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Bail reform is sweeping the nation and many jurisdictions are looking to pretrial risk assessment as one potential strategy to 
support these efforts. This article summarizes the findings of a systematic review of research examining the predictive valid-
ity of pretrial risk assessments. We reviewed 11 studies (13 publications) examining the predictive validity of six pretrial risk 
assessment instruments reported in the gray and peer-reviewed literature as of December, 2018. Findings typically show good 
to excellent predictive validity. Differences in predictive validity for men and women were mixed and small. When it could 
be examined, predictive validity was generally comparable across racial/ethnic subgroups; however, three comparisons 
revealed notably lower, albeit still fair to good, predictive validity for defendants of color than White defendants. Findings 
suggest that pretrial risk assessments predict pretrial outcomes with acceptable accuracy, but also emphasize the need for 
continued investigation of predictive validity across gender and racial/ethnic subgroups.
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Across the United States, efforts are underway to maximize pretrial release rates while 
minimizing pretrial misconduct, including failure to appear in court and perpetration 

of new crime during the pretrial period. Since 2012, every state in the United States has 
enacted some form of pretrial legal reform (National Conference on State Legislatures, 
2018), with many states implementing pretrial risk assessment instruments as part of these 
efforts. Briefly, pretrial risk assessment instruments are designed to forecast the likelihood 
of failure to appear in court and/or perpetration of new crime during the pretrial period 
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through consideration of items that have been shown in research to be associated with these 
outcomes. In this way, pretrial risk assessment instruments may provide some empirical 
evidence to inform pretrial decisions (Desmarais & Lowder, 2019). A recent scan of pretrial 
practices across the United States found that approximately two thirds of surveyed counties 
reported using a pretrial risk assessment instrument (Pretrial Justice Institute, 2019b). 
Despite their widespread implementation, pretrial risk assessment is the subject of consid-
erable controversy.

Some of the controversy centers on whether pretrial risk assessment instruments are 
inherently biased because they are developed using data that reflect biased policing 
practices that target people of color (Eckhouse et al., 2019; Mayson, 2019). Other cri-
tiques reflect beliefs that pretrial risk assessments cannot predict pretrial outcomes, that 
they increase rates of detention, and that they exacerbate racial biases in pretrial deci-
sion-making (e.g., Barabas et al., 2019; Pretrial Justice Institute, 2020; Scurich & 
Krauss, 2020). Behind these critiques, at least in part, are analyses of risk assessments 
completed using a single instrument in a single jurisdiction, including ProPublica’s anal-
ysis of the Correctional Offender Management Profiling for Alternative Sanctions 
(COMPAS) in Broward County, Florida (Angwin et al., 2016) and a subsequent study 
that concluded COMPAS assessments performed no better than lay persons at predicting 
recidivism (Dressel & Farid, 2018). Although these two particular studies have been 
criticized and rebutted in the academic literature (e.g., Bansak, 2019; Flores et al., 2016; 
Holsinger et al., 2018; Lin et al., 2020), they are among the most prominent sources 
cited in calls to abolish risk assessment instruments from the criminal justice system.

Discussion of racial bias in risk assessment—pretrial or otherwise—often conflates sev-
eral issues (Desmarais & Zottola, in press), a few of which we touch on here. A first issue 
is whether Black and Brown people receive higher risk scores or classifications than White 
people. A second issue is whether Black and Brown people have higher rates of criminal 
behavior than others (actual or as the result of unfair police practices). A third issue is 
whether Black and Brown people are over classified at higher risk levels and under classi-
fied at lower risk levels relative to their actual rates of criminal behavior. It is this third issue 
that speaks to predictive validity. In particular, pretrial risk assessments should be able to 
forecast pretrial outcomes with comparable predictive validity, regardless of the base rate of 
offending (Lowder et al., 2019). To our knowledge, there has been no effort to date that 
examines and compares the predictive validity of pretrial risk assessments as a function of 
race/ethnicity, or gender for that matter, across instruments and outcomes. We sought to 
address this gap.

Pretrial Risk Assessment Instruments

Pretrial risk assessment instruments were designed as a strategy to help overcome some 
of the limitations of human decision-making that may contribute to biased and unfair deci-
sions in the pretrial context (Desmarais & Lowder, 2019). It is well accepted that human 
judgment is influenced by our personal beliefs and that increasing structure can reduce reli-
ance on heuristics in the decision-making process, thereby producing less biased and more 
accurate decisions (Tversky & Kahneman, 1974). Consequently, increasing structure 
through the use of risk assessment instruments may contribute to more accurate and less 
biased pretrial decisions. Indeed, meta-analyses of research conducted over the past 60 
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years show that predictions of future behavior completed using statistical methods produce 
more accurate assessments of future violent and criminal behavior compared with unstruc-
tured human judgments (Ægisdóttir et al., 2006; Grove et al., 2000). While a similar body 
of work does not exist in the pretrial context specifically, findings of these studies suggest 
that we may anticipate such gains in the accuracy of predictions regarding future behavior 
during the pretrial period, as well.

The first pretrial-specific risk assessment instrument, the Vera Point Scale, was created 
and adopted in New York City more than 50 years ago (Ares et al., 1963). Since then, addi-
tional pretrial risk assessment instruments have been introduced, some of which we high-
light here. Several pretrial risk assessment instruments were designed for use in a specific 
state and then adopted by other jurisdictions, such as the Virginia Pretrial Risk Assessment 
Instrument (VPRAI; VanNostrand, 2003) and the Ohio Risk Assessment System-Pretrial 
Assessment Tool (ORAS-PAT; Latessa et al., 2009). Another pretrial risk assessment instru-
ment, the U.S. Federal Pretrial Services Risk Assessment Instrument (PTRA; Lowenkamp 
& Whetzel, 2009), was developed for use with individuals charged with federal offenses. 
Most recently, the Public Safety Assessment (PSA; VanNostrand & Lowenkamp, 2013) was 
created as a publicly available pretrial risk assessment instrument. The PSA is now used 
statewide in Arizona, Kentucky, Utah, Rhode Island, and New Jersey, as well as in major 
cities (e.g., Chicago, Houston, Phoenix, and Los Angeles) and smaller jurisdictions across 
the United States (Laura and John Arnold Foundation, 2020). Many other pretrial risk 
assessment instruments have been developed locally without being implemented as widely 
(Myburgh et al., 2015).

Pretrial risk assessment instruments are primarily comprised of risk factors (i.e., charac-
teristics of a defendant or their environment that may increase likelihood of pretrial failure). 
Pretrial risk assessment instruments also may include protective factors (i.e., characteristics 
that may mitigate the likelihood of pretrial failure; Monahan & Skeem, 2016). Both risk and 
protective factors may be static (i.e., historical or otherwise unchangeable) or dynamic (i.e., 
able to change; Douglas & Skeem, 2005). Pretrial risk assessment instruments typically use 
an actuarial approach; that is, numeric item ratings are weighted and combined into a total 
score that is cross-referenced with a table describing outcome rates or probabilities. In prac-
tice, pretrial risk assessments should be used to inform, but not replace judicial discretion 
(Desmarais & Lowder, 2019). Wisconsin v. Eric Loomis (2016) asserts that scores produced 
by risk assessment instruments may not be the determinative factor in decisions of release.

Predictive Validity of Pretrial Risk Assessments

The landscape of pretrial risk assessment practice and policy has changed dramatically 
in recent years, as jurisdictions across the nation have ramped up their pretrial reform 
efforts (Pretrial Justice Institute, 2019b). Although other fields have experienced long 
delays from research and development of new technologies to adoption in practice (Green 
et al., 2009), the implementation of pretrial risk assessment instruments has outpaced the 
peer-reviewed research in many ways. Peer-reviewed studies examining predictive valid-
ity in the context of pretrial risk assessment are relatively few and far between (Desmarais 
& Lowder, 2019). Instead, the body of research largely reflects the findings of local vali-
dation efforts disseminated in reports to government, nonprofits, and other outlets, includ-
ing mass media. Over the past 10 years, a few systematic reviews and meta-analyses have 
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summarized this work and set the stage for the current review (Bechtel et al., 2011, 2017; 
Mamalian, 2011; Myburgh et al., 2015). In the sections that follow, we briefly review the 
findings of the two meta-analyses, specifically, highlighting the aspects of these efforts 
upon which we seek to expand.

The first meta-analysis was conducted about a decade ago (Bechtel et al., 2011) and 
examined associations of risk factors and risk assessments with pretrial outcomes, 
including failure to appear, re-arrest, new crime, and any pretrial failure (i.e., one or 
more of the individual measures), across 13 studies. In general, the strength of associa-
tion of individual factors with pretrial outcomes was low, but tended to be higher for 
static than dynamic factors. Global estimated effect sizes showed that pretrial risk assess-
ments, in aggregate, demonstrated correlations moderate in size with re-arrest, failure to 
appear, and any pretrial failure, but not with new crime. Predictive validity was not 
reported by instrument. More recently, Bechtel and colleagues (2017) examined correla-
tions between pretrial risk scores and failure to appear, pretrial arrest, or a composite 
measure of pretrial failure across 16 studies of various instruments. Analyses revealed a 
mean effect size representing “fair” validity for failure to appear and “good” validity in 
relation to re-arrest and any pretrial failure. Although the authors reported and compared 
effect sizes for each study, information on predictive validity by instrument was not 
provided.

The findings of the two meta-analytic investigations advanced the scientific literature 
addressing the degree to which pretrial risk assessments, and their components, are associ-
ated with pretrial outcomes; however, gaps remain that merit an updated review and synthe-
sis of the research. First, as noted earlier, the pretrial risk assessment landscape has changed 
in recent years, including the implementation of the PSA in dozens of jurisdictions across 
the United States (VanNostrand & Lowenkamp, 2013). At the time of Bechtel and col-
leagues’ most recent meta-analysis, only one study examining the predictive validity of 
assessments completed using the PSA was available for analysis. Second, these meta-anal-
yses reported results in aggregate across instruments and defendants to present an overall 
state of the science, rather than examining and comparing predictive validity by instrument 
or within specific subgroups. As such, our understanding of the empirical evidence regard-
ing predictive validity of pretrial risk assessments for individual instruments and within 
subgroups of defendants, most notably those defined by race/ethnicity and gender, is lim-
ited. Third, the authors examined correlations, which measure the direction and strength of 
association, but are greatly constrained by base rates.1 Fourth, prior reviews have not exam-
ined validity of pretrial risk assessments in predicting new violent crime, which is arguably 
the most relevant outcome for informing pretrial decisions. In fact, statutes and guidelines 
generally emphasize public safety over flight risk and interpret threat to public safety nar-
rowly as reflecting new violent criminal activity (as opposed to any new criminal activity; 
American Bar Association, 2007; United States v. Salerno, 1987). For these four reasons, a 
re-examination of the empirical evidence is due.

The Current Review

The aims of the current review are to: (a) describe pretrial risk assessment instruments 
used in jurisdictions across the United States; (b) summarize the characteristics of studies 
that have examined their predictive validity; and (c) synthesize findings regarding their 
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validity in predicting failure to appear in court, new criminal activity, new violent criminal 
activity, and technical violations during the pretrial period overall and for subgroups of 
defendants. Our goal is to provide a summary of the empirical evidence regarding predic-
tive validity that not only adds to the scientific literature, but also informs decisions regard-
ing the selection and implementation of a pretrial risk assessment instrument, if any, to 
support pretrial reform efforts.

Method

Review Protocol

We followed the preferred reporting items for systematic review and meta-analysis pro-
tocols (PRISMA-P) statement (Moher et al., 2015), a 17-item checklist to promote transpar-
ent and consistent reporting of our systematic review protocol and findings.

Search Strategy

Identification of Pretrial Risk Assessment Instruments

We identified risk assessment instruments used to predict the likelihood of failure to 
appear in court, new crime involvement, new violent crime involvement, and technical 
violations during the pretrial period. We searched PsycINFO, PsycArticles, Web of Science, 
National Criminal Justice Reference Service Abstracts, ProQuest Dissertation & Theses 
electronic databases, Google Scholar, and Google using all possible combinations of the 
following keywords: “pretrial,” “risk assessment,” “risk assessment instrument,” “risk 
assessment tool,” “failure to appear,” “crime,” “criminal activity,” “bail,” “bond,” and 
“defendant.” We also examined the references of papers, reports, reviews, and online 
resources that we identified through our database searches (Bechtel et al., 2017, 2011; 
Bureau of Justice Assistance, n.d.; Mamalian, 2011; Myburgh et al., 2015; Pretrial Justice 
Institute, 2019a; Summers & Willis, 2010) and consulted with experts in the field. We lim-
ited our search to instruments whose source material (e.g., manual, calibration study) had 
been produced by December 31, 2018. We included instruments if they were: (a) designed 
to predict outcomes during the pretrial period (i.e., failure to appear, new criminal activity, 
new violent criminal activity, and/or technical violation) and (b) used in multiple jurisdic-
tions in the United States. We identified 10 pretrial risk assessment instruments that met 
inclusion criteria:

1.	 Colorado Pretrial Assessment Tool (CPAT; Pretrial Justice Institute, 2012);
2.	 Connecticut Risk Assessment for Pretrial Decision-Making (Connecticut Decision Aid; 

Hedlund et al., 2005);
3.	 Correctional Offender Management Profile for Alternative Sanctions–Pretrial Release Risk 

Scale (COMPAS-PRRS; Dieterich, 2010);
4.	 Florida Pretrial Risk Assessment Instrument (FPRAI; Austin et al., 2011);
5.	 Indiana Risk Assessment System–Pretrial Assessment Tool (IRAS-PAT; Latessa et al., 2013);
6.	 ORAS-PAT (Latessa et al., 2009);
7.	 PSA (VanNostrand & Lowenkamp, 2013);
8.	 U.S. Federal PTRA (Lowenkamp & Whetzel, 2009);
9.	 Vera Point Scale (Ares et al., 1963); and
10.	 VPRAI (VanNostrand, 2003).
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Identification of Predictive Validity Studies

Our next step was to identify studies that examined the predictive validity of these 10 
instruments. We used the same search databases and sources listed above, this time using 
the full names and acronyms of the instruments as keywords. Again, we limited our search 
to studies that had been conducted by December 31, 2018. We included studies if they: (a) 
examined validity in predicting pretrial outcomes (i.e., failure to appear, new criminal activ-
ity, new violent criminal activity, and/or technical violation); (b) were reported in peer-
reviewed journals, dissertations, theses, conference presentations, government or other 
reports available online, or book chapters; and (c) were written in English or a reliable 
translation was available. In the case of overlapping samples, we included unique analyses 
once for each sample. If samples overlapped and the same analytic technique was applied, 
we included the predictive validity estimate from the sample with the most participants.

We conducted our search in January, 2019, which returned an initial total of 1,998,701 
hits. We reviewed 32,398 records2 over the next several months to arrive at a final count of 
11 studies across 13 publications3 (marked with an asterisk in the reference list), including 
three journal articles and 10 government/technical reports (see Figure 1). Predictive validity 
was examined in one study each for COMPAS-PRRS, CPAT, and ORAS-PAT assessments 

Figure 1:	 Results of Systematic Literature Search for Predictive Validity Studies
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and two or more studies each for PSA, PTRA, and VPRAI assessments. Across studies, data 
were collected between 1998 and 2016. The unit of analysis was at the person level for five 
studies, at the case level for four, and unclear for two.4 Our search did not identify any stud-
ies of predictive validity that met our inclusion criteria and reported the necessary informa-
tion for four instruments: the Connecticut Decision Aid, FPRAI, IRAS-PAT, and Vera Point 
Scale. These four instruments are excluded from the remainder of this review.

Data Extraction

Two of members of the research team extracted the following information from each 
study using a standardized data extraction protocol developed for this project (available 
upon request): (a) demographics of the study samples (e.g., sample size, gender, race/eth-
nicity, age) study design characteristics (e.g., study source, tool authorship, duplicate sam-
ple, research or practice context, length of follow-up), and the assessment process (e.g., 
setting, format, assessor, sources of information used to fill out assessment); (b) character-
istics of the risk assessment instruments (e.g., assessment approach, number of items, types 
of items, and predicted outcome); and (c) predictive validity estimates or the information 
needed to calculate them (e.g., frequencies, failure rates) overall and as a function of gender 
and race/ethnicity, when reported. Table 1 provides full details on all variables for which 
data were extracted. There was an acceptable level of interrater reliability (κ = .79) for all 
studies coded by two researchers. We settled coding disagreements through discussion with 
the research team.

We followed the Risk Assessment Guidelines for Evaluation of Efficacy (RAGEE; Singh 
et al., 2015), a 50-item checklist detailing the information that should be included in papers 
reporting on predictive validity of risk assessments, to describe study quality. We elected to 
use the RAGEE over other measures for two reasons. First, the RAGEE was developed and 
validated through a Delphi process and reflects expert consensus regarding information that 
should be reported in papers describing research on the predictive validity of risk assess-
ments (Singh et al., 2015). Second, recent methodological discussions have emphasized 
reporting study design features that may affect the interpretation of findings rather than 
reporting a particular scale value or rating (Hohn et al., 2019; Widman et al., 2020).

Data Analysis

We summarized sample, study design, and instrument characteristics using measures of 
central tendency, when appropriate. We then summarized the item type and content of the 
pretrial risk assessment instruments included in our review. Next, we extracted frequencies 
and predictive validity estimates for total scores and risk levels across instruments, where 
possible. Predictive validity was assessed for failure to appear, new criminal activity, new 
violent criminal activity, and technical violations, as well as combinations of these out-
comes. Extracted estimates included the area under the receiver operating characteristic 
curve (AUC), correlation coefficient (r), the odds ratio (OR), and the Dispersion Index for 
Risk (DIF-R), which were the indices most commonly reported. Briefly, AUC represents 
the probability that a randomly selected defendant who engaged in one of the pretrial out-
comes would have received a higher risk rating than a randomly selected defendant who 
experienced pretrial success; r represents the direction and strength of association between 
risk rating and pretrial failure; OR represents the ratio of the odds of a lower risk rating in 
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those who experienced pretrial success to the odds of a higher risk rating in those who expe-
rienced pretrial failure; and DIF-R represents the extent to which risk classifications pro-
duce reasonably sized groups of defendants with maximally different rates of pretrial failure 
(Silver et al., 2000; Singh, 2013).

We first examined predictive validity of total scores and risk levels by calculating, when 
necessary, and comparing AUC values. The AUC is a suitable metric because its values are 
not influenced by base rates, which are anticipated to differ across groups and studies, to the 
same degree as other effect sizes (e.g., correlations; Smith, 1996). Moreover, AUCs are the 
most commonly reported effect size measure both in studies included herein and in risk 
assessment research more generally (Singh et al., 2013). For three studies, AUC values 
were not reported, but could be calculated from correlations and chi-square values (see Rice 
& Harris, 2005). We imputed missing standard error values from confidence intervals and p 
values (Higgins & Green, 2011). Although DIF-R has gained in popularity as a measure of 
predictive validity, it was only reported in two studies we identified. Furthermore, there are 
no formulae for estimating its standard errors and its values are dependent upon base rates 
and sample size. For these reasons, we excluded DIF-R from further review.

We also examined predictive validity of the risk levels via proportional ORs, which rep-
resents a strategy for pooling and comparing heterogeneous ORs across studies of multiple 
tests that used different cut-offs for response categories (Siadaty & Shu, 2004). Briefly, the 
proportional ORs assume that the effect associated with each dichotomization of an ordered 
categorical variable, such as risk levels, is the same; for example, that the increased likeli-
hood of pretrial failure from low to moderate/high risk is the same as from low/moderate to 
high risk. First, we calculated ORs based upon the risk level, outcome frequencies, and 
sample size data extracted from each study. Second, we collapsed the number of risk levels 
to three (Singh et al., 2011).5 Third, we ran two logistic regressions for each instrument and 
pretrial outcome to examine the assumption of proportionality. In the first logistic regres-
sion we compared risk level 1 (i.e., “low” risk) to Levels 2 and 3 (i.e., “moderate” and 
“high” risk). In the second logistic regression we compared risk Levels 1 and 2 (i.e., “low” 
and “moderate” risk) versus Level 3 (i.e., high “risk”). Visual examination and statistical 
comparison of meta-analyzed ORs for each study and pretrial outcome indicated that the 
assumption of proportionality was met in all cases. For the fourth and final step, we calcu-
lated proportional odds models examining the association between the 3-level risk variables 
for each instrument and each pretrial outcome. (Data and results available upon request.)

When these extraction and computational steps resulted in multiple AUCs or propor-
tional odds for an outcome, instrument, or subgroup of interest, we computed an estimate of 
the average effect size using random effects model (Riley et al., 2011). When multiple effect 
sizes were reported in a study, we averaged the effects at the study level prior to meta-
analysis to remove bias from correlated outcomes (Cooper, 1998). Due to the small number 
of studies, we do not statistically compare AUCs or proportional odds across outcomes, 
instruments, or subgroups. Instead, we describe effect sizes in relation to their practical 
significance, or more accurately, interpretation of the strength of association between the 
pretrial risk assessments and outcomes. Anchored to J. Cohen’s d (1988), AUC values <.55 
were considered poor, .55–.63 fair, .64–.71 good, and .71–1.00 excellent (Rice & Harris, 
2005). Based upon the calculations of Chen and colleagues (2010), proportional ORs <1.50 
were considered poor, 1.50–2.99 fair, 3.00–4.99 good, and 5.00 or greater excellent.
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Results

Characteristics and Content of Instruments

Most instruments were relatively short, ranging in length from seven items in the ORAS-
PAT to 14 items in the COMPAS-PRRS, with an average of 10.17 (SD = 2.64) items per 
instrument. The type and content of items included in the six pretrial risk assessment instru-
ments are summarized in Supplemental Table S1 (available in the online version of this 
article). All instruments were comprised of risk factors, both static and dynamic, to the 
exclusion of protective factors. All instruments included items that represented at least three 
of four possible content domains (i.e., demographic, personal/social, criminal justice, and 
clinical). The COMPAS-PRRS and the PTRA included items across all content domains. 
All instruments included items assessing some form of criminal history, though the opera-
tional definitions varied. The CPAT was the only instrument that did not include an item 
assessing history of failure to appear. Four of the six instruments included items that queried 
employment status; such items were not included in the CPAT or the PSA. In fact, the PSA 
did not include items assessing personal/social or clinical characteristics. The CPAT, ORAS-
PAT, and VPRAI did not include items assessing demographic characteristics.

Study and Sample Characteristics

Aggregate summaries of the characteristics of the studies and samples included in our 
review can be found in Table 1. Further information on each study is available in 
Supplemental Table S2 (available in the online version of this article). Pretrial risk assess-
ments included in our review were completed by professionals, such as pretrial service 
staff, in five studies and by research staff in two studies; in the other four studies it was not 
clear who had completed the assessments. Information used to complete the assessments 
was typically obtained via a combination of review of official or administrative records, 
interviews with defendant, and interviews with others. Most studies were conducted by the 
authors of the pretrial risk assessment instrument under investigation. For four instru-
ments—COMPAS-PRRS, CPAT, ORAS-PAT, and PTRA—all studies were completed by 
an author of the instrument. Only two instruments—PSA and VPRAI—were examined in 
studies completed by researchers who did not create the instrument; however, in both cases, 
the developers of the instrument commissioned the research. In just over one third of the 
studies, assessments were completed as part of routine practice following implementation; 
in the other studies, assessments were completed for the purpose of research (see Table 1).

Three studies used a prospective design, while six studies used a retrospective design; the 
research design was not clearly described in the other two. The average length of follow-up 
was reported in two studies (M = 11.50 months, SD = 0.71). All studies included failure to 
appear and new arrests during the pretrial period as outcome measures; two studies exam-
ined new arrest for a violent crime and five studies included technical violations. The types 
of offenses included in the operational definition of new arrest included felonies or misde-
meanors in four studies; two studies also included traffic offenses. The study of COMPAS-
PRRS assessments (Dieterich, 2010) focused on felony offenses, specifically. Ten studies 
reported frequencies and eight studies reported AUC values, which were the two most fre-
quently reported statistics (see Table 1). Only one type of statistic was reported for the 
COMPAS-PRRS and CPAT assessments: AUC values and frequencies, respectively. Studies 
of the other four instruments reported multiple different statistics. On average, studies 
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Table 1:	 Summary of Assessment, Study, and Sample Characteristics

Characteristic Group Frequency

Assessment process

  Risk assessor Researcher 2

Professional 5

Not reported/unclear 4

  Source of information Official records 5

Interview with defendant 5

Interview with others 1

Not reported/unclear 4

  Assessment format Assessor-completed, computer format 4

Self-administered, format not specified 1

Assessor-administered, format not specified 5

Not reported/unclear 2

  Study context Research 7

Practice/implementation 4

Study characteristics

  Publication typea Journal article 3

Government/technical report 10

  Tool authorship Author of tool was study author 9

Study author was not author of tool 2

  Study jurisdiction Single site/jurisdiction 2

Multisite/jurisdiction 9

  Duplicate or overlapping sample Yes 6

No 5

  Temporal design Prospective 3

Retrospective 6

Not reported/unclear 2

  Length of follow-up in months (k = 2) M (SD) 11.50 (0.71)

  Predictor(s) tested Individual item scores 2

Total scores 7

Subscale scores 1

Risk levels 8

Not reported/unclear 1

  Pretrial failure outcome measured Failure to appear 11

New criminal activity 11

Violent offending 2

Violation or breach of conditions 5

  Source of outcome data Official records 5

Not reported/unclear 6

  Statistics reported Frequencies 10

Correlations 4

Chi square 2

Odds ratios 3

AUC 8

DIF-R 2

  RAGEE items reported (of 50 items) M (SD) 25.00 (4.78)

Sample characteristics

  Sample characteristics calculated on Full sample, no attrition 6

Final sample, after attrition 2

Not reported/unclear 3

  Sample size at assessment (k = 11) M (SD) 61,229.09 (79,563.05)

  Male defendants (k = 9) M (SD) 30,189.64 (39,676.04)

  White defendants (k = 9) M (SD) 28,581.60 (44,853.75)

  Black defendants (k = 8) M (SD) 10,660.40 (10,477.57)

  Latinx defendants (k = 4)b M (SD) 5,596.08 (9,687.37)

  Other race defendants (k = 9)c M (SD) 1,615.40 (2,266.47)

  Age (in years) at assessment (k = 6) M (SD) 33.22 (2.39)

Note. Some category counts add to more than 11 studies because some categories are not mutually exclusive. AUC = area 
under the receiver operating characteristic curve; DIF-R = Dispersion Index for Risk; RAGEE = Risk Assessment Guidelines for 
Evaluation of Efficacy; ORAS-PAT = Ohio Risk Assessment System–Pretrial Assessment Tool; VPRAI = Virginia Pretrial Risk 
Assessment Instrument.
aThere are 13 publication types because we drew information from a peer-reviewed paper and a technical report that reported 
on the same study for the ORAS-PAT, and the results for one of the VPRAI studies was published across two separate technical 
reports. bIn most studies, race/ethnicity were recorded in one variable; race and ethnicity were coded separately in just one study. 
cIncludes Asian, Native American, Pacific Islander, unidentified races, and in one study, Black defendants.
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reported information for 25 of the 50 RAGEE items, ranging from a low of 20 items for 
studies of PSA (VanNostrand & Lowenkamp, 2013) and PTRA (Lowenkamp & Whetzel, 
2009) assessments to a high of 34 items for studies of ORAS-PAT (Latessa et al., 2009) and 
PTRA (Cohen & Lowenkamp, 2019) assessments.

Across studies, the average analytic sample size was 55,431 (SD = 73,376.63; range = 
452–200,583). When reported, the mean defendant age was 33.22 years (SD = 2.39) and 
the majority of defendants (74.8%) were male. For studies in which information on race/
ethnicity was reported, just over half of the assessments were completed on White defen-
dants (59.1%) and close to one third on Black defendants (31.1%), with 15.4% completed 
on defendants identified as Latinx6 (see Table 1). Outcomes were reported within subsam-
ples for three instruments across four studies: PSAs by gender and race (DeMichele et al., 
2018); PTRA by gender, race, and ethnicity (Cohen & Lowenkamp, 2019); and VPRAI 
assessments by gender, race, and income (Danner et al., 2015, 2016; VanNostrand, 2003).

Predictive Validity

Table 2 presents the AUC values for total and subscale scores predicting pretrial out-
comes. AUC values were reported or could be calculated for pretrial risk assessments com-
pleted using four instruments: the ORAS-PAT, PSA, PTRA, and VPRAI. Generally 
speaking, only one AUC value was available for each instrument and outcome, with the 
exception of the PTRA (see Table 2). Across instruments and outcomes, predictive validity 
was typically good, and sometimes excellent. AUC values ranged from .644 for VPRAI 
assessments predicting the combined measure of new criminal activity, failure to appear, 
and/or technical violations to .730 for PTRA predicting technical violations (see Table 2). 
PTRA demonstrated the highest AUC values across all outcomes.

AUC values for total and subscale scores within subgroups defined by gender and race/
ethnicity were provided for PSA and PTRA assessments predicting new criminal activity 
and new violent criminal activity, as well as for PSAs predicting failure to appear. On the 
whole, predictive validity was comparable across subgroups; even when AUC values dif-
fered slightly between groups, they were still indicative of good predictive validity. For 
instance, AUC values for PSAs were slightly higher for men but still good for women in the 
prediction of new criminal activity (men = .653 vs. women = .637), whereas the opposite 
was true for PTRAs (men = .670 vs. women = .690). As another example, AUC values for 
PSAs were slightly higher for defendants of color but still good for White defendants in the 
prediction of new criminal activity (defendants of color = .659 vs. White defendants = 
.647), while the opposite was true for PTRAs (defendants of color = .663 vs. White defen-
dants = .675). There were two instances in which the AUC values suggested differing lev-
els of predictive validity, both involving PSAs: AUC values for new violent criminal activity 
and technical violations indicated good predictive validity for White defendants (AUCs = 
.666 and .655), but fair predictive validity for defendants of color (AUCs = .631 and .612). 
That said, the absolute differences were quite small: .035 and .039, respectively.

Table 3 presents the AUC values for risk levels predicting pretrial outcomes. AUC values 
were reported or could be calculated for risk assessments completed using five instruments: 
the COMPAS-PRRS, ORAS-PAT, PSA, PTRA, and VPRAI. With the exception of the 
VPRAI, only one AUC value was available for each instrument and outcome (see Table 3). 
Across instruments and outcomes, predictive validity varied from fair to excellent, with 
AUC values ranging from .620 for PSA risk levels predicting the combined measure of new 
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criminal activity and/or failure to appear to .726 for PTRA risk levels predicting the com-
bined measure of new criminal activity, failure to appear, and/or technical violations. PSA 
risk levels demonstrated the highest AUC values for new criminal activity and failure to 
appear, while COMPAS-PRRS risk levels demonstrated the highest AUC value for the 
combined measure of new criminal activity and/or failure to appear. No AUC values for risk 
levels were reported or could be calculated for new violent criminal activity.

AUC values for risk levels within subgroups defined by gender and race/ethnicity were 
available only for VPRAI assessments predicting the combined measure of new criminal 
activity, failure to appear, and/or technical violations. Although the AUC values differed 
slightly across subgroups, they indicated good predictive validity overall (see Table 3).

Table 4 presents the proportional ORs for risk levels predicting pretrial outcomes. 
Proportional ORs could be calculated for risk assessments completed using five instruments 
(i.e., CPAT, ORAS-PAT, PSA, PTRA, and VPRAI). There were one or two proportional 
ORs for each instrument and outcome (see Table 4). Predictive validity of the risk levels 
varied from fair to excellent, with proportional ORs ranging from 2.267 for VPRAI assess-
ments predicting the combined measure of new criminal activity and/or failure to appear to 
5.282 for CPAT assessments predicting failure to appear. CPAT assessments also demon-
strated the highest proportional ORs for new criminal activity and the combined measure of 
new criminal activity and/or failure to appear, while PTRAs demonstrated the highest pro-
portional ORs for new violent criminal activity and the combined measure of new criminal 
activity, failure to appear, and/or technical violations (see Table 4).

Proportional ORs could be calculated within subgroups defined by gender and race/
ethnicity for PSA and PTRA risk levels predicting new criminal activity and new violent 
criminal activity, for PSA risk levels predicting failure to appear, and for VPRAI risk lev-
els predicting any pretrial misconduct (defined both ways). More often than not, the pro-
portional ORs suggested comparable predictive validity across subgroups, even if the 
exact values differed slightly. For example, the proportional ORs for VPRAI risk levels 
were slightly higher for men (2.602) than for women (2.526) in the prediction of the com-
bined measure of new criminal activity and/or failure to appear and/or technical violation, 
whereas the reverse was found for PSA risk levels predicting new violent criminal activity 
(men = 2.744 vs. women = 2.938). As another example, the proportional ORs for PTRA 
risk levels were slightly higher for White defendants (2.888) than defendants of color 
(2.717) in the prediction of new criminal activity, but the absolute value of the difference 
is very small (i.e., 0.171).

There were a handful of instances in which the proportional ORs suggested differing 
levels of predictive validity as a function of gender and race/ethnicity. Comparing results 
for male and female defendants, there is no consistent pattern in the directionality of the 
differences. For example, PTRA risk levels demonstrated good validity in predicting new 
criminal activity among women (3.012) and only fair validity in predicting this outcome 
among men (2.880), but the trend was reversed for the prediction of new violent criminal 
activity (men = 3.090 vs. women = 2.379). In contrast, when differences were seen in the 
magnitude of proportional ORs for White defendants and defendants of color, they usually 
demonstrated greater predictive validity among White defendants. An exception to this pat-
tern was seen for the PTRA risk levels predicting new violent criminal activity for which 
predictive validity was slightly greater among defendants of color (3.070) than White 
defendants (2.953). In most cases, the absolute differences in the proportional OR values for 
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defendants of color and White defendants were quite small. In three comparisons, however, 
the proportional ORs for PSA risk levels predicting failure to appear, new criminal activity, 
and new violent criminal activity were markedly higher for White defendants than defen-
dants of color (see Table 4).

Discussion

With bail reform sweeping the nation, many jurisdictions are looking to pretrial risk 
assessment instruments as one potential—and controversial—strategy to support their 
efforts. We conducted a systematic review of research examining the validity with which 
six pretrial risk assessment instruments used in multiple jurisdictions across the United 
States forecast key pretrial outcomes overall and by race/ethnicity and gender, when pos-
sible. In doing so, we provide the most up-to-date information on the predictive validity of 
pretrial risk assessments by instrument and by outcome, and the first synthesis and compari-
son of findings across studies regarding predictive validity for defendants of color and 
White defendants, as well as for men and women. We also present the first application of a 
risk assessment-specific checklist, the RAGEE, to examine the quality of studies included 
in systematic reviews of the predictive validity of risk assessments. In addition, we intro-
duce a new method for pooling and comparing ORs across studies of risk assessment instru-
ments that use different cutoffs and risk levels: proportional ORs. Although this analytic 
strategy has been used in other fields, we are not aware of prior reviews that have used it in 
the context of risk assessment research.

Summary of Findings

Overall, findings of our review generally showed good to excellent predictive validity 
across outcomes for these six pretrial risk assessment instruments, with effect sizes in keep-
ing with those seen in reviews of risk assessments used in other criminal justice contexts. 
Also consistent with those reviews, our findings did not reveal one pretrial risk instrument 
that produced assessments with the greatest predictive validity overall. Instead, our findings 
suggest that instruments produce pretrial risk assessments with somewhat greater predictive 
validity for some outcomes compared with others, but also that conclusions regarding the 
predictive validity of a given instrument may differ depending upon the predictors, out-
comes, and effect sizes examined. For total scores, AUC values were highest for the PTRA. 
There was greater variability in the AUC values for the risk levels, with PSA risk levels 
producing slightly higher AUC values than VPRAI risk levels for new criminal activity and 
failure to appear, while COMPAS-PRRS risk levels produced the highest AUC values for 
the combined measure of new criminal activity and/or failure to appear and PTRA risk lev-
els for the combined measure of new criminal activity, failure to appear, and/or technical 
violations. Looking at the proportional ORs, the CPAT risk levels performed especially well 
in predicting new criminal activity and failure to appear. PTRA risk levels demonstrated the 
highest proportional ORs for new violent criminal activity. PSA risk levels demonstrated 
good validity for new violent criminal activity, as well.

A primary aim of this review was to provide empirical evidence regarding the predictive 
validity of pretrial risk assessments across subgroups of defendants defined by race/ethnic-
ity and gender. Only four studies of three instruments (i.e., the PSA, PTRA, and VPRAI) 
reported results for racial/ethnicity subgroups and they defined those groups in different 
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ways. The comparisons we could make suggested comparable predictive validity of PSA, 
PTRA, and VPRAI assessments for defendants of color and White defendants in general, 
with a few important exceptions. We found lower levels of predictive validity among defen-
dants of color than White defendants, particularly in the proportional ORs for PSA risk 
levels. Such findings not only raise potential concerns regarding the use of pretrial risk 
assessment instruments in practice, but also raise questions regarding the source and impli-
cations of these differences. Specifically, the pattern of results observed for the predictive 
validity of PSAs among defendants of color and White defendants may reflect the fact that 
PSAs are completed solely based upon record review and rely more heavily on criminal 
history and prior failures to appear in court compared with the other instruments. On one 
hand, removing the step of interviewing defendants eliminates barriers to implementation 
that renders the PSA appealing to many jurisdictions, such as the staffing, space, and time 
required to conduct the defendant interviews (VanNostrand & Lowenkamp, 2013). On the 
other hand, variables that reflect prior contact with the criminal justice system have come 
under particular scrutiny due to their susceptibility to biased policing practices and prosecu-
torial decisions, as well as recordkeeping errors (Eckhouse et al., 2019; Lowder et al., 2019; 
Mayson, 2019).

All PSAs examined herein were drawn from Kentucky and generalizability to other juris-
dictions is unknown. PSAs conducted in a different jurisdiction with different input data 
may very well produce a different pattern of results. Beyond identifying whether racial bias 
exists, research is needed to understand why there are differences in predictive validity 
(Schmidt et al., 2020). Although the subject of much speculation, this issue has not received 
much empirical attention (Shepherd & Lewis-Fernandez, 2016). Furthermore, racial bias in 
pretrial decisions made without risk assessment results is well documented, as are the gains 
in accuracy produced by structured methods for predicting future violent and criminal 
behavior. Consequently, we may find greater racial bias in Kentucky pretrial decisions in 
the absence of the PSA or another pretrial risk assessment instrument (Desmarais, 2020). 
Indeed, a recent meta-analytic review found reductions in pretrial detention rates associated 
with the use of pretrial risk assessments for both Black and White defendants (Viljoen et al., 
2019). In aggregate, findings to date do not provide sufficient empirical evidence to con-
clude one way or another whether pretrial risk assessments systematically demonstrate 
racial bias. Studies investigating predictive bias remains a high priority avenue for future 
research.

Only a few studies provided the data necessary to compare predictive validity as a func-
tion of gender and, when they did, there was no consistent pattern of findings. Most often, 
we saw slightly higher levels of predictive validity among assessments of women than men, 
including for PTRAs predicting new criminal activity, PSAs predicting new violent crimi-
nal activity and failure to appear, and VPRAI assessments predicting the combined measure 
of new criminal activity and/or failure to appear. However, predictive validity was slightly 
greater among men than women for PTRAs predicting new violent criminal activity and 
VPRAI assessments predicting the combined measure of new criminal activity, failure to 
appear, and/or technical violations. For most of these comparisons, the absolute value of the 
differences were so small as to suggest similar levels of predictive validity for men and 
women. In other words, based upon the findings of this review, we also do not find compel-
ling evidence to suggest that pretrial risk assessments demonstrate predictive bias as a func-
tion of gender. At the same time, the number of women in U.S. jails continues to rise 
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(Kajstura, 2019) and some work suggests there may be benefits to examining gender-spe-
cific factors in pretrial assessment (Gehring & Van Voorhis, 2014). More research on the 
predictive validity of pretrial risk assessments as a function of gender is needed.

Whether pretrial risk assessments completed using the six instruments included in our 
review demonstrate consistency across assessors was not addressed in the extant litera-
ture. Yet, increasing consistency in pretrial decision-making is one of the goals of cur-
rent reform efforts (National Task Force on Fines, Fees, and Bail Practices, 2019). As 
such, the lack of information on the interrater reliability represents a limitation that 
should be addressed in future evaluations of pretrial risk assessment instruments. 
Interrater reliability is relevant to any assessment that requires rating or coding items, 
even without an interview (Douglas et al., 2012), as reliability is a necessary criteria for 
validity (Douglas et al., 2011; Gottfredson & Moriarty, 2006). Even if a large proportion 
of the items are completed using official records, there may be differences in how that 
information is interpreted by assessors and/or errors that occur in the coding. The 
RAGEE statement (Singh et al., 2015) specifies that interrater reliability must be reported 
or an explanation for lack of reporting must be given.

The lack of information on interrater reliability was not the only way in which many of 
the reviewed studies fell short of standards for conducting and reporting risk assessment 
validation studies. Individual studies generally reported on about half to two thirds of the 50 
items included in the RAGEE statement. For instance, the length of follow-up data collec-
tion at the person or case level was reported in only two studies; a couple of other studies 
reported a total period during which data were collected overall. Follow-up length or time 
at risk was not controlled for in any analyses. Moreover, none of the studies accounted for 
pretrial conditions that could have affected outcomes. As a final example, other than race/
ethnicity and gender, sample characteristics (e.g., behavioral health, socioeconomic status) 
were rarely provided. At least one of the reports included in our review (DeMichele et al., 
2018) has now been published in a peer-reviewed outlet (DeMichele et al., 2020). As more 
studies are published in peer-reviewed outlets, we may see greater adherence to accepted 
methodological practices, reporting guidelines, and testing standards (American Educational 
Research Association et al., 2014; Douglas et al., 2011; Singh et al., 2015).

Finally, many studies used arrests to operationalize the measurement of new (violent) 
criminal activity. Reliance on arrests—as both predictor and outcome—has been criticized 
in the debate surrounding the use of risk assessment instruments to inform pretrial decision-
making (e.g., Barabas et al., 2019). People of color are more likely to be arrested for behav-
iors compared with White people (Kochel et al., 2011), yet arrests remain a common metric 
against which criminal justice decision-makers operationalize threat to public safety. Efforts 
are needed to move both the research and criminal justice system away from this focus on 
re-arrest to potentially less biased measures, such as convictions. Using convictions, how-
ever, is not a perfect solution due to bias in the winnowing process from arrest through 
prosecution, as well as in case disposition and sentencing (e.g., Kutateladze et al., 2014; 
Stolzenberg et al., 2013). Another strategy is to use filed charges, which could reduce false 
positives associated with arrest records and false negatives associated with convictions 
(Spohn & Holleran, 2002), but may still be subject to biases. One more strategy is to include 
self-report, which has been shown to increase accuracy in the measurement of violence and 
crime (Crisanti et al., 2003; Johnson et al., 2019), but is time consuming and may have 
limited feasibility. Given the strengths and limitations of different strategies, future research 
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should examine predictive validity across multiple operational definitions of pretrial out-
comes using data collected from multiple sources.

Limitations

The methodology of our review limits its findings in at least three ways. First, our intent 
was to present a comprehensive review of the validation research available on a sample of 
pretrial risk assessment instruments. For this reason, we used an inclusive selection strat-
egy. One of our key findings is that studies examining the predictive validity of pretrial 
assessments often did not adhere to the methodological practices and reporting standards 
that are accepted in the field. As such, exclusion of studies that did not meet certain quality 
standards would likely have eliminated many sources from our review. Due to the small 
number of studies, we did not statistically compare results, but rather compared the effect 
sizes descriptively. Second, we strove to identify and include all studies examining the pre-
dictive validity of pretrial risk assessments that are commonly used in multiple jurisdic-
tions. There may be studies that met inclusion criteria but were missed by our search strategy 
or that were produced after our review cutoff date. We welcome efforts that build upon our 
findings as new research becomes available. Third, we were only able to examine predictive 
validity findings as a function of race/ethnicity for four studies and our comparisons across 
subgroups were limited by the ways in which studies defined those groups, including group-
ing all people of color together. Given the widespread implementation of pretrial risk assess-
ment instruments, continued evaluation of fairness and racial bias, specifically, is needed.

Conclusion

Despite these limitations, this review sheds light on the predictive validity of six widely 
used pretrial risk assessment instruments overall and across various subgroups of defen-
dants and outcomes. Like many reviews of risk assessment instruments before this one, our 
findings do not identify one instrument that produces the most (or least) accurate pretrial 
risk assessments. To some extent, our findings suggest a tradeoff between efficiency and 
predictive validity: Pretrial risk assessments produced using instruments that comprised 
more items and that required defendant interviews often outperformed those produced using 
shorter instruments that could be completed solely based on records. Findings also suggest 
that pretrial risk assessments forecast outcomes with acceptable predictive validity. 
However, findings underscore the need for investigations of predictive validity across 
racial/ethnic subgroups and vis-à-vis new violent criminal activity. Beyond predictive 
validity, more research is needed on the impact of pretrial risk assessments, toward the 
reform goals of more equitable and less carceral pretrial decisions.
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Notes

1. The magnitude of a correlation is greatly reduced for dichotomous variables that have a base rate of less than 50% and 
pretrial outcomes have base rates well below this level (see Babchishin & Helmus, 2016, for further discussion).

2. In keeping with practices used in prior reviews, we restricted our review of Google results to the first 300 hits of each 
search (see, for example, Bramer et al., 2017; Haddaway et al., 2015; Piasecki et al., 2018; Viljoen et al., 2019).

3. Results from the one study of ORAS-PAT assessments were published across a paper and a report and, similarly, results 
for one of the VPRAI studies were published across two separate technical reports.

4. Because it was not possible to identify and exclude repeated assessments from the data available to us, and given that 
all instruments included at least some dynamic factors that could change over time, we treat assessments themselves as the 
unit of analysis, acknowledging that we may have multiple assessments for one individual.

5. The PSA uses a binary flag for risk of new violent criminal activity; we used the raw scores to create a three-level vari-
able for analysis.

6. In keeping with this journal’s publication guidelines, we use the term Latinx here. However, studies included in our 
review reported on Hispanic ethnicity, specifically.
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