CRIMINAL SENTENCING COMMISSION

The Ohio Criminal Sentencing Commission (Commission) unanimously voted to approve the
report and recommendations of the Ad Hoc Committee on Bail and Pretrial Services on June 15,
2017.1 Based in part on this report and the recommendations in a subsequent Task Force,? the
Supreme Court proposed changes to Rule 46 of the Rules of Criminal Procedure that took effect
July 1, 2020.3 Changes to this rule did not require the use of a pretrial risk assessment tool in Ohio
courts, yet it did not prevent judges from adopting and implementing such a tool locally.
Concerns about bias in pretrial risk assessment tools prevented support for requiring their use
statewide. This concern also motivated a well-known national pretrial organization, the Pretrial
Justice Institute, to remove their support for the widespread adoption of such tools. Their
statement can be found here.

In Ohio and across the country, practitioners are considering increased use of pretrial services
and/or (re)considering the role of risk assessment in bail decisions. For those still in favor of
pretrial risk assessment tools, it is more important than ever to understand the chosen tool and
how it can be validated in the local population. Consistent with the recommendations of the
Commission’s report to create a list of validated risk assessments, we have compiled a snapshot
of information about existing pretrial risk assessment tools in use nationwide.

Information presented is not summarized; instead, it is a compilation of the most updated,
publicly available material. Tools and studies for states and localities no older than 2016 are
included. As a result, for some tools entire validation reports are included; for others, merely the
tool description; and, for others, only the tool itself. While there is a pretrial risk assessment tool
used by several states and/or counties (the Arnold Public Safety Assessment, PSA),* others use
state specific tools or tools employed by just a few states (for example, the Ohio Risk Assessment
System- Pretrial Assessment Tool, ORAS- PAT) and others employ tools that been developed
specifically for their county. Readers are encouraged to reach out to the individual states or
counties for more information about specific tools.

L Full report is available at:
http://www.supremecourt.ohio.gov/Boards/Sentencing/resources/commReports/bailPretrialSvcs.pdf

2 See full report here: http://www.sc.ohio.gov/Publications/bailSys/report.pdf

3 Amendments to Criminal Rule 46 can be found here:
http://www.supremecourtofohio.gov/ruleamendments/documents/4.22.20%20Posting.pdf

4 See https://advancingpretrial.org/psa/research/ for links to research specifically about the PSA tool in various
locations.
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Additionally, several resources provide links to additional state/county and federal pretrial risk
assessment tools, research about their effectiveness, and discussions about their strengths and
weaknesses. For example: the National Institute of Corrections, the University of Pretrial, and
Mapping Pretrial Injustice.

The Commission recommends the use of a risk assessment tool for pretrial release decisions, but
does not endorse one particular tool. This resource is created as a snapshot of available
information and research about existing pretrial risk assessment tools and is not the list of
validated risk assessments that will be created later by the Commission. Every jurisdiction and/or
court is encouraged to fully evaluate available risk assessment tools and determine the tool that
best suits their locality. Finally, this is not exhaustive information; pretrial services and the use of
risk assessment tools is a nationally trending, dynamic topic. Jurisdictions continue to share and
engage in evidence informed best practices and may adopt new or revise current risk assessment
tools. As we learn of new or revised tools and information, we will update this resource and in
the future create a separate list of validated risk assessment tools. It is also likely that information
is not included here, because it is not available or publicly accessible. Please contact us
(sara.andrews@sc.ohio.gov) if there is a tool, information or resource that should be added or
removed from this snapshot resource.
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OHIO

CRIMINAL SENTENCING COMMISSION

MEDIA ADVISORY
Tuesday, March 14, 2017

Sentencing Commission Ad Hoc Committee
Unveils Bail, Pre-Trial Recommendations

COLUMBUS — A special committee of the Ohio Criminal Sentencing Commission will present its recommendations to
reform bail and pre-trial services in the state at a March 16 meeting.

The ad hoc group sought to examine the current state of bail and pre-trial services and issue recommendations that maximize
public safety, appropriate placement for defendants, and appearance at court hearings and protect the presumption of
innocence.

The Commission intends only to consider the recommendations at the March meeting and a vote to accept the final report
will be at its next quarterly meeting on June 15, 2017. The Commission also invites public comment on the report and
recommendations via its website

(http://www.supremecourt.ohio.gov/Boards/Sentencing/default.asp) through May 15, 2017.

“As a prosecutor, my primary concern about “bail reform” was to ensure that the community is safe from further
harm. The Committee considered the risk of reoffending and the risk of flight as significant factors in pre-trial
detention. The ad hoc committee’s proposals appropriately balance these concerns against the rights of the
defendant. The time is right for reform of the money bail system.”” — Dave Phillips, Union County Prosecutor and
Ad Hoc Committee Member

“The recommendations target changing the bond and bail from a one-size fits all fixed amount bond schedule to
a method of release at the pretrial stage utilizing evidence based practices and tailoring any pretrial release
conditions to the individual. The hoped for result will be that individuals will no longer be incarcerated simply
because they did not have the financial resources to post bond. The Report is the result of a collaborative effort
by various stakeholders in the judicial system with the goals of transparency, fairness, and equity.” — Judge Beth
Cappelli, Fairborn Municipal Court and Ad Hoc Committee Member

“As criminal justice systems across the nation reexamine bail practices, the Ohio Criminal Sentencing
Commission has engaged in a collaborative, thoughtful process in developing recommendations that address
public safety and court appearance concerns by shifting the bail decision from a money-based decision to an
individualized defendant risk-based system. The result of these recommendation is a system that more fairly
considers a defendant’s risk of failing to appear or to the safety of the community rather than the amount of
money they or their families have.” — Dan Peterca, past President of the Ohio Association of Pretrial Services
Agencies and Ad Hoc Committee Member.

What: Bail and Pre-Trial Services Recommendations

When: 10 a.m., Thursday, March 16, 2017

Where: Thomas J. Moyer Ohio Judicial Center, Room 101, 65 S. Front St.,
Columbus

Contact: Sara Andrews at 614.387.9305.


http://www.supremecourt.ohio.gov/Boards/Sentencing/default.asp
http://www.supremecourt.ohio.gov/Boards/Sentencing/default.asp

Appendix A from the report:

Ohio Criminal Sentencing Commission. 2017. Ad Hoc Committee on Bail and Pretrial Services
and Recommendations. Ohio Criminal Sentencing Commission: Supreme Court of Ohio.
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SUMMARY

The policies governing California’s pretrial system are undergoing substantial
change. Amid recent correctional reforms and ongoing challenges to the state’s
bail system, pretrial risk assessment has emerged as a way to help counties make
decisions about whether arrested individuals should remain in the community or
be detained until any charges stemming from that arrest are resolved.

This report presents an overview of pretrial risk assessment in California and
offers considerations for using, evaluating, and improving the effectiveness of
local pretrial risk assessment systems.

= Forty-nine of California’s 58 counties use pretrial risk assessment
tools alongside bail. These tools rely on criminal history, demographic,
and/or socioeconomic information to make “risk predictions” of whether
individuals are likely to be arrested during the pretrial period or to miss
their court date.

= Arisk assessment tool is only one component of informed pretrial
decision making. A comprehensive pretrial policy framework also
includes an explanation of why a particular tool was chosen and how it
should be used—as well as guidance regarding how risk assessment
results should translate into decisions about release with or without
supervisory conditions, or detention, in individual cases.

= Equity is an ongoing concern. Critics argue that risk assessment tools
that use criminal history could propagate preexisting inequities in the
criminal justice system for racial minorities and homeless, unemployed,
and impoverished individuals. However, proponents maintain that these
tools offer new opportunities for monitoring and evaluating accuracy—
which could ultimately help mitigate inequities.

= Counties may face data challenges in testing a tool’s accuracy and
equity. Local testing is critical, in part because many tools were not
developed with populations that include Latinos and Asian Americans.
Since the criminal history data used in these tools may be housed in
different agencies and many counties may not process enough cases to
properly test their tool on their own, data-sharing agreements and cross-
county collaboration may be necessary.

= Transparent decision making is essential. By carefully tracking the
risk predictions made by their assessment tool—as well as how these
predictions are translated into release or detention decisions—counties
can identify any patterns of inconsistency, inaccuracy, and inequity. To
promote transparent decision making, judges and pretrial services
officers should explicitly state their reasoning if they override the
prescribed recommendation.
Developing a pretrial risk assessment system that balances an arrested
individual’s right to liberty and the need to preserve victim and public safety,
while also promoting equity, is an ongoing endeavor. With transparent decision
making, as well as consistent and complete data collection, counties will be in a
strong position to conduct the routine monitoring, testing, and evaluation
necessary to identify areas of weakness and ensure their pretrial decisions align
with local policy objectives.
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Introduction

The pretrial period begins with an arrest and ends when the charges stemming from that arrest are resolved
through plea bargain, trial, or dismissal—a process that can last a few hours or persist over many months.' The
fundamental decision made during this time is whether the arrested individual should be detained until the charges
are resolved. In California, several actors in the criminal justice system can make the decision to release or detain
individuals at different stages in the pretrial process—Ilaw enforcement officers at arrest and booking; pretrial
services officers prior to arraignment; and judges at arraignment (Tafoya 2015; Tafoya et al. 2017). The purpose
of pretrial risk assessment is to inform these decisions—particularly those made by judges at arraignment.

In California, most counties use pretrial risk assessment tools in concert with the bail system, which includes
money or cash bail, to make decisions about pretrial release and detention (PDRW 2017). These risk assessment
tools predict the likelihood that pretrial misconduct—generally referring to a new arrest or failure to appear in
court—will occur based on a person’s demographic, criminal history, and/or socioeconomic background.?

Under the bail system, people who have been arrested or charged with a crime can offer a financial guarantee that
they will appear for their court dates in exchange for their pretrial release, with the bail amount typically based
on the severity of the offense. Critics have argued that this system fails to protect public safety and privileges
wealthy people who can afford bail over poorer people who cannot (BRWG 2016; PDRW 2017). Advocates of
the current system argue that bail is an effective means of ensuring court appearances.

Across the United States, policies governing pretrial release and detention—especially money bail—are being
challenged, evaluated, and revised.? Since 2012, every state has adopted new pretrial policies. In 2017 alone,
14 states made provisions to adopt or investigate the use of pretrial risk assessment tools (Widgery 2018).

In addition, two states, New Jersey and Alaska, have nearly, but not completely, eliminated money bail.*

Challenges to the bail system are also cropping up in California. In January 2018, the First District Court of
Appeals in San Francisco ruled the pretrial detention of Kenneth Humphrey unconstitutional because “a defendant
may not be imprisoned solely due to poverty.” Should the ruling be upheld, it may constitute an existential
challenge to the state’s bail system. Concurrent challenges—motivated in part by high rates of pretrial detention
in California relative to the rest of the nation—have been posed by the Judicial Council and state legislature.

In October 2016, the Judicial Council founded a Pretrial Detention Reform Workgroup (PDRW) to “identify ways
to make release decisions that will treat people fairly, protect the public, and ensure court appearances” (PDRW
2017, 1). The PDRW (2017, 2) made ten recommendations intended to better “balance the protection of public
safety” with the rights of arrested individuals, particularly their right to liberty, by increasing the number of
people who are released pretrial. Their recommendations included eliminating money bail, establishing pretrial
services in each county, and using pretrial risk assessment tools that have been proven accurate to help judges
make decisions about release and detention based on “objective factors” (PDRW 2017, 50).

! Although California lacks statewide statistics regarding the average length of the pretrial period, in Santa Clara County, for example, the average length of pretrial
detention was one month for those charged with misdemeanors and seven months for those charged with felonies (BRWG 2016, 2).

2 In this report, any discussion of risk assessment tools refers specifically to pretrial risk assessment tools. The research and analysis provided here about pretrial risk
assessment tools are not intended to apply to other contexts in the criminal justice system.

3 Under the bail system, individuals who are offered bail and who can afford to pay a fee are released during the pretrial period, whereas those who cannot are detained.
Bail schedules assign a pecuniary price on release that is based solely on the seriousness of the arrest offense—a proxy for threat to public safety (Tafoya 2013). Most
people who are released on bail in California pay the predetermined fee listed in the bail schedule, although judges can weigh other factors to set bail at their discretion
(Tafoya 2015; Tafoya et al. 2017).

4 For example, New Jersey’s system, instituted in 2017, does not outlaw bail. However, it seems to have obviated the need for it. In 2018, bail was imposed in
only 102 of 44,383 cases—mainly after defendants missed court dates while on pretrial release (Grant 2019).
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Each of these proposed reforms was codified by the state legislature in Senate Bill 10 (SB 10). SB 10 was signed
into law in August 2018, but challenged immediately by the bail bond industry. Although its fate will be decided
in a voter referendum in November 2020, SB 10 clearly signals the intent of state legislators: they sought to
establish a system enabling pretrial decisions that would more effectively protect public safety, while also
maintaining individuals’ right to liberty and eliminating their potential to be detained “solely due to poverty.”
In addition, in October 2019, the governor signed SB 36, which requires pretrial service agencies that use risk
assessment tools to test the tool on a regular basis and requires that the Judicial Council publish an annual report
on the outcomes and potential biases in pretrial release.

Although they are sometimes portrayed as mutually exclusive alternatives, pretrial risk assessment and money
bail can be compatible, as the current pretrial justice system in California illustrates. This report focuses on
pretrial risk assessment and considerations for improving existing assessment systems. The broader question
of whether pretrial risk assessment should replace bail is one that rests with the voters, the legislature, the courts,
or some combination thereof.

We begin this report by describing the current landscape of pretrial services in California. We then present an
overview of the most common risk assessment tools used across the state and ways to mitigate racial inequity.
Lastly, we identify several key considerations for counties as they seek to improve their pretrial risk assessment
systems and provide guidance for routine monitoring and testing of these systems to ensure they are performing
as intended.

Background on Pretrial Services

Pretrial services is the arm of the criminal justice system responsible for conducting pretrial risk assessments,
making recommendations for pretrial release or detention, supervising and providing services to released
individuals, and locating those who do not show up for court appearances. These services have existed in
California since the 1960s. However, most counties established pretrial services in the wake of public safety
realignment in 2011 (CSJ 2015). Realignment reduced the prison population but expanded jail populations
because many individuals who would have previously served time in state prisons due to supervision violations
instead served that time in county jails (Bird et al. 2018; Grattet et al. 2017).°

Jail overcrowding prompted many counties to reexamine their pretrial policies and led the state legislature to
explore bail reforms (Tafoya 2013, 2015). Though none of those early reforms made it through the legislative
process, the passage of Proposition 47 in 2014 again reshaped pretrial justice. Individuals charged with drug and
property crimes that had been downgraded from felonies to misdemeanors were more likely to be released pretrial
(Bird et al. 2016). By 2015, 46 California counties had established pretrial services as independent agencies; units
within law enforcement, probation, or the courts; or multi-agency collaborations (CSJ 2015).

3 Importantly, most of California’s counties have already instituted some of these reforms. By 2017, 49 counties were using pretrial risk assessment tools to inform at
least some pretrial release or detention decisions (PDRW 2017).
® For every three inmates released from state prison, one was admitted to jail (Lofstrom and Raphael 2013).
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Goals of Pretrial Justice

Practitioners and policymakers refer to four main goals of pretrial justice: maximizing individuals’ right to liberty,
public safety, court appearances, and equity (e.g., PDRW 2017; Mahoney et al. 2001, 1). Releasing as many
people as possible under the fewest conditions maximizes individuals’ right to liberty. Minimizing behavior that
endangers individual victims or the general public maximizes public safety. Maximizing court appearances
protects the efficiency of the justice system. Finally, ensuring that pretrial policies apply equally to all people—
that some people are not treated disparately relative to others—maximizes equity.

For pretrial services to function effectively, practitioners and policymakers must determine how to balance these
objectives. Because pretrial risk assessment tools enable stakeholders to monitor the accuracy and equity of
release and detention decisions, these tools can help counties strike their desired balance between releasing as
many people as possible while protecting victim and public safety and ensuring court appearances.

In August 2019, the Judicial Council awarded funding for two-year pilots in 16 counties to either implement new
pretrial programs or enhance existing programs across the state. The pilot programs share many of the same goals,
including seeking to assess more people more quickly; collect and store data more efficiently; and create
“graduated supervision levels” so that individuals deemed low risk receive minimal or no supervision during the
pretrial period, while higher-risk individuals receive more supervision or are detained. All of the pilots leverage
risk assessment tools to meet these challenges and will include an evaluation of the program (Balassone 2019).

How much counties spend on pretrial services is unclear, particularly when these responsibilities are embedded in
other agencies. Notably, personnel levels drive pretrial costs (Clark and Henry 2003), and personnel levels vary
because counties have different arrest rates and provide different services (CSJ 2015; Lofstrom et al. 2018).
Funding amounts for the pretrial pilot programs suggest a wide range in costs. Funding to establish new programs
ranged from $531,000 in Calaveras County to $9.59 million in Sacramento County. Alameda County received
$14.4 million to restore its defunct program. Costs in counties expanding their programs also varied widely, with
allocations between $330,000 for a collaboration between Nevada and Sierra Counties, and $17.3 million in Los
Angeles County.

The Role of Pretrial Risk Assessment Tools

As shown in Figure 1, 49 of California’s 58 counties currently use a pretrial risk assessment tool to inform at least
some pretrial decision making. Only four counties—Santa Clara, Sonoma, Riverside, and Tuolumne—developed
their own tools. By contrast, the vast majority of counties use a tool that was developed outside of California.
Most counties use the Virginia Pretrial Risk Assessment Instrument (VPRAIL 18 counties) or the Ohio Risk
Assessment System tool (ORAS; 17 counties). The COMPAS and PSA tools are used by four counties and two
counties, respectively.
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FIGURE 1
Most counties use a pretrial risk assessment tool developed outside of California
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SOURCE: Author illustration based on PDRW (2017) and personal communication.

Counties also use these tools in different ways: in some counties, all eligible arrested and booked individuals
undergo pretrial risk assessment, while in others, only those charged with specific crimes do (PDRW 2017).
These differences are likely attributable to variation in how developed the county’s system of pretrial justice is,
how long the county has been using a particular risk assessment tool (or whether it uses a tool at all) to inform
release or detention decisions, and the resources available to make risk assessments and administer pretrial justice
more generally. Some counties have been using pretrial risk assessment tools to inform at least some pretrial
release or detention decisions for years, whereas others have never used such tools.

Comparing Pretrial Risk Assessment Tools

Table 1 presents key attributes for the four most common pretrial risk assessment tools used in California. When
tested by developers, each has about a 65 percent chance of distinguishing a person at high risk of committing
pretrial misconduct from a person who is at low risk.” While this accuracy rate may not seem especially high, it
should be compared to the current standard—judges’ risk predictions. The best evidence indicates that pretrial

7 The most common measure of accuracy is called the area under the curve (AUC). The AUC, which ranges from 0.00 to 1.00, indicates the probability that a risk
assessment tool can distinguish people who are highly likely to commit pretrial misconduct from people who are not. Most tools used in California have an AUC of
0.65, which means they have about a 65 percent chance of distinguishing a high-risk person from a low-risk person. More information on the AUC is presented in
Technical Appendix D.
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risk assessment tools make more accurate pretrial risk predictions than judges (Baradaran and Mclntyre 2012;
Berk et al. 2018; Kleinberg et al. 2017).%

An important difference between the tools is that they define pretrial misconduct in different ways, though each

tool predicts some combination of failure to appear in court and a new arrest. Ideally, pretrial risk assessment
tools should predict each pretrial misconduct outcome separately (Gouldin 2016; Kleinberg et al. 2019; PAI
2019). PSA predicts three outcomes separately: failure to appear, new arrest, and new violent arrest. However,
VPRAI ORAS, and COMPAS do not predict failure to appear and new arrest separately. ORAS and VPRAI
predict failure to appear or new arrest, while COMPAS predicts any new felony arrest or failure to appear in
court. These “compound” prediction outcomes make it impossible for county policymakers to distinguish people

at high risk of arrest from people at high risk of missing a court date. This could lead to misleading risk

predictions and could make it difficult to tailor pretrial recommendations appropriately (Gouldin 2016). See

additional considerations regarding how pretrial misconduct can be defined in the textbox on page 9.

TABLE 1

Select characteristics of pretrial risk assessment tools currently used in California

Number of counties

Pretrial misconduct
outcome

Compound prediction
outcome

Predictor domains

Interview required
(length of interview)

Transparent risk
prediction model

Free to use

18
Failure to appear

New arrest

Yes

Criminal behavior
Employment
Substance Use

Supervision

Yes
(20 minutes)

Yes

Yes

17
Failure to appear

New arrest

Yes

Criminal behavior
Employment
Substance Use
Residence
Age

Yes
(10-15 minutes)

Yes

Yes

4
Failure to appear

New felony arrest

Yes

Criminal behavior
Employment
Substance Use
Residence

No

No

No

2
Failure to appear
New arrest
New violent arrest
No

Criminal behavior
Age

No

Yes

Yes

SOURCES: Personal communication; Arnold Ventures (n.d.); BJA (n.d.); Danner et al. (2016); DeMichele et al. (2018b); Equivant (n.d.);
Latessa et al. (2009); PDRW (2017); VDCJS (2018).

NOTES: Counties may be using different versions of each tool. The information presented represents the current versions of each tool:
COMPAS-PRRS Il, ORAS-PAT, and VPRAI-R. We show the full range of predictors for each instrument in Technical Appendix B. PSA refers
to a new arrest as “new criminal activity” and to a new violent arrest as “new violent criminal activity.”

8 In a national sample, Baradaran and MclIntyre (2012) found that, relative to judges’ decisions, their probit regression model would release 25 percent more defendants
while also decreasing the probability of pretrial violent arrest by more than one-third, from 1.9 percent to 1.2 percent, and the probability of any pretrial arrest by 18.8
percent, from 17.0 percent to 13.8 percent. Similarly, Kleinberg et al. (2017) found that, relative to judges’ decisions, their machine learning algorithm could reduce
detention rates in New York City by 41.9 percent without increasing crime rates.
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The four tools use different predictors—criminal history, demographic, and/or socioeconomic indicators—to
predict whether individuals will commit pretrial misconduct (see Technical Appendix B).” Some tools use
demographic indicators such as age; however, factors such as race/ethnicity or gender are not used in any of these
tools. Notably, VPRAI, ORAS, and COMPAS use socioeconomic factors to predict risk. As described further
below, critics have expressed concern that including these characteristics can systematically disadvantage certain
marginalized groups. For example, if factors like unemployment, homelessness, and mental illness increase an
individual’s chance of being classified as high risk, then these groups could be disproportionately detained.
Likewise, racial minorities who are overrepresented in these populations could also be systematically and
disproportionately classified as high risk and detained (Starr 2014).'

Defining pretrial misconduct

According to California law, whether individuals pose a threat to victim or public safety
should be the primary consideration when making pretrial release and detention
decisions (Karnow 2008; Tafoya 2013). In practice, there is a wide range in how pretrial
misconduct is defined. As shown in Table 1, most risk assessment tools adopt fairly
expansive definitions of pretrial misconduct, such as any new arrest and failure to
appear. They also often predict those outcomes over two years—far longer than the
average felony pretrial period, even for serious and violent crimes.

In contrast, some legal scholars indicate that narrower interpretations of pretrial
misconduct that focus on the individuals’ threat to public safety are more appropriate
when predicting risk. According to a Judicial Council report, California law allows
pretrial detention only as a means of preventing serious violent crimes (PDRW 2017).
Similarly, Mayson (2018, 501) concluded that “the threshold [for detention] cannot be
less than a substantial risk of serious violent crime in a six-month span.”

It is important to note that counties can develop their own assessment tools, as a few
counties have, which may provide them with more latitude in how they define pretrial
misconduct. Regardless of what counties choose, it is critical that county agencies be
explicit and transparent about this definition. The primary tradeoff to consider is that
defining pretrial misconduct broadly and over a longer time period could lead to risk
predictions that overestimate the threat people pose to public safety, thereby
inhibiting counties from achieving objectives related to preserving individuals’ right to
liberty. In contrast, narrowly defining pretrial misconduct would allow more individuals
to be released pretrial but could lead to risk predictions that do not take into account
the potential for new non-violent offenses and failures to appear in court.

% The statistical models that underlie most tools assign numerical values called weights to each predictor by assessing the strength and direction of its relationship to an
outcome such as an arrest during the pretrial period. For example, predictors that strongly increase the chance of pretrial misconduct receive large positive weights;
those that weakly decrease the chance of pretrial misconduct receive small negative weights. During assessment, the weights for the predictors associated with each
assessed individual are tallied to calculate risk scores (Picard-Fritsche et al. 2017).

10 However, the pragmatic way to understand whether including a predictor in a risk prediction model systematically disadvantages one group of people relative to
another is through testing. If adding or subtracting a predictor promotes disparity in risk predictions between groups of people or introduces disparity in rates of
misclassification between groups of people, its inclusion should be questioned.
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The data collection required for these assessments takes time and resources. In addition, the ORAS and VPRAI
tools require interviews—which may make them more expensive to administer. Although there is a lack of
comprehensive information on this topic, in Kentucky, completing the PSA assessment takes up to 45 minutes
(PDRW 2017, 81). Meanwhile, “conducting an interview, reviewing a defendant’s records, and electronically
submitting a report to the court takes approximately one hour” in Santa Clara County, which uses its own tool
(BRWG 2016, 27). Finally, how an assessment tool predicts risk is key to understanding whether and how it can
help counties achieve their policy objectives. According to the Chief Probation Officers of California (CPOC
2019, 9), “jurisdictions should be wary of proprietary assessments that do not disclose weighting and scoring.”
The ORAS, PSA, and VPRALI transparently report how they were developed and how they predict risk. By
contrast, the COMPAS risk prediction model is proprietary. Technical Appendix B contains additional
information about these tools.

Concerns of Racial Inequity

Critics of pretrial risk assessment tools argue that they exacerbate past and current inequity—especially racial
inequity—in the criminal justice system (Angwin et al. 2016; Mayson 2019; Starr 2014; Tonry 2014). But
proponents maintain that implementing risk assessments in a transparent and deliberate way could actually help
correct inequities in pretrial decision making (Kleinberg et al. 2019; Picard et al. 2019).

One central concern involves the fact that assessment tools use criminal history information—such as previous
arrests, convictions, and incarceration—to predict the probability that an individual will commit an offense during
the pretrial period. However, these metrics do not only reflect individual behavior—they also reflect the
operations of the criminal justice system. Research has found that racial minorities and other marginalized groups
are overrepresented in criminal justice data in part because they are subject to greater surveillance and
enforcement (Alexander 2010; Braga et al. 2019).

Although we cannot know with certainty the degree to which criminal history data reflect differences in
individuals’ behavior versus differences in enforcement, research indicates that these data overstate the
involvement of racial minorities in crime (Weaver et al. 2019). This disparity begins at arrest and is propagated
through each stage of the criminal justice system (Harris et al. 2009; Lofstrom et al. 2018). If past criminal history
data are used to predict future criminal behavior, those predictions could thus overstate the probability of racial
minorities committing a crime. The same could be true of other socioeconomic characteristics that might be
associated with disparities in the criminal justice system, such as being homeless, unemployed, or in poverty.

Yet pretrial risk assessment tools also present opportunities for greater transparency, which could serve to
mitigate inequities in pretrial decision-making processes. Developing a transparent and consistent pretrial
decision-making system makes it possible to evaluate whether release or detention decisions are accurate and
equitable (Berk et al. 2018; DeMichele et al. 2018a; Koepke and Robinson 2019). Furthermore, if patterns of
inconsistency, inaccuracy, or inequity become evident during monitoring and evaluation, pretrial risk assessment
systems can be modified accordingly (PAI 2019; Kleinberg et al. 2019; Mayson 2019; Picard et al. 2019).
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Considerations for Improving Pretrial Risk Assessments

Pretrial risk assessment is often equated with the use of pretrial risk assessment tools, but the latter do not advance
the goals of pretrial justice on their own. To accomplish local policy objectives, counties should develop broader
policy frameworks that govern:

= How pretrial misconduct is defined and how risk is predicted. This involves selecting or designing a
tool that aligns with local objectives for how pretrial misconduct should be defined (see textbox on page 9),
ensuring that the necessary data are available, and allocating the resources needed to conduct the
assessments.

= How risk predictions are interpreted and translated into release or detention decisions. This involves
providing guidance for pretrial services officers and judges regarding how the results of risk assessment
tools should be mapped onto decisions about release with or without supervisory conditions, or detention.

A pretrial risk assessment tool is only one component of what is ideally a comprehensive infrastructure that
supports the entire pretrial risk assessment process. This section describes several factors for counties to consider
as they seek to build upon and improve these systems, including potential limitations in the available data,
challenges in interpreting risk predictions, and the importance of transparency in the decision-making process.

Data Challenges in Using Risk Assessment Tools

Some of the data required for pretrial risk assessment tools may prove challenging to collect because different
criminal justice agencies track different information. At the county level, for example, law enforcement agencies
track arrests and jail incarcerations, the courts track convictions, and probation offices track supervision
violations. Each of these agencies may need to collaborate, individually or jointly through an integrated
countywide data system, to share data and implement pretrial risk assessment. Depending on whether
incarceration is measured locally or statewide, to assess risk using the COMPAS, ORAS, and PSA, data-sharing
agreements with state agencies might also be necessary.

Additionally, the data required to make some risk predictions may not be available. In particular, most risk
assessment tools use past failures to appear in court to make predictions about future behavior. Yet many
California counties do not systematically collect information about failures to appear (PAI 2019). When they do,
they may measure failures to appear inconsistently. For example, failures to appear can be recorded for every
nonappearance, only when a bench warrant is issued, or as self-reported by defendants (Clark and Henry 2003;
Gouldin 2018). Such vast inconsistency in measurement can lead to risk predictions that vary less with individual
behavior and more with how that behavior is recorded (Myburgh et al. 2015).

Regardless of which agency collects and stores the data, how the data are collected matters. Data collection
processes should be systematized so that they are as similar as possible for everyone. For example, failures to appear
should be recorded under the same circumstances for all individuals (Gouldin 2018; Myburgh et al. 2015). Likewise,
efforts should be made to ensure that pretrial services officers characterize information solicited in interviews
similarly (e.g., clarifying the difference between heavy drug use and drug use) (Cohen 1960; Fleiss 1971).

Interpreting Risk Predictions

Pretrial risk assessment tools generally report risk scores—weighted sums based on the underlying probability
that an individual will commit pretrial misconduct—and descriptive risk categories, which characterize people as
low, medium, or high risk. Risk categories are typically translated, often directly, into release or detention
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decisions.!! In fact, one objective of California’s pretrial pilot programs is to create graduated supervision levels
based on risk predictions—for example, the lowest-risk individuals might be released on their own recognizance
with a reminder sent to them about their court date, while medium-risk individuals might be released on their own
recognizance with additional supervisory conditions (see Technical Appendix F).

It is important to recognize that although descriptive risk levels can be helpful, they can also obscure the
underlying probability of pretrial misconduct, which could lead to inappropriate decisions. Figure 2 shows
probabilities of pretrial misconduct plotted against risk scores. Cut points delineated by vertical lines divide
individuals into high, medium, and low risk levels. In general, people classified as high risk have a higher
probability of pretrial misconduct than people classified as low risk—a logical and desired result.

FIGURE 2
Hypothetical risk categories based on the probability of pretrial misconduct and associated risk scores
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However, this figure also illustrates some of the pitfalls of risk categories:

= They can make different people look similar and similar people look different. A person who scores 5 has a
20 percent chance of pretrial misconduct, whereas a person who scores 9 has a 30 percent chance. Yet both
will be classified as medium risk. Individuals whose risk scores lie on either side of a cut point will be
classified differently even though they have similar probabilities of pretrial misconduct.

= Risk categories can also heighten perceptions of how “risky” people are. Risk predictions rarely span the
full range of probabilities. In fact, the average probability of committing pretrial misconduct is usually well
below 50 percent even at the highest risk level.!?

! Translating risk predictions into pretrial release or detention decisions requires interpretation, which can be challenging because most tools do not report the actual
probability that a person will commit pretrial misconduct. Importantly, risk predictions reflect how people similar to the assessed individual behaved on average. If an
assessed individual has a 20 percent chance of pretrial arrest, that risk prediction means that when the tool was last validated, one in five people who resemble the
assessed individual were arrested during the pretrial period.

12 According to Mayson (2018, 514), less than 15 percent of those classified high risk by some pretrial risk assessment tools were rearrested during the pretrial period.
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= Finally, people may incorrectly assume similar numbers of people are classified into each risk level.
Instead, in most scenarios, we would expect that far more people should be released than detained because
far more people are likely to be classified as low risk.

Three key pieces of information can help combat these challenges. First, sharing risk scores and not just risk
categories would allow pretrial services officers and judges to see whether or not an individual is near a cut point.
Second, emphasizing the range of probability of pretrial success, rather than misconduct, for each risk category
would highlight the fact that most people are more likely to succeed than not if released (DeMichele et al.
2018a)."® Third, information about how many people are likely to be classified into each risk level can help
pretrial services officers and judges make decisions that adhere to local policy objectives.

These pieces of information work together to help judges make decisions. For example, if the policy objective is
to release as many people as possible under the fewest restrictions possible, but a large proportion of individuals
are classified as moderate risk, judges will need to differentiate within the moderate category. With information
on risk scores, judges might release without conditions all those classified as low risk, as well as those who are
classified as moderate risk but are near the low-risk cut point.

The Importance of Transparent Decision Making

A pretrial risk assessment tool uses the same predictors and the same statistical model to predict risk for all
assessed individuals. For non-proprietary tools, how risk predictions are made is transparent—the information and
the process used to make them is known. Moreover, those risk predictions are consistent—people with identical
predictors have identical risk predictions. Similarly, all else being equal, people with the same risk predictions
should experience the same release or detention decisions. If they do not, those decisions can be challenged on the
grounds that they are inconsistent, inaccurate, or inequitable.

Judges make pretrial release or detention decisions based on risk predictions and recommendations made by
pretrial services officers, who gather additional information to facilitate those decisions.!* Well-designed pretrial
risk assessment systems structure decision-making to help judges and others translate risk predictions into
decisions that reflect local policy objectives. Structure can take the form of written policies, decision trees, and/or
decision matrices to indicate whether people who meet certain criteria should be released or detained (Koepke and
Robinson 2019).13

Overrides occur when judges or pretrial services officers make decisions that conflict with the recommendations
of the pretrial risk assessment system. Even in well-designed and seemingly comprehensive pretrial risk
assessment systems, research has found that judicial overrides are commonplace (e.g., BRWG 2016). Although
judges or others often override with good reason (e.g., to address a credible threat to a particular victim), if the
reasons for those overrides are unknown, research indicates that the goals of pretrial justice can be compromised.
Overrides without explicit explanations run the risk of introducing ambiguity, inconsistency, inaccuracy, and
inequity into assessment systems (Garrett and Monahan 2018; Kleinberg et al. 2017; PDRW 2017; Mamalian

13 One helpful approach would be reporting predictions as probabilities bounded by ranges of uncertainty (PAI 2019). For example, reporting that someone has a 20
percent chance of committing pretrial misconduct with a range of uncertainty between 15 and 25 percent is different than reporting the same chance with a range of
uncertainty between 5 and 35 percent. None of the pretrial risk assessment tools used in California present risk predictions as bounded probabilities.

14 Pretrial services officers (PSOs) can also override recommendations from pretrial risk assessment systems. They can do so in two ways: by changing their
recommendations to judges or by themselves choosing to release or detain a person against the recommendation of the system. Like judicial overrides, overrides by
PSOs should also be monitored, evaluated, and addressed.

15 It is important to understand that arraignment court judges are often under pressure to make hundreds of decisions each day (Ottone and Scott-Hayward 2018). When
people must make decisions quickly, they may often rely on immediate and intuitive associations rather than considered and complex analyses (Kahneman 2011).
Decision-making based on such associations may in turn reinforce implicit biases—unconscious, socially determined stereotypes about others—that could
disadvantage racial minorities and the poor in criminal justice proceedings (DeMichele et al. 2018a; Guthrie et al. 2007).
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2011; Stevenson 2019). For this reason, judges and pretrial services officers should be required to explicitly state
why they override each time they do so.

Altogether, transparency in pretrial decision making entails a record of the information that contributed to each
release or detention decision, including which risk category was predicted; how it was predicted (e.g., the
predictors and the assessment tool used); the recommendation to release or detain; whether that recommendation
was overridden and why; and the final release or detention decision (PAI 2019). This information will help enable
evaluation of whether pretrial decision-making processes align with local policy objectives.

Defining accuracy

Accuracy in risk assessment can be defined in terms of error rates. Risk assessment
tools can make two kinds of errors. False positives occur when people are misclassified
as high risk. When these types of errors occur, arrested individuals and their families
primarily the bear the costs because people classified as high risk are more likely to be
detained. In addition, the public pays the costs associated with pretrial incarceration.
False negatives occur when people are misclassified as low risk. Victims and
communities primarily bear the costs of this kind of error because people classified as
low risk are more likely to be released and therefore have the opportunity to commit
crimes in the community.

During validation and evaluation, assessing how many false positives there are relative
to false negatives can help counties strike the appropriate balance between protecting
public safety and protecting arrested individuals’ right to liberty. Allowing fewer false
positives than false negatives prioritizes individuals’ right to liberty over public safety
and vice versa.

However, the rates at which false negatives and false positives occur can only be
assessed among those who have been released pretrial. Determining the number of
low- and medium-risk people who were detained is key because those individuals
potentially could have been released without threatening victim or public safety.
Understanding why they were detained can help counties assess whether the decision-
making process aligns with local objectives.

See Technical Appendices D and E for more information.
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Evaluating Pretrial Risk Assessment Systems

This section describes how counties can test and evaluate their pretrial risk assessment systems to ensure that they
are performing as intended. We focus on data challenges in testing and evaluation as well as considerations for
promoting equity.

Data Challenges in Evaluation

Pretrial risk assessment tools must be tested to understand how they perform for the local population and within
the local system of pretrial justice. This testing, also referred to as “validating” the tool, involves assembling a
dataset, using it to determine the accuracy of the risk predictions made by the tool, and evaluating the equity of
the decisions that resulted from those predictions.

Pretrial risk assessment tools that have not been locally tested can classify people inaccurately and lead to
inequitable pretrial decisions because how a tool performs reflects the policy objectives and the pretrial
misconduct patterns in which it was validated. Lack of testing could lead to misleading assumptions about a tool’s
accuracy.'® Most pretrial risk assessment tools have not been validated for populations like California’s. For
instance, 11 California counties are rural, according to the US Census Bureau. Yet most tools have been validated
only in urban areas (Mamalian 2011). Likewise, Latino and Asian Americans make up large shares of the
population in many California counties. Yet most tools used in California, including the ORAS, VPRAI and PSA,
were not initially tested on populations that included these racial/ethnic groups (DeMichele et al. 2018b; Latessa
et al. 2009; VanNostrand 2003).

Counties may struggle to assemble data that include enough observations to properly test their assessment tool.
For instance, individuals’ criminal history is a key input. Yet policy contexts shift over time, and major changes in
the criminal justice landscape have affected pretrial justice at the state level. Importantly, in 2014 Proposition 47
reduced pretrial detention rates for individuals charged with some crimes.!” Although past and future policy
contexts cannot be perfect mirrors, the policy context that produced the test data should be as similar as possible
to the policy context in which the tool will be used (Koepke and Robinson 2019). Although there are no
established standards regarding how large these datasets should be, both the ORAS and the VPRAI were initially
tested using sample sizes of about 2,000, which seems commonplace (Latessa et al. 2009; VanNostrand 2003).'8
Less populous counties may be able to use fewer observations, but probably not fewer than 500."

These challenges are likely to affect many counties in California, as can be seen when we examine the frequency
with which pretrial misconduct outcomes might occur. COMPAS, for example, uses new felony arrests to
construct its pretrial misconduct measure. Figure 3 shows California Department of Justice (DOJ) data on the
number of felony arrests that occurred in each county for the three most recent years (2016—18).

More than a quarter of counties (16) processed fewer than 2,000 felony arrests during this three-year period and
would likely find it difficult to evaluate and monitor their pretrial data because they do not process enough
arrests.?’ Importantly, the DOJ data do not distinguish pretrial arrests from all arrests, so the number of pretrial

10 For example, VPRALI developers reported an accuracy rate of 65 percent, whereas researchers in Riverside County found that the accuracy rate was 61 percent—a
difference that translates to four additional inaccurate risk predictions per 100 risk predictions (Lovins and Lovins 2015).

17 County policies can similarly affect pretrial justice. For example, many counties now send text messages to remind defendants about their court dates (Balassone
2018). Pretrial misconduct rates prior to such policies may differ from pretrial misconduct rates afterward.

'8 In the published literature, validation datasets range in size from about 500 to more than 30,000 observations (Lovins and Lovins 2015; PJI 2009; Siddigi 2009).
19 With smaller samples validating for population subgroups will be challenging. For example, if African Americans are only 10 percent of the population, a 500-
person sample will include about 50 blacks, which limits the potential for statistical modeling to evaluate equity.

20 Narrowing the timeframe to 2018, more than half (32) of California’s counties did not process 2,000 felonies.
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felony arrests is certainly less than the total number of felony arrests shown in Figure 3, even with repeat

offenders present in the data.

FIGURE 3

Many counties in California processed fewer than 2,000 felony cases between 2016 and 2018
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SOURCE: California Department of Justice

NOTE: These numbers reflect all felony arrests, not just those that occurred during pretrial periods.

These data limitations are all the more significant in light of recent legislation (SB 36) mandating that counties
test their pretrial risk assessment tool at least once every three years. Counties may also be experiencing

concurrent data challenges in implementing these tools, as described earlier. Prior research and case studies

suggest some approaches to overcome various challenges in using, testing, and evaluating these tools with limited

data:

= Counties that process a reasonable volume of cases, but that have not collected the historical data necessary
to test a pretrial risk assessment before it is used, can pilot a tool and test it afterward. Similarly, counties
that are missing data for some predictors or outcomes (e.g., failure to appear) can verify the tool’s
predictive accuracy without those variables. The Riverside County case study in Technical Appendix A

illustrates these options.

= Counties can develop their own pretrial risk assessment tools, as illustrated by the Santa Clara County and
Sonoma County case studies in Technical Appendix A. For counties with very limited data, Dressel and
Farid (2018) illustrate how a tool might be developed using only two predictors.
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= Smaller counties that are similarly sized and relatively homogenous can collaborate to test or develop a risk
assessment tool (Vetter and Clark 2013). As the research in this area is scant, we look forward to the
evaluation of the ongoing collaborative pretrial pilot project in Nevada and Sierra Counties.

= Counties that process too few cases to develop or test pretrial risk assessment tools can still achieve more
transparency, consistency, and equity by structuring pretrial decisions through decision matrices and
decision trees, as shown in Technical Appendix F.

Defining equity

In pretrial risk assessment, there are two commonly used standards for measuring
equity between groups of people. Predictive parity measures how often risk
predictions were not followed by the expected outcome. For example, this standard
requires that individuals who are deemed high risk commit pretrial misconduct at the
same rate for each racial/ethnic group. Statistical parity measures how often pretrial
misconduct outcomes were not preceded by the appropriate risk prediction. For
example, this standard requires that the percentage of people who did not commit
pretrial misconduct but were classified as high risk be the same for each racial/ethnic
group.

Failure to meet predictive parity means risk classifications will be more accurate for
some groups compared to others, while failure to meet statistical parity means that
certain groups will be more likely to be classified as high risk (see the ProPublica-
COMPAS case study in Technical Appendix A). Since the two standards cannot be
maximized simultaneously, county stakeholders should determine which form of
equity they wish to prioritize and measure in their evaluation and testing.

See Technical Appendices D and E for more information.

Promoting Equity

An essential aspect of the evaluation process is examining whether pretrial risk assessment systems compromise
equity between groups of people (see textbox above for how equity can be measured).?! If a risk assessment tool
makes inequitable predictions, there are several options for practitioners and policymakers. More equity might be
achieved by, for example, shifting cut points to classify fewer people as high risk or by removing predictors that
might exacerbate inequity from the risk prediction model.? If more equity in risk prediction cannot be achieved
or if the tradeoffs between accuracy and equity or individuals’ right to liberty and victim and public safety are too
high, the policies that translate risk predictions into pretrial release or detention decisions can be modified to

21 As described in the textbox on page 14, accuracy in risk prediction can be measured in more than one way, which means that equity in risk prediction, which is
defined in terms of accuracy, can also be measured in multiple ways. In the textbox on this page, we define two standards of equity, predictive parity and statistical
parity. Correcting inequity in either standard involves tradeoffs that are a consequence of group average differences in the probability of committing pretrial
misconduct (Berk et al. 2018; Kleinberg et al. 2016). First, predictive parity and statistical parity cannot be simultaneously maximized. But they can be balanced in
relation to each other (Huq 2019). Even a “balanced” system is likely to have slight inequities by one standard or the other. Second, equity is defined as a function of
accuracy. Therefore, regardless of how the equity standards are balanced, increasing equity in risk prediction will generally come at the expense of decreasing
accuracy. Again, slight inaccuracies and inequities will be present, which is why their consequences need to evaluated and addressed (Berk et al. 2018; Chouldechova
2017; Huq 2019; Kleinberg et al. 2016; Mayson 2019). We elaborate on these issues in Technical Appendices D and E.

22 In Figure 2, for example, raising the first cut point from 5 to 6 could increase individual liberty, but decrease public safety. Individuals with a 25 percent chance of
pretrial misconduct will now be classified as low risk and likely released, whereas before they would have been classified as medium risk and more likely to be
detained.
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mitigate the degree to which inequity is propagated, as shown in the Center for Court Innovation case study in
Technical Appendix A (Picard et al. 2019).

One approach is to alter graduated supervision levels to expand the conditions under which people can be
released. For instance, when Kentucky instituted a pretrial risk assessment system based on the PSA, judges
initially followed the recommendations from the system. As a result, pretrial detention rates decreased from
69 percent to 65 percent. But ongoing evaluation showed that judges returned to making their own release and
detention decisions within six months, after which pretrial detention rates rose. A research study found that the
judges’ decisions systematically disadvantaged African Americans such that racial disparity in pretrial release
without financial conditions increased by 8 percentage points relative to levels prior to the implementation of
the pretrial risk assessment system (Stevenson 2019, 363). To remedy this situation, state policymakers
modified policies to allow pretrial services officers to release more people before arraignment. By expanding
the conditions under which individuals were released by pretrial services officers prior to arraignment, they
reduced the number of cases in which judges had the opportunity to make decisions about pretrial release and
detention (Stevenson 2017).

In addition to demonstrating how a jurisdiction might mitigate racial inequity in a pretrial risk assessment system,
Kentucky’s experience also highlights the need for routine testing of pretrial risk assessment tools and routine
evaluation of pretrial risk assessment systems to ensure that the goals of pretrial justice are achieved.”

Conclusion

Amid potential reforms to the state’s bail system, pretrial risk assessment offers the opportunity to make release
or detention decisions that might better balance arrested individuals’ right to liberty with the need to maintain
victim and public safety. When used effectively, pretrial risk assessment can help make pretrial decisions more
transparent, consistent, and equitable. Since most counties already have pretrial services and are already using a
risk assessment tool, this report focuses on ways to improve existing systems and practices, as well as
considerations for evaluating whether pretrial programs meet local policy objectives.

To function effectively, all stakeholders should understand how pretrial risk assessment works, what risk
predictions mean in the local policy context, and how to translate risk predictions into release or detention
decisions. Local collaboration—among pretrial services, the police, probation officers, the courts, social services,
and the larger community—is critical. Creating a public forum that allows for the improvement of pretrial policies
that are collectively agreed upon, communicated through training, and easy to administer can promote the success
of these policies (CPOC 2019; DeMichele et al. 2018a; Myburgh et al. 2015; PAI 2019). To that end, the
Community Corrections Partnerships, established to implement realignment, provide models of public and
transparent policymaking that can be replicated.?*

Lack of sufficient data may present challenges to the implementation of effective pretrial risk assessments and
their ongoing evaluation. First, the criminal history data often used in assessment tools—such as incarceration,
arrests, and failures to appear—may be housed in different local or state agencies. It is critical that agencies work

23 Several of the case studies presented in Technical Appendix A further illustrate this point.

24 Transparency requires a record of information that contributed to each release or detention decision, including which risk category was predicted; how it was
predicted (e.g., the predictors and the assessment tool used); the recommendation to release or detain; whether that recommendation was overridden and why; and the
final release or detention decision (PAI 2019).
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together to store and collect the necessary data, and that the data are collected in a uniform manner. Second, data
collection is necessary for evaluating and monitoring whether pretrial risk assessment systems are achieving the
desired objectives. However, many counties in California may not process enough cases to ensure the accuracy of
these tools with the data they have available or for their own local populations. Options for addressing these
challenges range from piloting and evaluating the accuracy of the tools with the available data to collaborating
with neighboring counties that have similar populations on data collection and testing.

Racial equity is a key concern for practitioners and policymakers involved in pretrial services and risk assessment.
In particular, pretrial risk assessment tools have raised questions about whether the use of criminal history
information will systematically disadvantage racial minorities and other marginalized groups. However, when
implemented effectively, pretrial risk assessment systems also enable transparency and consistent decision-
making processes—which can offer an important avenue for identifying and addressing potential inequities in
pretrial justice. Stakeholders should track accuracy and equity rates across race/ethnicity and other socioeconomic
characteristics during ongoing testing and evaluation of pretrial risk assessment tools—and, if needed, adjust
decision-making protocols based on these findings.

Ensuring that pretrial risk assessment systems balance arrested individuals’ right to liberty with victim and public
safety, while also promoting equity, is an ongoing process that requires transparency as well as consistent and
complete data collection. In addition, routine monitoring, testing, and evaluation of pretrial risk assessment
systems are essential to identify areas of weakness and develop strategies that will enable counties to offer pretrial
services that align with their policy objectives.
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Appendix A. Case Studies

Introduction

In this supplementary section, we present six two-page case studies that draw on the work of local governments,
journalists, and researchers who encountered and overcame challenges as they sought to implement or understand
pretrial risk assessments tools. For each case, we provide a summary and several key “takeaways.” The cases
provide concrete examples that support the key points made in main report.

In the first case we describe how officials in Riverside County updated their Pretrial Services Division. The case
illustrates the advantages of locally validating and modifying a pre-existing risk assessment tool. It also highlights
the need for jurisdictions to clearly define the objectives they want to achieve through their pretrial risk
assessment systems because technical and policy decisions made during the development of those systems can
either promote or undercut those objectives (CJI 2017; Lovins and Lovins 2015).

The Santa Clara County case allows us to highlight several key points from the main report. Risk level
classifications from pretrial risk assessment tools can be misleading, which highlights the importance of
developing policy frameworks—what we call pretrial risk assessment systems—to transparently and consistently
translate risk level classifications into pretrial release or detention recommendations. The county’s commitment to
routine monitoring and regular evaluation of its pretrial risk assessment system also highlights the importance of
addressing overrides. Overrides can negatively impact the transparency, consistency, and equity of pretrial release
or detention decisions. To understand why overrides occur, what their impact is, and how they can be addressed,
the reasons for overrides must be consistently recorded (BRWG 2016; Levin 2012).

We then describe how Sonoma County created a pretrial risk assessment tool and system, highlighting the
advantages of a transparent local process. We discuss the challenges of such an ambitious undertaking, including
how to define and measure risk, whether to include predictors such as socioeconomic and mental health status,
and what can happen when pretrial risk assessment tools classify too many people as medium risk. In addition,
Sonoma County’s recent evaluation of its pretrial risk assessment tool and system provide an excellent example
for other counties to follow (PJI n.d.; Feld and Halverson 2019; Robertson and Jones 2013).

Next we describe the work of two researchers who developed their own pretrial risk assessment tool using only
two predictors. Their work demonstrates that even jurisdictions with limited resources or data, may be able to
develop a pretrial risk assessment tool for use within a pretrial risk assessment system (Dressel and Farid 2018).

Our final two case studies focus on equity—and whether it can be achieved by any measure—that have been
raised as the use of pretrial risk assessment tools has proliferated. We begin by describing ProPublica’s conflict
with Northpointe, the proprietors of the COMPAS. Their disagreement illustrates, first, that there are multiple
ways to quantitatively define equity; second, that not all definitions of equity can be satisfied simultaneously; and
third, that racial inequity originates in the historical criminal justice data that pretrial risk assessment tools rely on
to make risk predictions (Angwin et al. 2016; Dieterich, Mendoza, and Brennan 2016; Mayson 2018).

Finally, we summarize findings from a recent Center for Court Innovation study. This case presents an example of
how pretrial risk assessment tools and systems can be evaluated and adjusted to promote local policy objectives
related to equity. It illustrates how California’s counties can, first, determine the degree of racial and other forms
of inequity that pretrial risk assessment tools might propagate and, second, how that inequity can be mitigated by
developing and testing alternative policies for interpreting risk predictions and making pretrial release or

detention decisions based on them (Picard et al. 2019).
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Riverside Case Study

Riverside County began using the Virginia Pretrial Risk Assessment Tool (VPRAI) in 2014 and validated it
locally two years later. A Pretrial Steering Committee (PSC) comprised of representatives from the Probation
Department, Pretrial Services Unit, the Court, Sheriff’s Department, and offices of the Public Defender and
District Attorney oversaw validation.

The PSC set three clearly defined pretrial policy objectives: to release more people on own recognizance; to
ensure release decisions correspond to assessed risk; and to develop a continuum of supervision options (i.e.,
“graduated sanctions”), from release on own recognizance for the lowest risk individuals, to detention for the
highest risk individuals. To achieve these objectives the PSC validated the VPRALI locally, invested in electronic
monitoring to supervise released individuals, and automated court date reminders to reduce failure to appear rates.

During validation, the VPRAI was modified to create the Riverside PRAI (RPRAI). The RPRAI maintained the
same definition of pretrial misconduct—a compound outcome of either failure to appear in court or pretrial
arrest—but reduced the number of predictors of pretrial misconduct from nine to five. The five predictors
measured criminal history, housing status, and substance use. In addition, the number of risk level classifications
was reduced from five to three. As a result of these changes the overall accuracy of the RPRAI improved slightly
relative to the VPRAL increasing from 0.609 to 0.614. However, the performance of the RPRAI varied for
different demographic subgroups of individuals. The RPRAI was slightly more accurate for females than for
males and for nonwhites relative to whites.

How people were classified using the RPRAI may have undermined the local policy objectives defined by the
PSC because high risk individuals, on average, were still less likely to commit pretrial misconduct than not and
most individuals were classified as moderate risk—common outcomes in pretrial risk assessment. Individuals
classified as low risk under the RPRAI had pretrial misconduct rates of 13 percent, while those classified as
moderate and high risk committed pretrial misconduct at rates of 27 percent and 43 percent respectively. Nearly
60 percent of assessed individuals fell into the moderate risk level classification, whereas 14 percent fell into the
low risk level classification and 28 percent were classified as high risk. Judges overrode the pretrial release or
detention recommendations from the RPRAI 30 percent of the time.

Takeaways

Validation of an existing tool can lead to performance improvements.

By adopting the VPRALI, Riverside avoided the challenges associated with developing a bespoke tool from
scratch. By modifying the tool Riverside demonstrated that the local performance of VPRAI could be improved
and also generated information regarding how the tool performed on different local demographic subgroups,
which is crucial to assessing equity in risk prediction and pretrial release or detention decisions.

Risk level classifications should enable pretrial decisions that support policy objectives.
Only about one in ten individuals assessed using the RPRAI were classified as low risk and, thus, clearly eligible
for release. This likely contributed to the county’s failure to release a higher share of its pretrial population, as
evidenced by rising proportions of pretrial detainees in the county jail in recent years (BSCC Jail Profile Survey).
To create the conditions under which the objective of releasing more people on their own recognizance can be
met, the PSC could adjust the cut points to classify more people as low risk.
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Robust pretrial risk assessment systems interpret ambiguous risk level classifications.
Similarly, the RPRAI classified so many individuals as moderate risk that judges likely could not differentiate
between moderate risk individuals who should be released and moderate risk individuals who should be detained.
To facilitate those decisions, the PSC could provide more guidance to judges. Specifically, the conditions under
which medium risk people should be released can be broadened by expanding graduated sanctioning options.

Policies should be developed to address risk assessment overrides.

The absence of a strong pretrial risk assessment system to inform pretrial release or detention decisions based on
the RPRAI also likely contributed to high rates of judicial overrides. Although the county tracked overrides, it
neither evaluated how those overrides impacted the accuracy and equity of the RPRAI nor responded by taking
steps to minimize them. For example, the PSC could track the reasons for overrides and use that information to
develop a decision matrix that relates risk level classifications to information omitted from the RPRAI. Such a
framework might promote more consistency and transparency in judges’ decisions.
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Santa Clara County Case Study

About a decade ago, the Pretrial Justice Institute helped Santa Clara County develop a pretrial risk assessment
tool that includes three risk prediction models that predict three pretrial misconduct outcomes—new arrest, failure
to appear, and technical violations—for assessed individuals. A workgroup comprised of local criminal justice
officials also created a pretrial risk assessment system to interpret risk predictions from the tool. The workgroup
developed a scoring manual and created a decision matrix that associated risk level classifications with pretrial
release or detention decisions and supervision conditions.

Santa Clara County engaged in a collaborative process to develop a pretrial risk assessment tool and a pretrial risk
assessment system. Yet two aspects of the risk level classifications produced by the tool illustrate potential
challenges associated with making informative classifications. First, some pretrial misconduct outcomes were
rare. For example, 99 percent, 93 percent, and 89 percent of individuals classified at levels one (lowest), two, and
three (highest), respectively, were not arrested during the pretrial period. As discussed in Technical Appendix C,
rare outcomes are difficult to predict, which led to a second problem. Most classified individuals fell into one risk
level classification—a sign that the risk prediction model could not differentiate between high and low risk
individuals. For instance, 93 percent of individuals were classified at level two by the failure to appear model.

Santa Clara County evaluates its pretrial risk assessment system regularly. Those regular evaluations include
examination of overrides—departures from the recommendations of the system—by judges and pretrial services
officers (PSOs). According the Santa Clara County Bail and Release Workgroup, Santa Clara allows PSOs to
override 15 percent of the time and only after they specify reasons for overrides, which are reviewed by a
supervisor. Yet judges can override PSOs recommendations without specifying why. Judges overrode the
recommendations of PSOs 25 percent of the time in 2015.! “Anecdotal information” indicates that judges override
in response to additional information provided by the prosecutor, a process that could be formalized to account for
different types of information (BRWG 2016: 45).

Takeaways

Use separate risk prediction models to predict each pretrial misconduct outcome.
According to a report from the Partnership on Al, an organization dedicated to studying best practices in artificial
intelligence, different pretrial misconduct outcomes should be predicted using separate risk prediction models
(PAI 2019). Yet many existing pretrial risk assessment tools predict compound outcomes (e.g., failure to appear
and arrest) using a single risk prediction model. By contrast, Santa Clara County’s pretrial risk assessment tool
predicts three outcomes using separate risk prediction models, which allows policymakers to differentiate
between risks of pretrial misconduct and to create graduated sanctions based on those differences.

Understand what “high” and “low" risk mean in the local population.

To make appropriate pretrial release or detention decisions, judges and PSOs should understand what “high” and
“low” risk mean in terms of the chance that a person will commit pretrial misconduct. In Santa Clara County,
pretrial misconduct was rare, which may have distorted the meaning of high risk. Only 11 percent of individuals
classified as high risk were arrested after being released during the pretrial period. Put another way, people

! By 2019, judges’ decisions were in concordance with the pretrial risk assessment system in at 90 percent of cases—although they still do not record the reasons for
their overrides (personal communication 2019).
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assessed at high risk had 89 percent probability of not being arrested. Thus, in Santa Clara County, even many
individuals classified as high risk may have been safe to release.

When risk level classifications do not inform pretrial release or detention decisions,
pretrial risk assessment systems should.

The pretrial risk assessment tool used in Santa Clara County classified most individuals as medium risk. In fact,
the failure to appear model classified people as medium risk with such high prevalence that it provided judges
with little information about how to determine who should be released and who should be detained. Although
Santa Clara County developed a decision matrix to inform judges’ and PSOs’ release or detention decisions, those
recommendations are regularly overridden—suggesting a misalignment between the risk assessment system and
the individuals who make those decisions. This misalignment can be addressed by adjusting the policies within
the pretrial risk assessment system to accommodate or eliminate overrides—but only if more information about
them is collected.

Routinely monitor and regularly evaluate pretrial risk assessment tools and systems.

Santa Clara County routinely monitors and regularly evaluates its pretrial risk assessment system, which has
resulted in higher pretrial release rates and lower pretrial misconduct rates. However, override rates have
increased over time in Santa Clara County. Although the county has taken steps to address overrides, more could
be done to understand why they are occurring, how they might impact consistency and equity in pretrial release or
detention decisions, and to refine the pretrial risk assessment system in response.

Require judges to record why they override.

High override rates among PSOs and judges threaten the transparency, equity, and consistency of pretrial risk
assessment systems. Although PSOs in Santa Clara County are required to provide their supervisor with written
justifications for overrides, the same does not seem to be true for judges (BRWG 2016). Collecting data on the
reasons for overrides will enable evaluators to characterize the situations in which they happen, determine
whether they introduce inconsistency or inequity in the administration of pretrial justice, and redesign the pretrial
risk assessment system to ameliorate or accommodate them. An example of this is Sonoma County’s system of
“enhancements,” which is described in the following case.

PPIC.ORG Technical Appendices Pretrial Risk Assessment in California 6


https://www.ppic.org/

Sonoma County Case Study

Sonoma County redesigned its pretrial policy framework by creating a risk assessment system around a locally
developed pretrial risk assessment tool. The locus of the redesign was the Community Corrections Partnership
(CCP), a local policymaking workgroup comprised of representatives from county administrative, criminal
justice, and social services agencies. Prior to public safety realignment, the CCP was formed to reduce recidivism
to state prisons and then maintained as an advisory body.

Sonoma County designed its risk assessment system with the objective of helping judges make more consistent
and transparent pretrial release or detention decisions. A pretrial risk assessment tool---the Sonoma County
Pretrial Risk Assessment Tool (SPRAT)—was designed to predict the likelihood that individuals will commit
pretrial misconduct. Then a policy framework was developed to facilitate interpretation of those risk predictions.

To create the SPRAT, researchers defined pretrial misconduct as a compound outcome of either arrest for a new
crime or failing to appear in court and used existing criminal justice data to determine which factors predicted
pretrial misconduct. The most predictive factors were criminal history, gang affiliation, homelessness,
employment, and potentially violent mental health disorders.

To interpret the SPRAT risk predictions, CCP members collaborated with the courts to create a decision matrix
that related risk level classifications and current offenses to pretrial release or detention decisions. The level of
supervision increased with the SPRAT score and the severity of the offense. For instance, an individual who
scored a 2 (of 4) on the SPRAT and who was booked for a petty theft could be released on own recognizance,
while a person scoring a 3 who was arrested for domestic violence would be subject to stricter supervision.

Although Sonoma County has decided to transition from their SPRAT-based pretrial risk assessment system to
one centered on the PSA, their experience provides valuable lessons for counties that may want to develop and
evaluate their own pretrial risk assessment tools. In particular, the county evaluates the performance of their
pretrial risk assessment system annually. The most recent report from 2018 examined overrides and
“enhancements,” which are conditions (e.g., threats to victims) that elevate risk classification levels above those
predicted by the SPRAT. The analysis revealed that enhancements increased the number of people recommended
for detention or enhanced supervision by 230 percent in 2018. Overrides by pretrial services officers also
increased the number of people recommended for detention or enhanced supervision—but only by 13 percent—
and mainly because the person was charged with a new crime. Judges also overrode SPRAT recommendations.
Unlike pretrial services officers, they did so in both directions—some individuals who might have been detained
were released and vice versa. Unfortunately, why judges departed from the SPRAT recommendations is
unknown. Importantly, Sonoma County also examined racial inequity at six decision points in their pretrial risk
assessment system, from whether an arrest resulted in a booking to whether a released defendant committed
pretrial misconduct. Blacks were 5 times as likely as whites to be booked and 50 percent more likely to be
recommended for detention or enhanced supervision before enhancements.

Takeaways

Convene a local stakeholder group.

Sonoma County repurposed an existing policymaking body to ensure that the relevant parties participated publicly
in the development of its pretrial risk assessment system.
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Be transparent.

The SPRAT was developed in a public forum, so the process used to develop the SPRAT was transparent.
Likewise, the process through which individuals are classified is also transparent. How much each risk factor
contributes to the overall risk score is explicitly stated. In addition, the decision matrix clearly illustrates how risk
predictions are translated into pretrial release or detention decisions—and it is available online.

Avoid compound definitions of pretrial misconduct.

Creating a compound measure of pretrial misconduct reduced the transparency of the SPRAT. Compound
outcomes are less transparent because it is unclear whether a person classified as high risk threatens public safety,
is likely to miss a court date, or both. In addition, failure to appear and pretrial arrest are distinct outcomes with
distinct predictors. Using the same variables to predict both outcomes simultaneously assumes that the predictors
explain both outcomes similarly. Thus, the accuracy of the SPRAT may also have been negatively impacted.

Socioeconomic predictors may introduce inequity.

Of the SPRAT predictors, homelessness and mental health correlated most strongly with higher risk of pretrial
misconduct. However, the Judicial Council has indicated that it may prohibit using these factors as “exclusions”
because doing so can increase detention rates for people who are disadvantaged, rather than criminal. Before such
factors are used in a risk prediction model, they can be tested to determine whether they propagate disadvantage.

Do not double-weight predictors.

Although the decision matrix transparently facilitates pretrial decisions, it double counts the same measure of
criminal history by using it both to predict risk and as a component of the decision matrix. In addition, that
weighting is often counteractive. For example, the SPRAT classifies individuals arrested for DUIs as very low
risk of pretrial misconduct, but the decision matrix elevates an arrest for a DUI to a higher supervision status.

Revalidation is critical to assessing and addressing inequity in risk predictions.

Sonoma County’s 2018 report highlights pretrial decision points where racial inequity can materialize. Their
assessment indicated racial inequity at several of them. For the tool’s performance, the most concerning are the
inequities in pretrial risk predictions and pretrial release or detention recommendations. To address these
inequities, the county can explore how alternative policies might exacerbate or ease them, as illustrated in the
Center for Court Innovation case.

Regular evaluation is critical to understanding how systems perform over time.

Although pretrial release following a SPRAT assessment increased by 16 percent between 2016 and 2018,
overrides and enhancements generally led to more restrictive pretrial release conditions. Enhancements are
policies external to the pretrial risk assessment tool that affect how the system performs. If the county wants to
release more people under less restrictive conditions, enhancement modifications may be required. Judicial
downgrades present an opportunity to examine whether enhancements can be modified to allow release under
certain circumstances.
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Dressel and Farid Case Study

Transitioning to a pretrial risk assessment tool can create unique difficulties for counties that do not currently
operate robust data collection systems. For example, using a pretrial risk assessment tool such as COMPAS,
which uses 8 predictors that may be sourced from a core questionnaire that includes 137 items, may not initially
be feasible for counties that currently collect only basic criminal justice and demographic information. Identifying
additional predictors, hiring and training staff to collect them for each assessed person, and standardizing their use
may be too steep a curve to overcome initially.

Dressel and Farid (2018) showed that more parsimonious and less resource intensive risk assessment tools can be
developed. For counties with limited data resources seeking to transition to a risk based method of making pretrial
release or detention decisions, the methods and models Dressel and Farid (2018) described may offer a more
viable starting point for the local development a pretrial risk assessment tool. Using standard logistic regression
methods for a sample of about 7,000 people, they created a risk prediction model using two predictors: age and
total number of prior convictions.

Takeaways

Simpler risk prediction models can rival the accuracy of more complex models.

When Dressel and Farid (2018) compared their model to the COMPAS, they found that their tool correctly
predicted outcomes 66.8 percent of the time, whereas the COMPAS correctly predicted outcomes 65.4 percent of
the time. Although the overall accuracies of the two tools were similar, the types of errors they made were slightly
different. The Dressel and Farid (2018) model incorrectly detained people at slightly higher rates than the
COMPAS but also incorrectly released slightly fewer people.

Simpler risk prediction models can be similarly equitable across racial groups.

Dressel and Farid’s (2018) two-predictor model was also similarly accurate for black and white individuals. Their
model correctly predicted outcomes for whites 66.4 percent of the time compared to 67.0 percent for the COMPAS,
and correctly predicted outcomes for 66.7 percent of blacks compared to 63.8 percent for the COMPAS.

More complicated pretrial risk assessment tools maintain certain advantages.

Pretrial risk prediction tools that use more information to predict risk tend to more accurately classify the most
and least risky individuals because very high and very low risk classifications are made based on more robust
information. Similarly, more complicated tools are able to make more accurate predictions when faced with
individuals charged with less prevalent forms of criminal behavior, such as those charged with violent offenses.
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ProPublica-COMPAS Case Study

In 2016 ProPublica published an article questioning the equity of the Correctional Offender Management
Profiling for Alternative Sanctions (COMPAS) pretrial risk assessment tool. According to ProPublica the
COMPAS classified blacks as higher risk than whites even when they had similar criminal histories. Northpointe,
the proprietor of COMPAS, argued that their tool was not inequitable or biased because the higher predicted risk
for blacks accurately reflected the reality that blacks were more likely than whites to be arrested. Both parties
were correct because each applied a different standard of equity (Mayson 2018).

Northpointe emphasized predictive parity, meaning a pretrial risk assessment tool should predict misconduct
outcomes equally well for all individuals classified at a given risk level. For example, COMPAS expects about 60
percent of men of both races who are classified as high risk to be rearrested. ProPublica found that both black and
white males classified by COMPAS as high risk were rearrested at about that rate. By this standard, the COMPAS
pretrial risk assessment tool is not racially biased—the likelihood of correctly predicting rearrest is the same for
both black and white men.

However, ProPublica applied a different standard of equity. Statistical parity expects individuals who experience
particular pretrial misconduct outcomes to have been classified similarly. The COMPAS did not meet this
standard. Among individuals who were not rearrested, 45 percent of blacks were classified as high risk, whereas
only 23 percent of whites were. Similarly, among individuals who were rearrested, 48 percent of whites were
classified as low risk, whereas only 28 percent of blacks were. By this standard, COMPAS is racially biased—
more black men who are not rearrested are classified as high risk and fewer black men who are not rearrested are
classified as low risk.

Takeaways

Policymakers need to consider the implications of failing to meet each standard of equity.
Failing to satisfy either standard of equity can have serious consequences for assessed individuals. Failing to
achieve predictive parity means that risk classifications will be more accurate for one group than for the other—
the predictions for whites are more likely to be correct than the predictions for blacks—which can lead to
inappropriate pretrial detention or release for one group of people relative to the other. Failing to meet statistical
parity can result in inequitable classification rates between groups—blacks are more likely than whites to be
classified as high risk—which can lead to more pretrial detention in one group relative to the other.

County pretrial workgroups need to determine which standard of equity best promotes
local policy objectives.

Simultaneously maximizing predictive parity and statistical parity is impossible because, as Northpointe noted,
arrest rates vary for different groups of people. Although some balance between standards of equity can be
achieved, policymakers will ultimately need to choose which standard to prioritize (Berk et al. 2018; Kleinberg et
al. 2016; Mayson 2018). Which standard is prioritized should be decided publicly, so that the public understands
the implications and tradeoffs of that decision.

Promoting either standard requires tradeoffs—specifically accuracy tradeoffs.

Increasing the equity—by either standard—of a pretrial risk assessment tool generally comes at the expense of
reduced accuracy. For example, to increase the statistical parity of the COMPAS, whites could be classified as if
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they were black, but doing so would mean detaining some whites who otherwise would be released—and thereby
compromising their right to liberty. Conversely, blacks could be classified as if they were white, which would
mean releasing some blacks who otherwise would be detained—and potentially threatening public safety. How to
weigh these tradeoffs, again, should be considered in a public forum.

Criminal justice data reflect historical bias in the criminal justice system.

Arrest rates may differ for different groups of people because criminal justice data reflect historical bias in the
criminal justice system. Historically blacks have been policed more heavily than whites, so it is unclear whether
they are actually more likely to commit crime or just more likely to be arrested because they are monitored more
closely. Yet pretrial risk assessments use these data to predict risk of pretrial misconduct as if there were not
uncertainty in how they were created. Although there are limitations to how well such biases can be addressed,
validation can help policymakers understand how accurate and equitable their pretrial risk assessments will be for
different groups of people. From that baseline understanding, decisions can be made about how to interpret those
risk predictions for all people and for protected classes of people, such as racial minorities. The Center for Court
Innovation Case Study illustrates how racial bias can be mitigated—and at what cost.
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Center for Court Innovation Case Study

Partly in response to the ProPublica-COMPAS debate, the Center for Court Innovation (CCI) determined whether
their independently-developed pretrial risk assessment tool exhibits racial bias and whether it could be mitigated
by policies that describe how to interpret and act on risk level classifications (Picard et al. 2019). CCI’s recently
released report illustrates how California’s counties can validate their chosen pretrial risk assessment tools and
evaluate their pretrial risk assessment systems to assess and mitigate racial inequity—and other potential
inequities—that may emerge as pretrial risk assessment systems mature.

CCl tested their 9-item tool, which does not include race, but does include other demographic, criminal history,
and current case information, using data from New York City. The tool classified individuals into five risk
categories according to their predicted probability of being rearrested within two years: minimal, low, moderate,
moderate-high, and high risk. When they initially tested their tool, CCI found that it classified individuals of all
races—blacks, Latinos, and whites—with similar accuracy (AUC>=0.72).

However, CCI found evidence of racial inequity in risk level classifications, which can lead to racial inequity in
pretrial detention rates. Blacks and Latinos were more likely than whites to be classified as moderate-high or high
risk: 37 percent of blacks and 29 percent of Latinos were classified as moderate-high or high risk, but only 18
percent of whites were. If pretrial release or detention decisions were made based solely on these risk level
classifications, fewer than 1 in 5 whites, but more than 1 in 3 blacks would be detained. Moreover, when they
examined rearrest rates, CCI also found racial inequity in false positive rates. Blacks and Latinos classified as
moderate high and high risk were more likely to not be rearrested than similarly classified whites: 23 percent of
blacks and 17 percent of Latinos, but only 10 percent of whites were incorrectly classified.

CClI then tried to develop policies to mitigate these inequities by assessing how different alternatives would
impact racial inequity in detention and false positive rates. First, CCI examined a policy of detaining only people
classified as high risk. Under this alternative, both detention rates and false positive rates declined, but racial
inequity remained. Detention rates were 22 percent for blacks, 10 percent for Latinos, and 16 percent for whites.
False positive rates were 10 percent for blacks, 7 percent for Latinos, and 3 percent for whites. CCI then examined
what would happen under a policy that limited detention to people classified as moderate-high and high risk who
also were charged with a violent felony or domestic violence—by interpreting risk level classifications in concert
with additional criminal history information. Relative to the first scenario, racial inequity was mitigated and
detention rates declined—but false positive rates increased. Detention rates were 13 percent for blacks and whites
and 14 percent for Latinos. False positives rates were 16 percent for blacks and Latinos and 14 percent for whites.

Takeaways

Pretrial risk assessment tools are likely to exhibit inequity—especially racial inequity.

People who have more prior arrests but are not more likely to commit crimes are more likely to be misclassified
as high risk and are more likely to be needlessly detained as a result. Some demographic groups, especially racial
minorities, are arrested at higher rates—even though they may not be more likely to commit crimes.

Validation helps counties determine the degree of racial inequity in risk prediction.

The CCI case illustrates how counties can determine the following across racial groups: (1) how a pretrial risk
assessment tool will classify individuals; (2) to what degree those classifications are likely to be accurate; (3) and
the consequences those classifications can have for pretrial release or detention decisions.
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Pretrial risk assessment systems can be designed to promote equity.

After testing the performance of the risk assessment tool and finding racial inequity in potential detention rates
and false positive rates, CCI created and tested policy alternatives to see whether they could reduce those
inequities. Ultimately, they found a policy with the potential to promote racial equity by combining information
from the pretrial risk assessment tool with an additional condition that recommends detention only when
individuals have violent charges in their criminal histories.

Increased equity will generally come at the expense of reduced accuracy.

Risk assessment combined with detaining only potentially violent criminals increased equity in this case. But
relative to a policy of only detaining the highest risk people, it comes at the cost of reduced accuracy. Although
fewer people of all races are detained under the policy that creates more racial equity, false positive rates are
higher for people of all races. Local pretrial policy objectives will determine whether this is an appropriate
tradeoff, which is why those objectives need to be determined prior to validation.

Without robust pretrial risk assessment systems, pretrial decisions are likely to be more
inequitable and inaccurate.

When CCI assumed that risk predictions would be translated directly into pretrial release or detention decisions,
nearly 1 in 5 whites and more than 1 in 3 blacks would have been detained—and 1 in 4 blacks and 1 in 10 whites
would have been incorrectly detained. CCI showed that detention rates could be reduced to less than 1 in 15 for
all racial groups and that fewer than 1 in 15 people of all races would be incorrectly detained.

Pretrial risk assessment tools can be part of pretrial justice systems that lead to more
transparent, consistent, accurate, and equitable pretrial release or detention decisions.
Non-proprietary pretrial risk assessment tools ensure that all people are evaluated in the same way, using the same
criteria. How risk predictions are made is therefore transparent and consistent. The policies that govern how to
interpret and act on those risk predictions should be similarly unambiguous and systematically applied. Under
those conditions, pretrial release or detention decisions will be similarly transparent and consistent. As the CCI
case illustrates, those policies can also be designed to ensure as much equity and accuracy as possible in pretrial
release or detention decisions.
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Appendix B. Predictors in Risk Assessment Tools

TABLE B1

Select characteristics of commercially available pretrial risk assessment tools currently used in California

Current Offense

Category representing most
serious current charge

Current charge is felony drug,
or theft

Current violent
charge

Current violent
charge and age 20 or
younger

Pending
Charges

Number of pending charges
or holds

Has pending charges

Has pending
charges

Has pending
charges

Has pending charges

Prior Pretrial

Number of FTAs

Number of times arrested or

FTA warrants in the past
24 months: 0, 1, or more
than 2

Has of two or more FTAs as
an adult

Has FTA in the past
two years

Has FTA in the past
two years

Misconduct charged for new crimes Has FTA more than
during pretrial release two years old

Has one or more past felony or | Has prior felony or Has prior felony Has prior felony
misdemeanor convictions as misdemeanor conviction conviction

bror an adult conviction Has prior Has prior

. Has two or more violent misdemeanor misdemeanor

Convictions - o L

convictions as an adult conviction conviction
Has prior violent Has prior violent
conviction conviction
Prior Number of incarcerations that | Has three or more prior Has prior sentence
. exceed 30 days incarcerations to incarceration

Incarceration

Supervision On community criminal justice

Status supervision

A Over or under age 33 at Age at current arrest

ge -
first arrest
Employment status: full time, Employment status: full Employment status: employed,
Employment part time, unemployed, notin | time, part time, unemployed, student,

labor force

unemployed

caregiver, retiree, none

Living Situation

Time in current neighborhood

Same residence for last six
months

Substance Use

Has history of drug use

Used illegal drugs in the
last six months

Drug use caused life
problems in last six months

Has history of any drug use

SOURCES: COMPAS Scale Documentation, Creation and Validation of the Ohio Risk Assessment Final Report, Virginia Pretrial Risk Assessment Tool - (VPRAI) Instruction Manual — Version 4.3,
Public Safety Assessment Website

NOTES: FTA = FTA is failure to appear, NCA is new criminal act, and NVCA is new violent criminal act. The points assigned for NCA and FTA in the PSA risk assessment tool are totaled in two
separate scales, whereas the total points for NVCA are converted to a binary “yes” or “no” outcome. The COMPAS pretrial release risk scale can be paired with the Violence Risk Scale to
determine an individual’s risk to the community.
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Appendix C. Developing “State of the Art” Pretrial Risk
Assessment Tools using Machine Learning: A Brief Introduction

Instead of validating existing pretrial risk assessment tools counties can develop and test their own. “State-of-the-
art” risk assessment tools rely on algorithms (Berk 2019: 6). Algorithms are systematically applied decision rules.
Algorithms can be very basic, generating a risk prediction using one or two pieces of information (e.g., Dressel
and Farid 2018). Algorithms can also be very complex. For example, “decision trees,” are processes that
sequentially consider dozens or hundreds of variables to predict the likelihood of an outcome (Berk 2012, 2019;
Kleinberg et al. 2017). Complex algorithms, including the decision trees that have been used to predict pretrial
outcomes, are identified using “machine learning” techniques, meaning a computer is supplied with data and
directed to predict an outcome using a specified methodology. The computer adaptively creates and revises the
algorithm as it incorporates more data. Like the comparison between clinical and actuarial assessments, pretrial
risk assessment tools based on machine learning algorithms have been shown to be more accurate than those
based on statistical models, such as logistic regression (Berk et al. 2014; Kleinberg et al 2017).?

Using Machine Learning to Develop Pretrial Risk Assessment Tools

Developing a pretrial risk assessment tool begins with at least three decisions. First, local policy objectives must
be established. Second, the outcome to be predicted must be defined. Third, the data used to predict the outcome
must be selected to reflect the local population and policy environment. Each of these steps is described in the
main report, so we only briefly summarize them here. After those decisions are made, the processes of developing
and validating the risk prediction model that will undergird the pretrial risk assessment tool can begin.

Define Pretrial Policy Objectives

Pretrial policy objectives operationalize the goals of pretrial justice, which include maximizing individual liberty,
public safety, court appearances, and equity. How counties operationalize these goals will influence the design of
the pretrial risk assessment system, from defining pretrial misconduct to making pretrial release or detention
decisions. When county pretrial workgroups convene, they should begin by defining these objectives.

Precisely Define the Pretrial Misconduct Outcome to Predict

Risk prediction models can only predict well-defined outcomes and they are “exceedingly sensitive” to the choice
of outcome (Kleinberg et al. 2019: 5, emphasis in original). As described in the main report, counties will need to
precisely define the pretrial misconduct outcomes they want to predict. Current legal scholarship indicates that
individuals should be detained only to prevent serious violent crimes during the pretrial period (Mayson 2019;
PDRW 2017).

2 The distinction between machine learning algorithms and statistical models is not always clear. A useful distinction may be that machine learning algorithms typically
impose less structure on the data than statistical methods because they do not assume an underlying model, whereas statistical methods typically do (Berk 2019).
However, there are statistical methods that also do not impose structure on the data.
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Rare Outcomes

Accurately predicting rare outcomes is a fundamental challenge for all risk prediction models. The best available
data indicates that violent crimes are committed during the pretrial period very rarely. For example, between 1990
and 2009 only 1.4 percent of felony defendants in California were arrested for a violent felony during the pretrial
period (Tafoya 2015). As a result, those forms of pretrial misconduct that pose the greatest threat to public safety
are also the most difficult to predict accurately.

Rare outcomes pose two key problems for algorithmic risk assessment tools: they limit the number of similar
cases that can be used to train the model and they make calibrating the tool to appropriately reflect the rarity of
the outcome challenging. We discussed the first problem at length in the main report: for a pretrial risk assessment
tool to make accurate risk predictions for future arrested individuals, it must have a robust sample of past similar
arrestees. Rare outcomes like violent felonies make for a small sample—particularly in less populated counties—
and may not provide enough observations to create unique training and testing datasets.

The second calibration problem is subtler. Because violent felonies occur so rarely, it is difficult for a tool to both
assign a probability that reflects their rarity and be appropriately sensitive to their occurrence. For example, if a
county has a violent felony arrest rate of 300 per 100,000 residents, then the risk prediction model should (at
most) predict that 3 percent of individuals will commit a violent felony while on pretrial release. Therefore, the
predicted probability of pretrial violence should be near zero for most assessed individuals. And those with non-
zero predicted probabilities of pretrial violence should still have low probabilities overall. Setting a threshold to
separate low from very low probabilities of pretrial violence will tend to lead to either too many (i.e., over-
sensitivity) or not enough (i.e., under-sensitivity) people predicted to commit a violent felony.

In addition, traditional performance metrics like accuracy, which are intended to reflect how well tools predict
risk, can provide deceptive information (Hester 2019). Referring to our previous example, if the risk assessment
tool never predicts anyone will commit a violent felony, it will still be accurate 97 percent of the time because it
will make incorrect predictions only for the 3 percent of individuals who do commit violent felonies. Yet the tool
will fail to predict violence for 100 percent of the instances in which it occurs. Similarly, the tool could grossly
over predict the number of people likely to commit a violent felony, and still result in a very high accuracy. As a
result, researchers and practitioners responsible for validating the performance of risk assessment tools should
carefully examine the different types of errors the tool makes in predicting rare outcomes, rather than relying on
more general diagnostics that reflect the overall performance of the tool. We describe how to do this in Technical
Appendix D.

Collect Representative Data to Develop and Test a Risk Prediction Model

Pretrial risk assessment tools unavoidably use information from the past to predict the future. When gathering
data to develop and test tools, counties should try to gather past data that best represents the current local policy
landscape and the current local pretrial population. As described in the main report, important considerations
include whether there have been substantial demographic shifts or shifts in the policy environment that may affect
pretrial misconduct outcomes (e.g., Bird et al. 2016).

To build a representative dataset, information on all pretrial release or detention decisions and pretrial misconduct
outcomes in a county over a relevant time period should be gathered, as should additional systematically collected
data that can be used to make pretrial risk assessments (e.g., demographic, criminal history, and socioeconomic
information). Counties should gather as much information as possible and include it in the dataset—no predictors
should be excluded a priori (e.g., due to equity concerns). Machine learning models perform better when more
data is available to them. Whether including particular predictors compromises equity can be evaluated later.
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Developing and Testing a Risk Prediction Model

In a machine learning framework, developing a risk assessment tool essentially amounts to developing (and
choosing) the best performing risk prediction model and then testing it. Both developing (i.e., training) a risk
prediction model and validating (i.e., training) it require unique samples or subsets of the representative dataset.’
How much data—meaning how many observations—the dataset contains therefore determines whether and which
machine learning techniques can be used to develop the tool. In jurisdictions with larger volumes of pretrial
release or detention decisions and misconduct outcomes (e.g., 10,000 or more), machine learning techniques that
rely on “big data” are feasible (e.g., Kleinberg et al. 2017). In jurisdictions with fewer pretrial release or detention
decisions and pretrial misconduct outcomes (e.g., 1,000), the methods differ, but may still exploit recently
developed machine learning techniques (e.g., Berk et al. 2014).

Large Sample Machine Learning Techniques

To apply machine learning techniques in large samples, the representative dataset will be divided into a minimum
of two subsets. The first subset is used for “training.” In the training stage, the data are used to incrementally
improve upon a risk prediction model until a version of the model that best predicts the desired pretrial
misconduct outcome while also satisfying the local policy objectives is identified. The second subset is used to
test the chosen risk prediction model, meaning to reassess its performance using data it has not yet seen. This
process is akin to the validation process that we described in the main report. A third “verification” subset is often
desirable (but not strictly required) because it enables a second independent test of the chosen risk prediction
model (e.g., Kleinberg et al. 2017; Berk 2012, 2019).*

Small Sample Machine Learning Techniques

Berk et al. (2014) developed the only machine learning process for small samples (n~1500) of which we are
aware. Their process, which is available as an R package, relies on kernel methods and requires three unique
subsets of the data. Training data are used to identify several promising risk prediction models. A second
“specification” dataset is used to identify the best performing risk prediction model from among the promising
models. Finally, testing data is used to assess the performance of the chosen risk prediction model on new data.

Limitations of Machine Learning: Transparency and Complexity

Although machine learning algorithms often outperform simpler statistical models, they are less transparent in
how they reach their predictions. For statistical models, analysts can directly examine the predictors and the risk
prediction model to understand how a risk prediction will be reached. That is not possible with machine learning
algorithms. Machine learning algorithms can be adjusted. But to understand what happens when a machine
learning risk prediction model runs, it must be run (Kleinberg et al. 2019).

Finally, county agencies that are already overwhelmed with administrative tasks, policy development, and policy
evaluation may find it difficult to allocate the time and resources necessary to learn and applying machine
learning techniques to the development of pretrial risk assessment tools. Counties may therefore find it fruitful to
collaborate with academic institutions or research consulting firms to develop such tools.

3 Ideally, each subset will include unique observations: the available data will be divided so that each observation appears in only one of the subsets. Alternatively,
random samples can be taken from the available data. In the later scenario, each subset will be unique, but some observations will be repeated across the subsets.
4 Berk (2012) steps through these processes, provides some examples of machine learning code, and provides additional references for deeper learning.

PPIC.ORG Technical Appendices Pretrial Risk Assessment in California 17


https://www.ppic.org/

Appendix D. Performance of Risk Assessment Tools

Risk assessment tools are validated by considering different aspects of their performance, meaning how well the
predictions made by the risk assessment tool conform to future behavior on the part of the assessed individuals. In
the sections that follow, we present the most common performance measures and illustrate how they are derived.
We then explain the intuition behind each measure.

Relationships between Risk Predictions and Pretrial Misconduct
Outcomes

When there are two risk predictions, high risk or low risk, and two pretrial misconduct outcomes, failure to appear
(FTA) or appear, the paths from risk prediction to pretrial misconduct outcomes can be depicted as in Figure D1.
Figure D1 can then be translated into what is called a confusion table, as depicted in Table D1. A confusion table
relates the risk predictions made by risk assessment tools to the behavior observed after the prediction was made.

FIGURE D1.
Relating risk predictions to pretrial misconduct outcomes

Pretrial Misconduct
Outcome

Risk VS
Prediction

Failure to Appear

High Risk

\-> Appear
/‘} Failure to Appear
\_} Low Risk

Appear

SOURCE: Author illustration

The four cells at the center of the confusion table reflect the four potential relationships between pretrial risk
predictions and pretrial misconduct outcomes shown in Figure D1: two ways of making correct risk predictions
and two ways of making incorrect risk predictions. In this framework, “true” means correct, “false” means
incorrect, “positive” indicates the predicted behavior (in our example, failure to appear), and “negative” indicates
the opposite of the predicted behavior (in our example, appear).
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TABLE D1
Confusion table that represents the relationship between predicted risk and actual behavior on pretrial release

Equity
(Outcome Oriented)

Fail to Appear Appear Statistical Parity
High Risk True Positive False Positive False Positive Rate
TP FP FP/(FP+TN)
Low Risk False Negative True Negative False Negative Rate
FN TN FN/(FN+TP)
Equity Predictive False Discovery False Omission
o ) Parity Rate Rate
(Prediction Oriented) FP/(FP+TP) FN/(FN+TN)
Accuracy (TP+TN)/(TP+FP+FN+TN)
Accuracy Calibration Percent Appear  Percent Low Risk

SOURCE: Author illustration

In the sections that follow, we first review the most common overall performance metric, the area under the curve.
We then review more fine-grained indicators of performance. We introduce two different perspectives on the
performance of risk assessment tools and show why they matter for the measurement of performance. The same
tool can be said to perform well or poorly, depending on the perspective adopted. Finally, we highlight the
consequences for accuracy and equity of measuring performance from each perspective.

Overall Performance: Area under the Curve

The most common performance measure is called the area under the curve (AUC). The “curve” is the receiver
operating characteristic (ROC) curve, which is a plot of the true positive rate (on the y-axis) as a function of the
false positive rate (on the x-axis), as depicted by the blue line in Figure D2. The ROC curve visually represents
the tradeoff between assigning a high risk classification to individuals likely to commit pretrial misconduct (i.e.,
making a correct prediction) and assigning a high risk classification those who are unlikely to commit pretrial
misconduct (i.e., making an incorrect prediction). The AUC measures the distance between the ROC and an
idealized relationship between the correct and incorrect predictions, which is represented by the orange line in
Figure D2. This line represents a 1:1 ratio between correct and incorrect predictions.

Intuitively, a risk prediction model performs better by making more correct than incorrect predictions: the ratio
between correct and incorrect predictions is greater than 1:1. When that occurs, the ROC line will lie above the
idealized line, as shown in Figure D2. The greater the distance between the ROC line and the idealized line, the
more true positives the risk prediction model assigns relative to false positives. Taking the integral of the ROC

relative to the idealized line produces the AUC.

PPIC.ORG Technical Appendices Pretrial Risk Assessment in California 19


https://www.ppic.org/

FIGURE D2
Hypothetical area under the curve plot

1 -
0.9 -
0.8 -
0.7 -
06 -
0.5 -
04 -
0.3 -
0.2 -
0.1 -

0

True Positive Rate

00 01 02 03 04 05 06 07 08 09 10
False Positive Rate

SOURCE: Author illustration

AUCs can range from 0.0 to 1.0, with 1.0 indicating perfectly accurate prediction and 0.0 indicating perfectly
inaccurate prediction. An AUC of 0.5 means that the tool has a 50 percent chance of distinguishing a high risk
person from a low risk person—no better than flipping a coin. An AUC of 1.0 means that the tool has a 100
percent chance of distinguishing a high risk person from a low risk person. Generally, an AUC value greater than
0.7 signals that the risk prediction model makes adequately accurate predictions, whereas values below 0.6
suggest that it does not.

Perspectives on Performance

Using the four basic relationships at the heart of the confusion table, we can examine the performance of a risk
assessment tool from two perspectives. Within each perspective both correct and incorrect predictions are
possible. However, analysts typically evaluate the performance of risk assessment tools in terms of the false or
incorrect predictions, rather than the true or correct predictions. In other words, they want to understand
prediction errors so that they can be corrected. The key fact to recognize is that false positives and false negatives
can be measured in two ways, from two perspectives.

Prediction-Oriented Perspective

A prediction-oriented perspective looks forward from predictions to outcomes and asks: at what rate did the risk
predictions fail to materialize? At what rate did high risk people appear; and at what rate did low risk people fail
to appear? The former is called the false discovery rate (mathematically: FP/FP+TP). The latter is called the false
omission rate (mathematically: FN/FN+TN).’

3 These false rates have corresponding true rates: at what rate did the risk predictions materialize as actual outcomes? For two-by-two confusion tables, the true rates
oppose the false rates.
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Outcome-Oriented Perspective

Alternatively, an outcome-oriented perspective looks backward from outcomes to predictions and asks: at what
rate were the outcomes predicted incorrectly? At what rate were the people who failed to appear predicted to
appear; and at what rate were the people who appeared predicted to fail to appear? The former is called the false
negative rate (mathematically: FN/FN+TP). The latter is called the false positive rate (mathematically:
FP/FP+TN).°

Defining Accuracy and Calibration

Accuracy in risk assessment is most often defined as the proportion of correct predictions: the number of true
positives plus the number of true negatives, divided by the total number of predictions (mathematically:
(TP+TN)/(TP+TN+FP+FN)).” Defined in this way, accuracy depends on each of the four core relationships
between risk predictions and actual behavior. This is also a very intuitive definition of accuracy.

However, accuracy can be defined in more than one way. Another definition of accuracy has been called
“calibration” (Kleinberg et al. 2016: 4). Calibration asks whether the proportion of people predicted to appear
matches the proportion of people who actually appear regardless of whether those predictions are correct or
incorrect (mathematically: (FP+TN)/(TP+TN+FP+FN)).

To see why calibration is an important alternative measure of accuracy, consider a population in which only 80
percent of people appear but the tool predicted that 50 percent are at high risk for failing to appear. The
performance of the tool is immediately called into question because it predicts that far more people will fail to
appear than actually do fail to appear. Thus, calibration is an important initial test of the performance of a risk
assessment tool. It requires that risk scores “mean what they claim to mean” even if the predictions are sometimes
incorrect (Kleinberg et al. 2016: 4).

Predictive Parity and Statistical Parity

In Technical Appendix E, we discuss seven standards of equity. Here, we discuss in more detail the two we
highlighted in the main report. Statistical parity adopts an outcome-oriented perspective by looking backward
from an outcome to ask how many people in each group were predicted to experience it. Predictive parity adopts
a prediction-oriented perspective by looking forward from a prediction to ask how many people in each group
experienced the outcome.

A tool achieves statistical parity when the false positive rate and the false negative rate are the same for both
groups of people.® More intuitively, the percentage of people who appeared and who were initially classified high
risk should be the same in both groups. Likewise, the percentage of people who failed to appear and who were
initially classified as low risk must be the same in both groups.

Predictive parity requires the false discovery rate and the false omission rate to be the same for both groups of
people. More intuitively, the percentage of people classified as high risk and who go on to appear must be the
same in both groups. Likewise, the percentage of people classified low risk and who go on to fail to appear must
be the same in both groups.’

© Similarly these false rates have corresponding true rates: at what rate were the actual outcomes predicted?

7 The complementary measure to accuracy is the misclassification rate, defined as proportion incorrect predictions (mathematically: FP+FN/TP+TN+FP+FN).
8 Berk et al. (2018) refer to this as “conditional procedure accuracy equality.” We chose a term that references more commonly used terms in the broader risk
assessment literature.

° Berk et al. (2018) refer to this as “conditional use accuracy equality.” We chose to follow Chouldechova’s (2017) lead because her terminology references the
common definitions of the true composite terms: positive predictive value (TP/(TP+FP)) and negative predictive value (TN/(TN+FN)).
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Like accuracy, statistical parity and predictive parity rely on each of the four relationships between risk
predictions and actual behavior. Intuitively, these relationships suggest that there will be tradeoffs between
accuracy, statistical parity, and predictive parity. To demonstrate why those tradeoffs are inevitable in real-world
situations, we introduce two more concepts: base rates and error weights.

Accuracy, Equity, and Base Rates of Pretrial Misconduct

Base rates refer to the underlying probability that an outcome will occur in a population or in subsets of that
population. Different subsets of a population (e.g., groups delineated by race, age, or socioeconomic status) do not
necessarily have equal probability of experiencing pretrial misconduct outcomes. Their base rates of failing to
appear or committing a crime during pretrial release differ.

The potential for underlying variation in base rates of experiencing pretrial misconduct outcomes complicates the
notions of equity and accuracy that we have been discussing. To understand why consider the tables in Panels A,

B, and C of Figure D3. The tables in each panel are laid out as in Table D1, but with additional cells that indicate

the total number of assessed individuals, the number of individuals who were predicted high and low risk, and the
number of individuals who failed to appear and appeared.

In Panel A, we present an idealized hypothetical situation that allows us to discuss some features of risk
assessment tool performance that can help counties compare how risk assessment tools perform for different
population subgroups. First, notice that the tool that produced these results is calibrated: the base rate of
appearing in Group 1 is 50 percent and half of the people in Group 1 are classified as low risk. Second, notice that
the false positive and false negative rates are the same. Moreover the number of false positive and false negatives
is the same, suggesting that policymakers value both false positives and false negatives similarly. This is rarely
the case in real-world applications. Finally, note that the false discovery and false omission rates are also the
same. Again, this rarely occurs in real-world situations.

In Panel B, we present the performance of the same risk assessment tool for Group 2, another hypothetical
situation intended to illustrate how base rates can impact notions of equity between groups of people. Base rates
of failing to appear in Group 2 (67 percent) are higher than in Group 1 (50 percent). Mathematically, this is
achieved simply by multiplying the rightmost column by 2, which means there are 3000 people in Group 2,
whereas there were 2000 people in Group 1. Note what happens to the performance measures. False positive and
false negative rates remain equal and, in fact, are the same as for Group 1. Statistical parity is also achieved.
However, predictive parity is compromised. More Group 1 members appear (50 percent versus 33 percent) and
fewer fail to appear (50 percent versus 67 percent) than Group 2 members. Yet fewer Group 1 members are
classified as low risk (40 percent versus 57 percent) and more are classified as high risk (40 percent versus 25
percent) than Group 2 members. Calibration is partly to blame: the tool predicts that 47 percent of Group 2
members will appear when in fact only 33 percent will. The calibration problem can be fixed. However, as Panel
C illustrates, fixing the calibration problem increases the accuracy of the predictions for Group 2 but does not
necessarily increase equity relative to Group 1.

In Panel C, some Group 2 members who eventually fail to appear are shifted from the low risk level classification
to the high risk level classification. A shift like this seems appropriate and, intuitively might be accomplished by
moving the rightmost line in Figure 2 in the main report to the left. As Panel C illustrates, this shift achieves
calibration for Group 2. Thirty-three percent of Group 2 members appear and 33 percent of Group 2 members are
classified as low risk. However, the predictive parity gains that accompany this shift come at the expense of
statistical parity. False omission rates are the same for both groups and the false discovery rate for Group 2 is
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closer to that of Group 1 than it had been. But the false negative rate is lower for Group 2 than it is for Group 1,
even though false negatives and false positives are again valued equally in both groups.

FIGURE D3
How different base rates of failing to appear can impact policy decisions related to accuracy and equity

Actual Behavior
Fail to Appear | Appear N Statistical Parity
bredicted Risk High Risk 600 400 | 1000 0.40
Low Risk 400 600 | 1000 0.40
N 1000 | 1000 | 2000
Predictive Parity 0.40 0.40
Accuracy 0.60
Calibration 0.50 0.50

Actual Behavior
Fail to Appear | Appear N Statistical Parity
bredicted Risk High Risk 1200 400 | 1600 0.40
Low Risk 800 600 | 1400 0.40
N 2000 | 1000 | 3000
Predictive Parity 0.25 0.57
Accuracy 0.60
Calibration 0.33 0.47

Actual Behavior

Fail to Appear | Appear N Statistical Parity
bredicted Risk High Risk 1600 400 | 2000 0.40
Low Risk 400 600 | 1000 0.20
N 2000 | 1000 | 3000
Predictive Parity 0.20 0.40
Accuracy 0.73
Calibration 0.33 0.33

SOURCE: Adapted from Berk et al. (2018)
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Finally, a different kind of equity also seems to be compromised: the overall accuracy of the tool improved from
60 percent to 73 percent for Group 2, which far exceeds the accuracy of the tool for Group 1 (60 percent). If
accuracy is greater for Group 2 than for Group 1, it means that the members of Group 1 are more likely to be
treated inequitably because the classifications applied to them are more likely to be incorrect.

Figure D3 illustrates a proven “impossibility theorem” (Berk et al. 2018: 17; Kleinberg et al. 2016). In the
absence of perfect prediction, if base rates are unequal it is impossible to maximize both statistical parity, and
predictive parity simultaneously. Although they can be better balanced as the shifts between panels illustrate,
policymakers must choose which to sacrifice in service to the other.

The Cost of Making Mistakes: Accuracy, Equity, Liberty, and Safety

Variation in base rates is not the only factor policymakers need to consider as they decide how to predict risk and
translate those risk predictions into pretrial release or detention decisions. Risk classification choices assign value
to prediction errors—false negatives and false positives—which reflect choices about how individual liberty is
valued in relation to public safety.

To begin to understand this, consider Panels A and C of Figure D3. In Panel C, the cost ratio, meaning the ratio of
false negatives to false positives, is 1:1. The risk prediction model allows the same number of the different types
of errors. In Panel B, however, the cost ratio is 2:1. The risk prediction model allows twice as many false negative
as false positives. The implication in Panel A is that public safety and individuals’ right to liberty are valued
equally. In Panel C, the implication is that public safety is half as valuable as individuals’ right to liberty, because
false negatives are most likely to impact public safety, whereas false positives are most likely to impact
individuals' right to liberty.

The notion of “valuing errors” might seem overly technical. But people intuitively understand and implicitly
“value” false negatives and false positives. If a person classified as low risk is released and commits a new crime,
the victim, the victim’s family, and the local community primarily bear the consequences of the false negative—
public safety is compromised. Likewise, if a person classified as high risk is detained, but would not have
committed a new crime, he, his family, and his community primarily bear the consequences of the false
positive—the individual right to liberty is compromised. Thus, the exercise of placing value on errors and
estimating the consequences of that valuation can help policymakers better understand the tradeoffs inherent in
predicting risk and making decisions based on those predictions that impact their constituents’ liberty and safety.
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Appendix E. Equity Standards in Pretrial Risk Assessment

Equity can be understood as a measure of whether a risk assessment tool treats different types of people equally.
In the pretrial literature discussions of equity have largely centered on race but can also be extended other classes
of people (e.g., gender, socioeconomic status, and health). Below we review seven standards of equity, which are
primarily referred to as standards of “fairness” in the academic literature, to provide policymakers with a sense of
the tradeoffs they may face when deciding which to promote.

Predictive Parity

Predictive parity requires the positive predictive value (precision) and the negative predictive value to be the same
for both groups. Predictive parity also implies that the false discovery and false omission rates should be the same
for both groups, which we distinguish with “1” and “2” subscripts in the following equations (Berk et al. 2018).

FP, B FP,
TP, + FP, TP, + FP,
and
FN; FN,

TN, + FN, _ TN, + FN,

Statistical Parity

Statistical parity requires that the false positive and false negative rates be the same for the two groups. Statistical
parity also implies sensitivity-specificity parity, meaning that the true positive rate (sensitivity) and the true
negative rate (specificity) should be the same for both groups.

FP; B FP,
FP, +TN; FP,+TN,
and
FN; FN,

FN, + TP,  FN, + TP,

Accuracy Equality
Accuracy equality requires the proportion of correct predictions to be the same in each group. In other words, the
accuracy of prediction should be the same for both groups.

TP, + TN, B TP, + TN,
TP, + TN, + FP, + FN; TP, + TN, + FP, + FN,
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Demographic Parity
Demographic parity requires the proportion of people predicted to be high risk to be the same for both groups.

TP, + FP; _ TP, + FP,
TP, +TN; + FP; + FN; B TP, +TN, + FP, + FN,
and
TN, + FN; TN, + FN,

TP, + TN, + FP, + FN; _ TP, + TN, + FP, + FN,

Treatment Parity

Treatment parity requires the “cost ratio” of false negatives to false positives be the same for both groups.
FN;  FN,
FP,  FP,

Calibration Parity

Although they do not include it among their definitions of equity, Berk et al. (2018) adopt Kleinberg et al.’s
(2016) definition of calibration as correctly predicting the probability of experiencing an outcome regardless of
prediction errors. They argue that calibration parity is an important definition of equity, so we include it here.

FP, + TN, B FP, + TN,
TP, + TN, + FP, + FN; TP, + TN, + FP, + FN,

Total Equity
Total equity occurs when all parity measures are achieved. This occurs only in the trivial and not realistic case in
which different groups have identical base rates.
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Appendix F. Example Decision Matrixes and Decision Tree

FIGURE F1
New Jersey’s Pretrial Release Recommendation Decision Making Framework

Pretrial Release Recommendation Decision Making Framework (DMF)

[March 2018]
DMF MATRIX
NCA1 NCA 2 NCA 3 NCA 4 NCA 5 NCA 6
i - -
Risk Level Yellow — Rls:‘)lr':::lelight
FTA2 Recon;:eln: ation Recommendation
PML3
Risk Level Yellow - Risk Level Light Risk Level Red -
FTA3 Recommendation e o No Release
PML 2 (R Recommended
PML3
Risk Level Yellow — “"';';::1':5'“ Risk Level Red —
FTA4 Recommendation No Release
Recommendation
PML 2 PML 3 Recommended
Risk Level Yellow— Risk Level Yellow — nkl;:::::‘ism Risk Level Red —
FTAS Recommendation Recommendation R No Release
ecommendation
PML 2 PML2 PML 3 Recommended
Risk Level Red - Risk Level Red - Risk Level Red -
FTA 6 No Release No Release No Release
Recommended Recommended Recommended

PPIC.ORG

SOURCE: https://njcourts.gov/courts/assets/criminal/decmakframwork.pdf
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FIGURE F2
Example Decision Matrix from Chief Probation Officers of California and the Pretrial Justice Institute

MOST SERIOUS CHARGE

PRETRIAL RISK LESS SERIOUS MORE SERIOUS LESS SERIOUS OR DRIVING UNDER THE DOMESTIC SERIOUS OR
CATEGORY MISDEMEANOR MISDEMEANOR NON-VIOLENT FELONY INFLUENCE VIOLENCE VIOLENT FELONY

Recognizance Recognizance Recognizance Recognizance Recognizance
Release with Release with Release with Release Release
Court Reminder  Court Reminder  Court Reminder  with Basic with Basic
Supervision Supervision

Recognizance Recognizance Recognizance Recognizance Recognizance
Release Release Release Release with Release with
with Basic with Basic with Basic Enhanced Enhanced
MEDIUM . . L L .
Supervision Supervision Supervision Supervision Supervision

Recognizance Recognizance Recognizance

Release Release with Release with
HIGHER with Bzfs!c Enhanc.et:l Enhanl:'en.:l

Supervision Supervision Supervision

SOURCE: CPOC (2019)
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FIGURE F3
Colorado’s Bond Setting Decision Tree

Bond Setting Decision Tree
Refer to subsequent pages for narrative and citations.

—_—
Yes

S $-¢
e

Set a Secured Type (c)
Cash, Real Estate, or

Set a Secured Type (d)
Real Estate bond

SOURCE: Jones and Schnake (2013)
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RISK ASSESSMENT FACTSHEET

Colorado Pretrial Assessment Tool (CPAT)

LAST UPDATED: May 6, 2019
REVIEWED BY: Sue Ferrere (Pretrial Justice Institute), Victoria Terranova (University of Northern Colorado,

Department of Criminology and Criminal Justice), and Michael Jones (Pinnacle Justice Consulting, formerly Pretrial
Justice Institute)

Who created the risk assessment? Are they a public or private organization?
CPAT was created through a joint partnership between the Pretrial Justice Institute, the JFA Institute, and
10 Colorado counties.

How large was the training data set?
The initial data set contained 2,000 samples of defendants who were booked into a county jail. Only 1,315
of these samples were used to build the model (discussed later).

How was the training data set collected and assembled (i.e., what jurisdiction(s) is it from)?

Training data came from 10 Colorado counties. Each county was to contribute a specific number of samples
to ensure the sample was representative of the overall populations of the 10 counties. Pretrial services staff
conducted interviews and collected the data.

Over what time frame was the data collected?
The data was collected over a 16-month time period; samples were collected each day of the week and at
all times of day.

What factors (i.e., defendant characteristics) were included in the data set? This question pertains to all
the factors that were available about defendants, not necessarily all the factors that were used to train
or develop the model.

There were over 100 factors included in the initial data set (though not all 100 were used to develop the
model). These factors included information about criminal history, mental health, drug and alcohol use,
housing and employment, as well as defendant demographics.

Does the dataset include instances of defendants who were detained? If so, does the data include
outcomes for those people (i.e., was counterfactual estimation involved; if so, how)?

Of the 2,000 defendants, 1,315 (66%) were released from jail on pretrial status and 655 (33%) were held in
jail until case closure. However, the researchers did not include the 655 detained defendants in the set of
samples used to build the model (because outcome information was not available for these defendants).

Are there any known issues or errors with the data?
Some counties did not hit their target number of samples, so other (larger) counties collected more samples
and contributed those samples to the data to accommodate.

In what year was the risk assessment created?
2012



What factors, among all the factors in the training data, were considered in the development of the risk
assessment? If not all factors were considered, how were those that were considered chosen?

From the original set of more than 100 factors, 29 factors were considered in the development of the risk
assessment. The 29 factors were chosen by examining simple correlations between each of the factors in
the original set and the outcome variables. The 29 chosen factors had significant correlations that were not
skewed.

How were factors that were considered ultimately chosen for exclusion or inclusion in the final model
(the risk assessment itself)?

Logistic regression was used to estimate the relationship between each of the 29 predictors and the
outcomes (failure to appear, new filings, and either). The predictors with a statistically significant
relationship to the outcomes were chosen. A significance level of .30 was used (the researchers chose this
level over the more common .05 level because “the sample size was too small to yield a sufficient number of
predictors” using the .05 level).! 12 factors were selected for use in the final model.

Does the final model include as a factor(s) arrests that did not lead to convictions? Does the final model
include socioeconomic factors such as housing and employment status? Does the final model include
personal health factors such as mental health or substance abuse?

Yes. The model does consider housing status, whether the defendant has a phone, whether the defendant
contributes to residential payments, history of problems with alcohol and mental health history, and
whether the defendant has other pending cases, among other factors.

How were weights assigned to each factor included in the final model? (rounding correlation
coefficients, Burgess Method, etc.)

The weights were assigned based on “marginal increase in pretrial misconduct risk attributable to each
category. For example, if having a prior jail sentence increased the risk of pretrial misconduct by 4
percentage points relative to not having this history, then this category was assigned a weight of 4.2

How does the final model define outcomes (i.e., during the model development process, was there a
distinct outcome defined for each type of failure (failure to appear, new crime, new violent crime, etc.) or
were outcomes compounded?

The final model defines a compound outcome of “Any Failure,” which includes failure to appear and new
criminal filings. The researchers considered using separate models for each of these outcomes but
ultimately concluded to use a single model to predict both outcomes, noting that “Additional diagnostics
showed that the model assessing the likelihood of “Any Misconduct” is able to assess the likelihood of both
of the individual outcomes as well as any models developed to assess the likelihood of only one of the
individual outcomes.”

What does the output of the model look like (i.e. a score on a scale of 1-10, etc.)?
The output is a total score, on a scale of 0 to 82.

'See Source 1, page 11
2 See Source 1, page 13
3 See Source 1, pages 12-13



Does the model output risk level designations or convert raw scores into risk level designations such as
“low risk,” “moderate risk,” and “high risk”?

The model classifies defendants into risk “categories” based on their score (for example, a score between O
and 17 classifies a defendant as “Risk Category 1.” The categories were selected using the “natural breaks”
method.*

What proportion of samples in the training data set failed at each risk score and/or level (for example,
what percentage of people with a score of 5 or a label of “moderate risk” actually failed to appear)?

Failure rates from the training data (n = 1315):°

Risk level Public Safety Court Appearance Overall Combined
Failure Rate Failure Rate Failure Rate
1 9% 5% 13%
2 20% 15% 29%
3 31% 23% 42%
4 42% 49% 67%

Did the model developers assess the predictive validity of the model? If so, how (reported AUC, FPR,
TPR, etc.)?
The researchers plotted pretrial misconduct rate as a function of risk scores in the training set (rounded to
the nearest ten). The plot showed that “the misconduct rate increases as a defendant’s score on the tool
increases.”®

Where is the risk assessment used?
As of May 2019, the CPAT is used in 22 counties throughout the state of Colorado.

Are the factors and weights of the risk assessment publicly available?
Yes

Does the risk assessment cost money for a jurisdiction to adopt?
No

Does the adoption of the risk assessment require training? If so, by who?

Training is not required, but it is highly advised by the tool developers and the pretrial services agencies
that use the tool. The Colorado Association of Pretrial Services (CAPS) published a publicly-available
training manual in June 2015 (Source 3).

Does the risk assessment come with any sort of software or software package?
No

4 See Source 1, pages 14 and 18
5 See Source 1 page 15
® See Source 1, page 14



Does the risk assessment involve or require an in-person interview?
Yes - 8 of the 12 factors on the CPAT are based on a defendant’s answers in an in-person interview.

How does the risk assessment account for missing information?
An administration manual includes guides for answering specific questions as “Yes” or “No” when
information is unknown.”

Has the risk assessment been analyzed on non-training data for predictive validity? Has the risk
assessment been analyzed with training data or non-training data with regard to performance for
different race groups? Has the risk assessment been analyzed with training data or non-training data
with regard to performance for different genders? If so, by who, when, and using what data?
Researchers at the University of Northern Colorado are working on a validation (and possible revision) of
the CPAT. They expect to release the full validation report in mid-2020.

Information retrieved from:
(1] CPAT Revised Report dated October 19, 2012
[2] CPAT FAQs Document dated October 2012
(3] CPAT Administration, Scoring and Reporting Manual Version 2 dated June 2015
[4] Information from Sue Ferrere (Pretrial Justice Institute)
(5) Information from Victoria Terranova (University of Northern Colorado, Department of Criminology and
Criminal Justice)
[6] Information from Michael Jones (Pinnacle Justice Consulting, formerly Pretrial Justice Institute)

This Risk Assessment Factsheet was created by students and researchers at Stanford Law School Policy Lab and
is licensed under a Creative Commons Attribution-NoDerivatives 4.0 International License. Attribution under this
license must be provided to the Stanford Law School Policy Lab.

7 See Source 3, pages 5-8
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BACKGROUND

In 2014, the Indiana Supreme Court Committee to Study Evidence-Based Pretrial
Release was tasked with the development and implementation of a pilot project
to assess the feasibility, efficacy, economics and methodologies of establishing an
evidence-based system for pretrial release decisions in Indiana (Supreme Court
Cause No. 94500-1312-MS-909 and No. 94S00-1412-MS-757). The committee
partnered with the National Institute of Corrections (NIC) to develop the pilot
project. In spring 2016, the Indiana Office of Court Services (I0CS), in
collaboration with the Evidence Based Decision Making policy team (EBDM),
entered into agreements with select courts to participate in a pilot program of
the Indiana Risk Assessment System — Pretrial Assessment Tool.

The pretrial period occurs after arrest and before a disposition has been
determined by the court. One of the critical decisions made during this period is
whether a defendant should be released back into the community or remain
detained in jail pending trial. This decision is multifaceted; should the court
decide to release a defendant to the community, the terms and conditions of
bail must also be set. One of the main factors used to inform these decisions is
the risk of failure-to-appear (FTA) in court. Generally speaking, bail systems are
used to offset the risk of defendants failing to appear. In this system, defendants
can secure a release from jail pending trial if they are able to meet the bail
amount set by the court. Posting money or property is thought to assure that
defendants will stand trial as these financial means would be returned if
defendants attend court appearances or forfeited if defendants fail to appear.
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Name: Date of A

Caset: Name of Assessor:

Pretrial Items Verified
1. Age at First Arrest
0=33 or older
1=Under 33
2. Number of Failure-to-Appear Warrants Past 24 Months
0=None
1=One Warrant for FTA
2=Two or More FTA Warrants
3. Three or more Prior Jail Incarcerations
0=No
1=Yes
4. Employed at the Time of Arrest
0= Yes, Full-time
1= Yes, Part-time
2=Not Employed
5. Residential Stability
0=Lived at Current Residence Past Six Months
1=Not Lived at Same Residence
6. Tllegal Drug Use During Past Six Months
0=No
1=Yes
7. Severe Drug Use Problem
0=No
1=Yes

i

ImiRIRimininil

Total Score:

Scores Rating % of Failures % of Failure to Appear % of New Arrest
0-2 Low 5% 5% 0%

3-5 Moderate 18% 12%

6+ High 29% 15% 17%

Release or detain decisions are important for a number of reasons. First, these
decisions must be consistent with the constitutional rights of defendants. Due
process, equal protection, safety from the imposition of excessive bail, and the
presumption of innocence are all key considerations that must be taken into
account by the court. Second, decisions are being assessed in relation to
emerging pretrial practice standards. The American Bar Association (2007) and
National Association of Pretrial Service Agencies (2004) have specified a set of
benchmarks consistent with Bail Reform Act of 1984 and best practices to
improve the efficiency and effectiveness of pretrial efforts. Third, pretrial decisions
have significant downstream justice system consequences. Defendants who are
detained prior to court disposition are more likely to plead guilty, receive prison
sentences, and be incarcerated for longer periods of time than defendants who
were released to the community (Heaton et al,, 2017; Lowenkamp et al,, 2013b;
Reaves, 2013). These front-end system decisions impose substantial system
costs to state and local governments as well as direct or intangible costs to
defendants and their families.

In 2010, Indiana adopted the Indiana Risk Assessment System (IRAS), a suite of
five separate instruments, created by researchers at the University of Cincinnati,
which are designed to be used at specific points in the criminal justice process to
identify an offender’s risk of a FTA or reoffend and, for some instruments also
identify criminogenic needs. One of these instruments, the IRAS Pretrial
Assessment Tool (IRAS-PAT) is intended for use during the pretrial period. It was
designed to be short but also contain measures that are predictive of both a
defendant's FTA and risk of violating pretrial supervision with a new offense.
Exhibit 1 shows the items captured from the IRAS-PAT. In keeping with the idea
of brevity, the IRAS-PAT consists of seven risk items in three dimensions (criminal
history, employment and residential stability, and drug use). Only trained staff can
administer the IRAS-PAT which requires a brief face-to-face interview
(approximately 10 minutes) with arrestees and follow-up verification of
information by pretrial supervision staff.

CURRENT PILOT STUDY

With public safety always being the highest priority, the goal of the pilot project is
to develop and implement an effective pretrial release system that supports
judicial officers in making evidence-based pretrial release decisions under Indiana
lav. \deally, the pilot program will reduce pretrial incarceration for defendants
with lower risk levels and provide suitable levels of detention for high risk
defendants. Furthermore, should defendants secure pretrial release, supervision
terms will be structured in accordance to defendants’ level of risk. While
participating courts were afforded a reasonable degree of flexibility in
determining the best approach to utilizing the IRAS-PAT in their communities,
pilot counties were asked to consider the expectations of the Indiana evidence-
based decision making (EBDM) Policy Team (see Appendix A). During the
implementation phase of the pilot program, I0CS requested the assistance of
researchers from the Indiana University Center for Criminal Justice Research
(CAR) in conducting a process evaluation of the IRAS-PAT program
implementation in the 10 participating pilot counties: Allen, Bartholomew,
Hamilton, Hendricks, Jefferson, Monroe, Porter, St. Joseph, Starke, and Tipton
(see Exhibit 2).



Exhibit 2. Map of Pretrial Pilot Counties

R JOSEPH
LAPOR
ARKE
AL
TON
HAMIL
HENDRI [ A
A— THOLOMEW

FF P

® LARGE
Vel = MEDIUM
= SMALL

This formative report summarizes research activities and related findings from
this evaluation and includes the following:

During the initial year of pilot program implementation, the focus of this study was

Review of the research literature that pertains to pretrial risk assessments
and the IRAS-PAT;

Summary of pilot county data collection and data sharing efforts;

Stakeholder interview findings, examination of pilot county implementation
process, and emerging themes regarding implementation of the IRAS-PAT;

Cross-county comparisons of implementation process;
Preliminary analysis of INcite IRAS-PAT data linked to Odyssey data; and,

Conclusions and recommended next steps..

to develop a baseline understanding of the criteria used by pilot sites in
administering the IRAS-PAT, the number of IRAS-PAT instruments administered

among arrestees, and the level to which IRAS-PAT results are being utilized by courts
in determining the need for pre-trial jail commitment in each of the pilot counties.

LITERATURE REVIEW: NATIONAL
TRENDS IN PRETRIAL CASE
PROCESSING

Research has consistently shown that a majority of jail inmates who are currently
incarcerated have yet to receive a court disposition. Nationally representative
samples of jail inmates find that 55-63% of inmates are awaiting trial (Minton &
Zeng, 2015). These national estimates have been relatively stable since 2000.
Similar proportions are to be expected across the state of Indiana, although
simple averages may mask wide degrees of variation between jurisdictions. For
instance, a recent report on the operations of the Marion County criminal justice
system found that 84% of jail inmates were awaiting trial (BKD, 2016).

Court processing data can also provide some insights about release and detain
decision-making. Among felony defendants in a nationally representative sample
of courts serving urban jurisdictions, 62% of defendants were released into
communities prior to case disposition, 38% were detained until disposition, and
4% were denied bail (Reaves, 2013)". Sixty percent of defendants were released
to the community with financial terms and conditions. Four out of every five
defendants posting a financial bond did so through a private surety bond. Twenty
percent of defendants were released on own recognizance terms. Half of those
who were released were out of custody within one day of arrest and 75% were
released within one week. Among defendants who remained in jail, 90% had a
bail amount set by the court but were unable to meet the financial conditions to
secure release.

Pretrial Risk Assessment Basics

Innovations and experiments continue to be implemented by jurisdictions across
the country to release bail-able defendants, reduce disparities in pretrial release or
detention decisions, decrease the length of time defendants are held in pretrial
detention, and integrate evidence-informed practices (Tsarkov, 2017). One
approach to achieve these objectives while mitigating the risk of defendant flight
and danger to the community or specific individuals is to employ risk assessment
tools. The potential promise of these tools is to standardize the risk of pretrial
arrestees and inform release, detention, terms, or conditions decisions through
structured decision matrices. A large body of research has demonstrated that
standardized risk assessment tools more accurately identify who will or will not be
successful on a variety of outcomes in relation to unstructured assessments or a
reliance on professional judgement alone (Mamalian, 2011). Unstructured or
professional judgement decisions result from real experiences, but this knowledge
does not necessarily translate to or represent broader patterns experienced within
and across jurisdictions. By improving the accuracy of behavioral predictions, risk
assessment tools can increase public safety and reduce costs.

Generally, pretrial risk assessment tools consist of 8 to 10 factors that are
associated with FTAs and rearrest while case disposition is pending. The most
common factors are: current offense charge, prior convictions, prior incarcerations,
pending offense charge(s), history of FTA, community ties, residential stability,
substance abuse, employment, education, and age. Common items integrated into

'Unfortunately, comparable data collections on suburban and rural jurisdictions are not available from the U.S. Department of Justice, Office of Justice Programs, Bureau of Justice Statistics.
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risk assessment tools are often included on the basis of empirical support.
However, this is not always the case. ltems can also be included because of
statutory or consensus guidelines. For example, the seriousness of the current
offense charge has long been used as a critical factor in informing release or detain
decisions (Phillips, 2004). Yet, this factor is unable to accurately predict future
pretrial misconducts (Lowenkamp & Wetzel, 2009). Similarly, community or family
ties are thought to be key factors in determining whether a defendant will or will
not attend scheduled court hearings. At best, these items are weakly correlated
with pretrial misconduct (Myburgh et al, 2015).

Comparing Factors among Risk Assessments

Exhibit 3 presents a summary of the factors used in available (and accessible)
pretrial risk assessment tools and compares these to the factors on the IRAS-PAT.
Criminal history record information is one of the most prominent factors.
Employment status or history is the next most prominent factor and is followed
by an array of metrics on substance use behaviors. Next are factors affiliated with
residential stability. The number of factors included on an assessment tool ranges
from six (lowa’s Fifth Judicial District; Prell, 2008) to over 50 (District of
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Columbia; Lotze et al, 1999) with estimated time needed to administer ranging
from 15 to 28 minutes per individual (Desmarais et al. 2016). As illustrated in
Exhibit 3, the IRAS-PAT contains the factors most commonly captured on pretrial
risk instruments.

Bechtel et al. (2016) have conducted a meta-analysis of 16 studies testing the
predictive validity of pretrial risk assessment tools. The researchers found that
available pretrial risk assessment tools are able to predict FTAs and a combined
measure of failures to appear and rearrest; however, the relative strength of the ability
to predict pretrial misconduct (FTA and rearrest) outcomes is modest. Desmarais et
al (2016) also conducted a meta-analysis of 19 different risk assessment tools and
found that no one tool stood out as being more accurate than another. Relevant to
this discussion is the inclusion of the ORAS-PAT in the study sample—which is the
same instrument as the IRAS-PAT. Similar to the Bechtel et al. (2016) study, findings
from Desmarais et al. (2016) suggest a positive association between ORAS-PAT
scores and pretrial misconduct. That is, higher ORAS-PAT scores were correlated with
an increased likelihood of pretrial misconduct, while lower scores were daffiliated with
relatively infrequent pretrial misconduct

20 | 21 ] 22 | 23 | 24

Defendant Characteristics
Age . . . . .
Mental health history .
Substance abuse . . . . .

Criminal History
Criminal history .
Past release failures .
Pending cases
Current offense

Financial Indicators
Employment history . . . . . . .
Education .
Financial assets . . .
Home owner . .
Phone Access .

Social Ties
Residential stability . . . . . 0
Residential arrangement
Marital status

Available guarantors

Number of Items 7 9

6 9 9 9 22 6
Predictive Validity Metric = 162%] 2 - -

= = 1 77% 80%

=~ - -
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1. Public Safety Assessment (PSA) Tool (aka Armold Instrument)
2. Philadelphia (PA) Bail Experiment (aka Vera Instrument)

3. New York City (NY) Pretrial Risk Assessment Instrument.

4. Lake County (IL) Pretrial Risk Assessment Instrument.

5. Minnesota 4th Judicial District Pretrial Evaluation Scale.

6. Allegheny Pretrial Services Risk Assessment.

7. District of Columbia Pretrial Risk Assessment.

8. lowa 5th Judicial District Pretrial Release Point Schedule.

9. Virginia Pretrial Risk Assessment Instrument.

10. Kentucky Pretrial Risk Assessment Instrument.

11. Florida Pretrial Risk Assessment Instrument.

12. Ohio Risk Assessment System (Same as IRAS-PAT).

13. Colorado Pretrial Risk Assessment Tool.

14. Connecticut Pretrial Risk Assessment Instrument.

15. Coconino County (AZ) Pretrial Services Risk Assessment.
16. Mecklenberg County (NC) Pretrial Risk Assessment Praxis.

17. Lee County (FL) Risk Assessment Tool.

18. Maryland Pretrial Risk Assessment Tool.

19. Harris County (TX) Pretrial Services Point Scale.

20. Ramsey County (MN) Pretrial Evaluation Point Scale.
21. Monroe County (NY) Pretrial services Point Scale.
22. Summit County (OH) Pretrial Risk Assessment.

23. County of Orange (CA) Pretrial Risk Assessment.
24. Connecticut Pretrial Risk Assessment.




Implementation of Pretrial Risk Assessment
One significant gap in knowledge about pretrial risk assessment tools is how the
integration of these tools affect traditional pretrial service operations. The
implementation of any innovation requires significant investment in resources,
mobilization of personnel, and courage to self-assess progress and learn from
the issues that arise. Some important lessons have been experienced across the
country. In response to jail overcrowding and a reliance on cash bonds, Lake
County (IL) established a pretrial services division and integrated a pretrial risk
assessment tool to inform release and bond decisions (Cooprider, 2009;
Cooprider et al,, 2003). One of the initial challenges with the tool was the wide
assortment of scores that were generated. No two pretrial services staff were
able to reach agreements on risk scores for similar defendants. Training and
reaching consensus on the definitions and scoring of risk assessment items were
offered as being key factors to improve the quality of the assessment and gain
staff support for the use of the local tool. The county experienced increases in
the proportion of defendants who bonded to non-financial release options after
integrating their tool. Further, the county experienced reductions in FTA rates.

Despite evidence of anticipated benefits, there also have been issues associated
with the implementation of pretrial risk assessment tools. In a Maryland pilot,
Kentucky's statewide pretrial risk assessment tool was integrated into the pretrial
operations of a single jurisdiction (Governor's Commission to Reform Maryland's
Pretrial System, 2014). The study found that defendants assessed as low risk
were more likely to be released to the community on an own recognizance
bond in comparison to defendants assessed as being high risk. However, bail
amounts were set to larger monetary values for low risk defendants than higher
risk defendants. As a result, only a small proportion of low risk defendants were
able to post bond and secure release. In Philadelphia and Pittsburgh, researchers
found that judges continued to set discrepant bail amounts for similar
misdemeanor defendants despite the integration of pretrial risk assessment tools
and decision matrices (Gupta et al,, 2016; Stevenson, 2016). In turn, defendants
in front of a judge who tends to order monetary bonds were more likely to be
detained pending trial, plead guilty, and receive lengthier sentences than
defendants who were in front of judges who are presumed to follow more
closely to decision matrices.

Formative Evaluation

The research literature highlights the importance and effectiveness of using risk
assessments and also suggests that the IRAS-PAT contains the necessary core
elements of an evidence-based risk assessment tool. However, the literature also
highlights potential issues that can arise during implementation. This is
particularly relevant to pretrial risk assessments in Indiana as counties are able to
use other instruments in conjunction with the IRAS-PAT. Additionally, each of the
counties developed their own plans for implementation into existing criminal
justice operations. Thus, as part of the CCRJ study we aimed to understand the
county implementation process by conducting interviews with key stakeholders. .

IRAS-PAT IN PILOT COUNTIES

As part of the project scope of work, CCIR proposed to conduct stakeholder
interviews with representatives in each of the pilot counties. The overall goal of

the interviews was to determine: (1) the court's previous experience, if any, with
pretrial assessment tools; (2) the process and extent to which the IRAS-PAT is
being administered (i.e,, individuals responsible for administering the instrument,
frequency of IRAS-PAT usage, method of sharing IRAS-PAT results with judge(s),
ways in which judge(s) use results in making decisions, etc.); and, (3) potential
barriers in IRAS-PAT implementation and needed resources to overcome these
barriers. Stakeholders were selected based on the recommendations of I0CS
and a total of 34 stakeholders participated in the process. Most interviews were
conducted in November and December, 2016. CCJR performed qualitative
analysis of stakeholder feedback provided in the interviews and also asked
stakeholders to complete a brief online survey. While participants were allowed
flexibility to follow their own train of thought and to introduce topics of
significance related to their own work experience, stakeholder discussions
focused primarily on the following broad topics:

«  Use of IRAS-PAT results to make release decisions

+ Use of additional information (e.g., criminal histories) to make release and
supervision decisions

+  Challenges counties face incorporating and administering the IRAS-PAT

+ Any legal or ethical issues of concern regarding use of the assessment tool

IRAS-PAT Implementation and Administration

Results from interviews and surveys are summarized in Appendix B and
Appendix C. With regards to target populations, four of the pilot counties
(Hamilton, Hendricks, Monroe, and Tipton) reported including all arrestees in
their implementation plan. While most counties had a pilot program start date
between June and October 2016 it is important to note that many of the
counties were administering the IRAS-PAT prior to this start date. This illustrates
an important finding in that county-level implementation is not only about
administering the IRAS-PAT but also using the results in the pretrial release
decision.

In order to examine trends in the administration of the IRAS-PAT across the pilot
counties we examined data from INcite; a Trial Court Technology data
management system for the IRAS. INcite data were examined from January
2014 through December 2016. Because the criminal caseload size of the
counties ranged dramatically (from an estimated 360,000 in Allen County to
16,000 in Tipton County?) we grouped the counties into large (200,000 and
over: Allen, Hamilton, and St. Joseph), medium (100,000 to 200,000: Porter,
Hendricks, and Monroe), and small (100,000 and less: Bartholomew, Jefferson,
and Starke) jurisdictions based on county level population estimates based on
U.S. Census data.

The number of IRAS-PAT's administered were examined by quarterly periods
over the three-year period are displayed in Exhibit 4-6. The overall patterns
suggest that many counties increased the number of instruments administered
after July 2016; for example, Starke, Jefferson, and Bartholomew all went from
nearly no IRAS-PAT administrations in 2014 to 140, 250, and 134 completed
instruments in 2016 respectively. Similarly, post October 2016 Monroe County
had a dramatic increase and administered 450 instruments in three months

“Tipton County came on as a pilot county relatively late in the process and at the time of data collection had only administered 10 IRAS-PAT instruments and so we are don include them in this

analysis.
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while Hendricks County has been on a steady increase. There were some
notable exceptions to these increases. Allen County had decreases in the
number of IRAS-PAT administered throughout 2016 while Hamilton County
increased to peak in April 2016 and then decreased. The other notable patterns
are St. Joseph and Porter which have remained relatively steady throughout the
study period.

Exhibit 4. IRAS-PAT Administrations among Small Populated Counties,
2014-2016
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Exhibit 5. IRAS-PAT Administrations among Medium Populated

The timing of when the IRAS-PAT is administered is also important to
understanding whether the instrument is being used to inform pretrial release
decisions.” With the exception of St. Joseph County, all pilot sites reported
administering the IRAS-PAT to individuals after jail intake or booking and prior to
an initial court appearance. Most of the counties conduct the assessment within
24 hours of an individual's arrest.

The IRAS-PAT is administered by a variety of personnel across the pilot counties,
including pretrial service officers, probation officers, and community corrections
personnel. Nearly all of the pilot sites administer the tool at the county jail. CCIR
researchers and IOCS inquired about the use of other risk assessment tools.
Three of the sites—Bartholomew, Hamilton, and Tipton Counties—reported use of
the Hawaii's Proxy Scale to assess risk. This instrument consists of three items
related to arrestee’s age and prior arrests (see Davidson, 2005; Wong, 2009).
Based on responses to CCIR's brief online survey of key stakeholders and
subsequent interviews, none of the pilot counties administer other assessment
tools that would assess mental health and substance use issues at the time that
the IRAS-PAT tool is administered. Jefferson County uses the Ontario Domestic
Assault Risk Assessment (ODARA) tool for domestic violence cases; this 13-item
tool is used to predict the risk of repeat domestic violence victimizations
between intimate partners (see Hilton, Harris, Rice, et al,, 2004).

With the exception of Porter (which was awaiting judicial approval to use the
IRAS-PAT in decisions), all pilot counties report that parties present at initial court
hearings are provided with pretrial assessment information prior to or during
court appearances. In four of the pilot sites (Jefferson, Monroe, Starke, and
Tipton Counties), pretrial services personnel attend initial court hearings and are

Exhibit 6. IRAS-PAT Administrations among Large Populated Counties,

Counties, 2014-2016 2014-2016
600 200
450 150
300 ﬁ/ 100
150 = ' 50
(] o
14 14 14 14 15 15 15 15 16 16 16 16 14 14 14 14 15 15 15 15 16 16 16 16
Ql Q2 Q3 Q4 Q1 Q2 Q3 Q& Q Q2 Q3 Q4 Ql Q2 Q3 Q@ Q1 Q2 Q3 Q4 Q Q2 Q3 Q4
m— PORTER mee. HEN DRICKS m— NMONROE — BARTHOLOMEW — JEFFERSON s STARKE

*We include a discussion of the main findings in the text; however, readers can refer to Appendix B and Appendix C for a breakdown of when and how counties are using the IRAS-PAT.




available to provide input if required. Additionally, most of the counties have
developed guidelines or matrices that consider IRAS-PAT risk levels (along with
pending charges) for pretrial release decisions. Four counties—Hendricks,
Jefferson, St. Joseph, and Starke—report that these guidelines are under
development. The pilot sites that report having pretrial release guidelines that
take into account IRAS-PAT risk levels, also report that guidelines for levels of
pretrial monitoring, supervision and/or conditions that consider risk assessment
levels also are in place.

Emerging themes from stakeholder interviews

Interviews enabled researchers to incorporate the perspectives of a cross section
of individuals from a variety of backgrounds working in local pretrial
environments. This summary presents highlights of the information gathered
from stakeholders in each of the pilot counties. Stakeholders provided valuable
information on their current practices in the provision of pretrial services,

administration of the IRAS-PAT, needs and resource allocation in service provision,

data sharing policies and procedures, and potential obstacles and incentives to
sustaining the program longOterm. In synthesizing the information gathered
during interviews with stakeholders, researchers observed a number of common
themes emerging across counties.

BENEFITS TO IRAS-PAT PILOT
PROGRAM PARTICIPATION

Most counties reported that a packet of information including IRAS-PAT
results, criminal history, and other information is provided to judges, prose-
cutors, and defense attorneys prior to the initial hearing, and judges general-
ly follow the recommendations related to release and supervision decisions
(taking into account IRAS-PAT assigned risk levels) included in the packet.

* Most stakeholders conveyed that the pretrial recommendations are very help-
ful at initial hearings. These are most often based on a combination of IRAS-
PAT scores, criminal history summaries, nature of current charges, prior FTAs,
and supevision officers’ recommendations regarding bond and supervision.

+  Pilot counties also reported they have established local teams, representing
a cross section of practitioners, committed to the pretrial risk assessment
process, use of the IRAS-PAT instrument, and the provision of pretrial servic-
es. The creation of these teams has facilitated improved collaboration and
sharing of information across departments and stakeholder groups, as well
as a renewed commitment to program improvements that support evi-
dence-based pretrial release decisions.

CONCERNS RELATED
TO USE OF IRAS-PAT

+  Some stakeholders reported concerns related to the lack of consensus
regarding commitment to use of the IRAS-PAT in making pretrial release
decisions. It was reported that, in most cases where notable concerns
exist, judges and prosecutors tend to be more skeptical about use of the
IRAS-PAT.

+  Some of those interviewed perceive that IRAS-PAT scores and assigned

risk levels are not always aligned with knowledge of defendants’ records;
and do not believe that the tool is as comprehensive and thorough as it
could be in addressing arrestee risk factors.

A few stakeholders expressed concemns about the self-reported nature of
the information gathered through the IRAS-PAT (e.g, an individual with a
serious substance abuse problem most likely will not admit to being an
addict in a criminal justice system setting).

+  Most counties expressed concems regarding the lack of resources needed
to 1) administer the IRAS-PAT to current local target populations, 2) collect
data needed to assess program practices and outcomes, both locally and
at the state level, and, 3) expand use of the instrument to a wider popula-
tion in the future. Inadequate resources was broadly identified as the great-
est obstacle to sustaining the IRAS-PAT program long-term.

+ Some stakeholders who were interviewed stated that implementation of IRAS-
PAT has been time-consuming and logistically difficult to get pretrial services
officers to buy into. Additionally, as noted previously, many counties indicated
the complexity of the data collection process and the lack of integration across
local data systems has led to challenges with sharing information with local
teams, the state EBDM, and researchers tasked with evaluation of the program.

PRELIMINARY ANALYSIS OF
IRAS-PAT DATA

Early in the planning process, CCIR researchers worked closely with 10CS to
determine the use of existing data systems in combination with the IRAS-PAT
data in INcite. As discussed further below, the research team had a difficult time
linking the INcite data to existing data systems (i.e., state-level court data and
county-level jail data). However, because the INcite data are able to accurately
and consistently capture the results of IRAS-PAT's administered we begin with
analysis of these data. As noted above, the INcite data on the IRAS-PAT ranged
from January 1, 2014 through December 31, 2016. There were 15,850 cases
initially; however, 1290 had a duplicate name and year of birth. Therefore, for
the purposes of this analysis we looked at the first IRAS-PAT administered among
14,560 cases. Exhibit 7 illustrates the sociodemographic data among the IRAS-
PAT cases; the average age was 33.4 years old; 72.3% were male; 68.8% were
white, 25.7% were Black or African American, and 5.5% were from another
race/ethnicity category; and 44.2% were charged with a felony offense.

The IRAS-PAT is scored from O to 9. Among the full sample (N=14,560) the
average score was 3.23 (SD=1.87) and as shown in Exhibit 8, 38.6% were
scored as Low risk, 49.3% Moderate risk, and 12.1% High risk. Exhibit 9 provides
descriptive statistics for each of the items scored for the IRAS-PAT. Among those
who completed the IRAS-PAT most were arrested before the age of 33 (89.2%),
did not have any FTA warrants in the 24 months prior (83.1%), and did not
have three or more prior jail incarcerations (70.5%). Nearly two-thirds were
employed (47.8% full-time and 15.6% part-time) and lived at the same
residence for the past six months (66.6%), while 56.1% reported illegal drug
use in the past months and 16.2% reported a severe drug use problem..



Next, we looked at the sociodemographic data by IRAS-PAT risk category. As
shown in Exhibit 10, the characteristics were fairly similar among the three
categories. The low risk tended to be older (36.1 years) compared to the
moderate (31.7 years) and high (31.8 years) risk groups. The high risk group
was more likely to be female (31.29%) and White (76.9%) than those who were
low and moderate risk. Notably, the offense type did vary according to risk
categorization as over half (55.2%) of those who were categorized as low risk
were charged with a misdemeanor, followed by 39.0% moderate risk cases, and
30.1% of high risk cases.

Finally, we examined how the IRAS-PAT scores varied across the counties. Recall,
pilot counties were empowered to screen all arrestees or identify select arrestee

Exhibit 7. Sociodemographic Characteristics for IRAS-PAT Cases, 2014-2015

14,560 33.4
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GIVEN AGE
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17.8% 16.2% 15.5% 11%
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American /
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09%
Unknown
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Other *ALSO REPRESENTED:

Mixed Race 0.0%
Native American 0.1%
Pacific Islander 0.1%

populations to screen. Exhibit 11 shows the breakdown of risk categorization for
each county and also displays a horizontal line to show the average for each of
the categorizations. There is significant variability among the counties in terms of

Exhibit 8. IRAS-PAT Risk Categories
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Exhibit 9. Responses to IRAS-PAT ltems

S o

Age at First Arrest

33+ 1,568 10.8

Under 33 12,992 89.2
Number of FTA Warrants
Past 24 Months

None 12,094 83.1

One Warrant for FTA 1,724 11.8

Two or More FTA Warrants 742 5.1
Three or More Prior Jail Incarcerations

No 10,266 70.5

Yes 4,294 29.5
Employed at the Time of Arrest

Yes, Full-Time 6,966 47.8

Yes, Part-Time 28215 15.6

Not Employed 5,319 36.5
Residential Stability

Lived at Current Residence Past 6 Months 9,700 66.6

Not Lived at Same Residence 4,860 334
llegal Drug Use During Past 6 Months

No 8,172 56.1

Yes 6,388 43.9
Severe Drug Use Problem

No 12,196 83.8

Yes 2,364 16.2




risk categorization as some counties. To examine this further Exhibit 12
shows the individual responses to each of the IRAS-PAT items by county and
county size. It is important to note that these differences should not be seen as
reflecting differences in the risk level of the county-level jail population but are
more likely the result of variation in the county target population. For example,
while a large county overall, Allen County has a narrow target population (e.g,
non-violent F5/F6 arrestees) while Bartholomew County, a smaller county, has a
much different target population which largely consists of those arrestees with
warrants issues or charges filed. Thus, the variation in risk is likely to do

differences in implementation—such as the
target population the county selected and the
timing of risk assessment administration—
rather than overall risk within the counties
arrestee population.

LINKING IRAS-PAT
TO EXISTING DATA
SOURCES

The final component in our evaluation of the
pretrial pilot project was to link the INcite data,
where information about the IRAS-PAT is
contained, to court and jail data. Doing so
would allow us to examine a variety of
research questions relevant to the
implementation, assessment, and impact of
the IRAS-PAT tool and decisions regarding the
IRAS-PAT score; for example:

+ The time between risk assessment outcome
and release from jail

+ Length of detention by risk assessment
outcome

+  Risk assessment outcomes and court
decisions

« The success rate of defendants by risk
assessment outcome

In Indiana, a majority of counties use the
Odyssey Case Management System
(Odyssey) which is a fully integrated web-
based case management system designed
specifically for statewide deployment. With the
exception of Jefferson County, all of the
counties in the current evaluation use
Odyssey, and we were able to successfully
acquire these data. However, identifying and
acquiring jail data was much more

Exhibit 10. Sociodemographic Characteristics by IRAS-PAT Risk Categories

problematic as each of the counties use a different jail data management system
and they are unable to export data extracts from these systems.*
summarizes the status of local data collection efforts including local data systems
currently in use, the mode of data provision, and whether or not historical jail
data and/or quarterly post-pilot implementation data has been provided. During
the stakeholder interview process, many counties noted challenges with data
collection and the lack of integration across local data systems. In order to sustain
the pilot program and provide outcome based analysis and validation of the IRAS-
PAT @ more systematic approach to local data collection efforts will be necessary.
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Exhibit 11. IRAS-PAT Risk Categories by County
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*Having jail data is crucial to the analysis and validation of a risk assessment and would allow researchers to determine repeated periods of incarceration following risk assessment but more

importantly they allows researchers to determine when an individual is as risk for pretrial misconduct. In this type of analysis, court data that do not contain release dates simply do not suffice.
For example, if persons who are high risk remain in jail, but we do not know that they remain in jail or when they are released from jail, using court data to measure pretrial misconduct would
artificially deflate failure rates for the high risk group as they would not have been released and at risk for pretrial misconduct.
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Not only are these data necessary for pilot research, these collections will allow
counties to self-assess their own progress and population trends as evidence-
based pretrial release is scaled to statewide implementation. Thus, it is the
primary aim of Phase 2 of the evaluation of the IRAS-PAT pilot program
implementation to link INcite data to local jail data for the purposes of validating
the IRAS-PAT at the county-level.

LINKING IRAS-PAT TO ODYSSEY
DATA: BOND SET AND ORDER
FOR RELEASE

While jail data were not available the Odyssey court data were accessible. The
research team identified several issues when attempting to merge the Odyssey
data to INcite data.> However, we were able to link 79.5% (n=11,572) of the full
sample of (N=14,560) IRAS-PAT cases to the Odyssey data. The proportion of
matches by risk categorization among this subgroup is similar to the full sample
with 39.3% low risk, 49.1% moderate risk, and 11.6% high risk.

Exhibit 12. Responses to IRAS-PAT Items by County

Without jail data we do not know if or when the individuals assessed with the
IRAS-PAT were released from incarceration. Therefore, we focused instead on
court metrics for which we have data and that we might expect to be associated
with risk categories. Specifically, we merged the IRAS-PAT data to the ‘Bond Set —
Released OR' data. In doing so, we found 1,338 cases where the administration
of the IRAS-PAT preceded the decision of the court to set a bond and 603 cases
where the administration of the IRAS-PAT preceded an order for release.®

Exhibit 13 shows the results among those cases where a bond was set
(n=1338) and indicates that 50.1% of the cases are low risk, 45.7% moderate
risk, and 4.29% high risk. By risk distribution it is clear that few high risk
arrestees had a bond set. Looking at the sociodemographic characteristics of
this group (Exhibit 14) reveals an average age of 34.8 years, 77.7% male, and
61.6% White.

Turning to the order for release group (n=603) we see that the largest portion
among the risk categorizations is the moderate risk group (see Exhibit 15);
59.5% of those with an order for release were coded as moderate risk, 30.7%
low risk, and 9.8% high risk. Exhibit 16 shows that average is 32.5 years old,
with 73.1% male, 60.7% White, and 46.8% charged with a felony.
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