state.

6 Appendix 6: Results on Reduced Model

Finally, we present some results on a reduced Cox model that does not consider incarcer-

ation or crime type information. We fit this reduced model because many employers will

not have access to this information as part of a routine criminal background check, and we

wanted to explore how model performance is a↵ected.

Figure S23 shows the coe�cient estimates for the reduced Cox model. They are

largely unchanged from the coe�cient estimates presented for the full model in the main

manuscript (Figure 2). Figure S24 compares the AUC of the full Cox model to the AUC of

the reduced model. AUC does decrease when incarceration and crime type information are

excluded from the model. Figure S25 compares the calibration of the two models. Finally,

Figure S26 shows the calibration of the reduced model, stratified by race and sex, to see

how removing incarceration/crime type information a↵ects algorithmic fairness.
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Figure S24: Area under the curve (AUC) for each model at a grid of years since conviction,

stratified by state. Models under consideration include a Cox model using the full predictor

set and a Cox model using a reduced set of predictors (no incarceration or crime type

information). Higher values of the AUC are better.
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Figure S25: Calibration of a Cox proportional hazards model fit using the full set of

predictors and a Cox proportional hazards model fit using a reduced set of predictors (no

incarceration or crime type information) for predicting recidivism one year after the most

recent conviction, stratified by state. Perfect calibration occurs along the 45 degree black

line; a model with calibration further from the 45 degree line is worse calibrated. The top

left quadrant indicates that the model generated risk predictions that were lower than they

should have been for the group (optimism); the bottom right quadrant indicates that risk

predictions were higher than they should have been (pessimism).
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