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Abstract

Risk assessment algorithms lie at the heart of criminal justice re-
form to tackle mass incarceration. The newest application of risk tools
centers on the pretrial stage as a means to reduce both reliance upon
wealth-based bail systems and rates of pretrial detention. Yet the ability
of risk assessment to achieve the reform movement’s goals will be chal-
lenged if the risk tools do not perform equitably for minorities. To date,
little is known about the racial fairness of these algorithms as they are
used in the field. This Article offers an original empirical study of a popu-
lar risk assessment tool to evaluate its race-based performance. The case
study is novel in employing a two-sample design with large datasets from
diverse jurisdictions, one with a supermajority white population and the
other a supermajority Black population.

Statistical analyses examine whether, in these jurisdictions, the
algorithmic risk tool results in disparate impact, exhibits test bias, or dis-
plays differential validity in terms of unequal performance metrics for
white versus Black defendants. Implications of the study results are in-
formative to the broader knowledge base about risk assessment practices
in the field. Results contribute to the debate about the topic of algorith-
mic fairness in an important setting where one’s liberty interests may be
infringed despite not being adjudicated guilty of any crime.
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Introduction

Policymakers often tout risk assessment as the catalyst for achiev-
ing modern criminal justice reform.! State-of-the-art prediction methods
meld big data, statistical analyses, and technological advances.? Risk
assessment tools are a primary output of the evidence-based practices
movement, whereby developers use scientifically derived correlates of
criminal offending and package them into computational algorithms.? In
general, algorithmic risk tools are assumed to improve the transparency,

1. See generally Sarah Brayne & Angele Christin, Technologies of Crime Predic-
tion: The Reception of Algorithms in Policing and Criminal Courts, Soc. ProBs. 1
(2020).

2. Angele Christin, Algorithms in Practice: Comparing Web Journalism and Crimi-
nal Justice, 4(2) Bic DATA & Soc’y 1,1-2 (2017).

3. Faye S.Taxman, The Partially Clothed Emperor: Evidence-Based Practices, 34 J.
CoNTEMP. CRIM. JUST. 97, 97-98 (2018).
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objectivity, consistency, and fairness of decisions that triage offenders for
management purposes.*

The United States simply incarcerates far more offenders than it
needs to safeguard its citizens.”> Criminal justice officials contribute to
mass incarceration when they rely upon their own intuitions about of-
fenders’ risk, as the tendency is to overestimate dangerousness out of an
abundance of caution.® Risk tools may temper such predispositions by
offering a scientifically led method for identifying large segments of crim-
inal justice populations who are at low risk of reoffending.” Algorithmic
risk thereby offers a systematic method for reducing mass incarceration
without endangering public safety.’

Notwithstanding many potential advantages, risk assessment tools
may lead to negative consequences if they do not exhibit sufficiently ac-
curate predictions or do not treat protected groups fairly.” Inaccurate
algorithmic outcomes may yield too many false positives or false nega-
tives, which can result in harm to offenders or to community members.'
Thus, while reducing mass incarceration is a laudable goal overall, risk as-
sessment tools may serve such an interest in ways that disparately burden
minorities.!! The potential for race-based discrimination is an emerging
debate regarding the new risk assessment model.”> The tolerance for dis-
cretion has allowed an environment in which criminal justice authorities
often focus more scrutiny on minorities than is justified.”* Concern is un-
derstandable to the extent that an algorithm simulates such mistreatment

4. Megan Stevenson & Sandra G. Mayson, Pretrial Detention and Bail, 3 REFORM-
ING Crim. JusT. 21, 34 (2017).

5. Michael O’Hear, Actuarial Risk Assessment at Sentencing, Potential Conse-
quences for Mass Incarceration and Legitimacy, 38 BEHAvV. ScI. & L. 193, 193-94
(2020).

6. See, e.g., Alexa Van Brunt & Locke E. Bowman, Toward a Just Model of Pre-
trial Release: A History of Bail Reform and a Prescription for What’s Next, 108
J. Crim. L. & CrimiNoLoGY 701, 737 (2018); Malcolm M. Feeley, How to Think
about Criminal Court Reform,98 B.U. L. REv. 673,702 (2018); PaTriCK LIU ET AL.,
THE EcoNomics oF BAIL AND PRETRIAL DETENTION 13 (2018).

7 Lauryn P. Gouldin, Defining Flight Risk, 85 U. CHi1. L. Rev. 677,681 (2018).

8. CHRISTOPHER BAVITZ ET AL., ASSESSING THE ASSESSMENTS: LESSONS FROM EARLY
STATE EXPERIENCES IN THE PROCUREMENT AND IMPLEMENTATION OF RISK ASSESS-
MENT Toors 1 (2018).

9. Nicholas Scurich & Daniel A. Krauss, Public’s Views of Risk Assessment Algo-
rithms and Pretrial Decision Making, 26 PsycHoL. Pus. Por’y & L. 1,1 (2020).

10.  Paul Hayes et al., Algorithms and Values in Justice and Security, 35 Al & SocC’y.
533,535 (2020).it represents one step in a value sensitive design based method-
ology (not incorporated here are empirical and technical investigations

11.  Anupam Chander, The Racist Algorithm?,115 Mich. L. Rev. 1023, 1034 (2017).

12. See Richard Berk, Accuracy and Fairness for Juvenile Justice Risk Assessments,
16 J. EMPIR. LEGAL STUD. 175, 175 (2019); OsONDE OsaABA & WILLIAM WELSER IV,
AN INTELLIGENCE IN OUR IMAGE: THE Risks OF Bias AND ERRORS IN ARTIFICIAL
INTELLIGENCE 19 (2017) (positing a “reasonable algorithm” may fail to result in
fair and equitable treatment of diverse populations).

13.  See generally BERNARD E. HARCOURT, AGAINST PREDICTION: PROFILING, POLICING,
AND PUNISHING IN AN ACTUARIAL AGE (2006).
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of minorities, and then exacerbates the problem by replicating injustices
on a more technological level and in a more systematically efficient way.*

Risk algorithms generate “automated suspicion” of individuals des-
ignated as high risk.”® Indeed, algorithmic risk assessment is a forthright
method of human profiling meant to discriminate in the sense of seg-
regating individuals into disparate degrees of risk classifications based
on their observable characteristics.® Critics thus charge that the risk
assessment scheme has turned into one of the digital racialization of risk
that overpredicts recidivism for minorities and reifies labeling minorities
as dangerous and risky.” The Pretrial Justice Institute, once a promi-
nent advocate for risk assessment, recently reversed course, explaining its
epiphany: “There is no pretrial justice without racial justice.”!®

Due to these conflicting stances on the upsides and downsides of
risk assessment, stakeholders are calling for independent researchers
to audit risk tools as a form of due diligence.”” To date, relatively few
studies exist in the public realm that evaluate whether algorithmic risk
tools perform in ways that are equitable to minority groups.” Results of
independent research can productively inform policymakers and stake-
holders who are interested in ensuring the utility and fairness of the
algorithms they may employ.?! This Article responds to these calls by
reporting on an original empirical study evaluating the fair performance
of a popular risk assessment tool that its owner markets as a national tool
and in practice is used by jurisdictions across the country (i.e., the Public
Safety Assessment). The main issue herein involves racial equality and

14.  In the popular media, criminal justice risk algorithms are at times portrayed as
“dystopian, science-fiction scenarios run awry.” Arthur Rizer & Caleb Watney,
Artificial Intelligence Can Make our Jail System More Efficient, Equitable and
Just,23 Tex. Rev. L. & Por. 181, 183 (2018).

15.  Roger Brownsword & Alon Harel, Law, Liberty and Technology: Criminal Jus-
tice in the Context of Smart Machines, 15 INT’L J.L. CoNTEXT 107,112 (2019).

16.  MELISSA HAMILTON, RISk ASSESSMENT TOOLS IN THE CRIMINAL LEGAL SYSTEM —
THEORY AND PRACTICE: A RESOURCE GUIDE 2-3 (2020).

17 Pamela Ugwudike, Digital Prediction Technologies in the Criminal Justice Sys-
tem: The Implications of a “Race Neutral” Agenda,24 THEORETICAL CRIMINOLOGY
482,483 (2020).

18.  PrETRIAL JUsT. INST., A RaciaL EqQuity TRANSFORMATION: PJI’s RATIONALE 1
(2019).

19.  BAVITZ ET AL., supra note 8, at 19.

20. Ugwudike, supra note 17, at 492; Naomi Murakawa, Racial Innocence: Law, So-
cial Science, and the Unknowing of Racism in the US Carceral State, 15 ANN. REv.
L. & Soc. Scr. 473,480 (2019); James T. McCafferty, Unjust Disparities? The Im-
pact of Race on Juvenile Risk Assessment Qutcomes, 29 CrRM. JusT. PoL’y REv.
423,427 (2018).

21.  See, e.g., Grant Duwe & Michael Rocque, The Predictive Performance of Risk
Assessment in Real Life: An External Validation of the MnSTARR, CORRECTIONS
Por’y Prac. & REs. (2019); Faye S. Taxman, Risk Assessment: Where do We Go
From Here?, in HANDBOOK OF REcCIDIVISM Risk/NEEDS ASSESSMENT TooLs 271,
273,277 (Jay P. Singh et al. eds., 2018).
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for these purposes we are interested in potential differences in treatment
of white versus Black individuals.”?

This Article proceeds as follows. Part I reviews the advancement of
algorithmic risk practices in criminal justice, with a focus on their impor-
tance in pretrial decisions. The pretrial context is critical as stakeholders
are realizing how markedly pretrial detention contributes to mass in-
carceration, while reliance on money bail aggravates wealth-based and
race-based disparities. The algorithmic risk wave shows promise in sup-
porting pretrial justice reforms to increase pretrial release rates while
acting as an alternative to bail systems. Yet such promise can only be
achieved if the risk tools are shown to perform with adequate equity in
field settings. The Part then reviews arguments for how, at least theoret-
ically, algorithmic risk may specifically improve the chances of release
for Black defendants, as statistics indicate that, historically, Black defen-
dants are more likely to be detained pretrial and less able to afford the
assigned bail amounts to secure their release.® Contrary perspectives
concern reasons that, instead, Black defendants may be harmed when the
algorithms learn on already biased data, imbed these structural inequal-
ities, and further relaunder inequities through the guise of objective risk
predictions.

Part II describes the Public Safety Assessment (PSA), its develop-
ment, and the reasons for its popularity. We use here the PSA algorithm
that predicts any new criminal arrest. The study is unique in evaluating
two samples from diverse jurisdictions in Illinois and Kentucky that ac-
tively use the PSA to inform judges when making pretrial decisions on
release. The combined dataset is over 200,000 defendants, which provides
a large sample size to run robust analyses. An extraordinary advantage
of the two-sample design is to be able to compare these contrasting sites
on racial fairness grounds, as the Illinois dataset presents a supermajority
Black sample while the Kentucky dataset offers a supermajority white
sample. The main research questions are these: Does the tool result in
disparate impact in disadvantaging Black individuals by placing a great-
er percentage of them into higher risk bins? Does the tool exhibit test
bias in predictive accuracy by racial grouping? Does the tool exhibit
differential validity by race? The latter question entails investigating the
accuracy of the tool’s predictions in general and then enquires whether
the tool’s accuracy and error rates materially vary between races.

22.  While the legal concepts of disparate impact and racial fairness are central, this
Atrticle is not a constitutional review of the pretrial system or of the use of algo-
rithms to assist in the criminal justice system. Those issues have been extensive-
ly debated elsewhere. See generally Aziz Z. Huq, Racial Equity in Algorithmic
Criminal Justice, 68 DUKE L.J. 1043 (2019); Paul Heaton et al., The Downstream
Consequences of Misdemeanor Pretrial Detention, 69 STaN. L. Rev. 711 (2017);
Melissa Hamilton, Risk-Needs Assessment: Constitutional and Ethical Challeng-
es, 52 Am. Crim. L. REv. 231 (2015).

23.  See infra notes 107-111 and accompanying text.
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Part I1I displays the results in responding to the research questions.
Policy implications of the research findings are meant as informational
points for academics, stakeholders, and practitioners for how a popular
risk algorithm performs in real world settings. Suggestions provide po-
tential avenues to improve the utility and fairness of the tool as a result.
Key conclusions are relevant to other criminal justice settings, as well,
where risk tools are considered.

The present study employs an analytical strategy that seeks to
improve upon previous research by: (a) using datasets from racially
contrasting sites; (b) investigating the potential for adverse impact; (c)
employing the gold standard from the psychometric literature to check
for test bias; (d) estimating multiple measures of performances for a
more vigorous analysis; and (e) parsing a risk assessment tool’s perfor-
mance by subgroups defined by race.

I. Risk Assessment Tools as a Criminal Justice Reform

Risk assessment practices in criminal justice present an exemplary
combination of forensic tests, laws pertaining to decisions such as pretri-
al release or sentencing, and policies contributing to mass incarceration.
Forensic psychology is a branch that adapts psychological science to re-
solve legal questions.?* An important novelty has involved the use of
psychometry to create scientific rules and measures in the form of algo-
rithms designed to predict offenders’ risk of recidivism.?

The ‘evidence-based practices movement’ is the now-popular
term to describe the turn to behavioral sciences data to improve risk-
based classifications. Scientific studies targeting recidivism outcomes are
benefiting from the compilation of large datasets (i.e., big data) of dis-
charged offenders. Researchers track the offenders post-release, observe
recidivism rates, and then statistically test which factors correlate with
recidivism. Risk assessment tool developers use computer modeling to
combine factors of sufficiently high correlation and weight them accord-
ingly using increasingly complex algorithms.?

Algorithm-based risk assessment tools help inform officials in
their decisions concerning offenders, such as whether to incarcerate or
release.”” A focus on incarceration is intentional. The United States is
regrettably renowned for being the world’s leader in mass incarcera-
tion, with a detention rate exceeding any other country.® One out of

24. Tess M. S. Neal et al., Psychological Assessments in Legal Contexts: Are Courts
Keeping “Junk Science” Out of the Courtroom?, 20 PsycHoL. Sci. Pus. INT. 135,
139 (2019).

25. Id.at135-36.

26. Melissa Hamilton, Debating Algorithmic Fairness, 52 UC Davis L. REv. ONLINE
261,266 (2019).

27 Carolyn McKay, Predicting Risk in Criminal Procedure: Actuarial Tools, Algo-
rithms, Al and Judicial Decision-Making, 32 CURRENT IssuEs CRIM. JUST. 22, 26
(2019).

28.  Roy WaLMsLEY, WorLD PrisoN PopuLatioN List 2 (2020).



INVESTIGATING ALGORITHMIC Risk AND RACE 59

every five prisoners globally reside in America’s prisons and jails.?? The
situation has become untenable due to the sheer financial burdens of
operating the prison industrial complex.** Consequently, bipartisan, pub-
lic support has emerged to engage policy reforms to significantly reduce
incarceration numbers.?!

Algorithmic risk tools have become the weapon of choice to combat
mass incarceration. Indeed, risk assessment tools are now considered
best practice to lead justice reform efforts.*® Some research indicates that
science-informed risk tools help alleviate high rates of imprisonment
by convincing decisionmakers that substantially more subjects may be
safely supervised in their communities.** The new algorithmic risk wave
has been actively targeted to backend decisions, such as sentencing and
parole.* More recently, the pretrial context has become a “flashpoint” in
efforts to reduce mass incarceration.*

A. Pretrial Reforms

Pretrial detention is a significant driver of mass incarceration.”
One-fifth of the nation’s incarcerated population is comprised of indi-
viduals yet to be convicted.® At any time, about 500,000 inmates are
defendants waiting in the country’s jails for their trial dates.** One in five
local jails are operating at or over capacity.®’ The churn is significant. In
2018 alone, local jails counted almost 11 million bookings.* America is a
world leader here as well. While the country’s total population is 4 per-
cent of the global population, it houses 20 percent of the world’s pretrial
detainees.*

29. Id.

30. The costs to American taxpayers to operate America’s prison systems are $80 bil-
lion a year. Nicole Lewis & Beatrix Lockwood, The Hidden Cost of Incarceration,
THE MARsHALL ProJECT (Dec. 17,2019, 5:00 AM), https://www.themarshallproject.
org/2019/12/17/the-hidden-cost-of-incarceration [https:/perma.cc/H2Z7-GGQD];
UrBAN JusTICE CENTER, THE PrisoN INDUSTRIAL ComPLEX 1 (2018).

31.  Brandon L. Garrett & John Monahan, Judging Risk, 108 CALIE. L. REv. 439, 447
(2020).

32. Feeley, supra note 6, at 690.

33. Kristin Bechtel et al., A Meta-Analytic Review of Pretrial Research: Risk Assess-
ment, Bond Type, and Interventions,42 Am. J. Crim. JUST. 443,446 (2017).

34. Id. at 447

35.  Jessica M. Eaglin, Constructing Recidivism Risk,67 Emory L.J. 59,67 (2017).

36.  Scurich & Krauss, supra note 9, at 5.

37 See CoLIN DOYLE ET AL., BAIL REFORM: A GUIDE FOR STATE AND LocAL PoLicy-
MAKERS 7 (2019).

38.  WILL DOBBIE & CRYSTAL YANG, PROPOSALS FOR IMPROVING THE U.S. PRETRIAL Sys-

TEM 4 (2019).
39. See ZHEN ZENG, JAIL INMATES IN 2018 1 (2020).
40. Id. at8.

41. Id. at 1; WENDY SAWYER & PETER WAGNER, MASS INCARCERATION: THE WHOLE PIE
2020 5 (2020).
42.  DOYLE ET AL., supra note 37, at 7.
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In the pretrial setting, judges are typically the final arbiters of de-
cisions on whether to release jailed individuals.*® From a constitutional
perspective, infringing upon liberty interests by incarcerating significant
numbers who have not been convicted of any offense invokes due pro-
cess considerations.* The Supreme Court in United States v. Salerno
accepted that an appropriate balance justified the practice: “In our soci-
ety liberty is the norm, and detention prior to trial or without trial is the
carefully limited exception.”* While a reasonable rule of thumb might
presume to release those who have not yet been convicted of any crime,
judges tend to be risk averse and thus often order pretrial detention as
a means to ensure the defendants’ appearance for trial and/or to protect
the community from potential offending if released.*

Even if discharge appears justified, the judge may order release
contingent upon posting bail as security.’ The bail amount is not neces-
sarily linked to an estimate of the individual’s ability to pay it or to the
likelihood of criminal offending.* Many jurisdictions use definitive bail
schedules with the specific monetary amount tied to the seriousness of
the crime(s) of arrest.” These types of bail schedules use the pending
criminal charge(s) as a proxy for the risk of failure (i.e., flight or rearrest),
with the monetary sums intended to mitigate such risk.*

Bail systems produce negative consequences. Many defendants
otherwise eligible for release remain behind bars simply because they
cannot afford the required bail amount.”! Detaining individuals who are
unable to pay the bond raises questions about problematic wealth-based
disparities.”> Further, this scenario perverts the risk scheme as individu-

43.  Brandon P. Martinez et al., Time, Money, and Punishment: Institutional Ra-
cial-Ethnic Inequalities in Pretrial Detention and Case Outcomes, 66 CRIME &
DEeLINQ. 837,839 (2020).

44. Hafsa S. Mansoor, Guilty Until Proven Guilty: Effective Bail Reform as a Human
Rights Imperative, DEPAUL L. REv. (2020); Glen J. Dalakian II, Open the Jail Cell
Doors, HAL: A Guarded Embrace of Pretrial Risk Assessment Instruments, 87
ForpHaMm L. REv. 325,350 (2018).

45.  United States v. Salerno, 481 U.S. 739, 755 (1987).

46. Brandon Buskey, Wrestling with Risk: The Questions Beyond Money Bail, 98
N.C. L. Rev. 379, 384 (2020); Gouldin, supra note 7, at 680-81; Heaton et al., su-
pra note 22, at 716-17.

47 Van Brunt & Bowman, supra note 6, at 728 n. 132.

48. DOYLE ET AL., supra note 37, at 7.

49. Rizer & Watney, supra note 14, at 187,193; John Logan Koepke & David G. Rob-
inson, Danger Ahead: Risk Assessment and the Future of Bail Reform, 93 WAsH.
L. Rev. 1725, 1744 (2018).

50. RAM SUBMARIAN ET AL., INCARCERATION’S FRONT DoOR: THE MISUSE OF JAILS IN
AMERICA 32 (2015).

51.  Garrett & Monahan, supra note 31, at 442; SARAH PICARD ET AL., BEYOND THE AL-
GORITHM: PRETRIAL REFORM, RISK ASSESSMENT, AND RACIAL FAIRNESS 3 (2019).

52.  See Lauryn P. Gouldin, Reforming Pretrial Decision-making, 5SS WAKE FOREST L.
REv. 857,861 (2020).
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als who continue to be detained for an inability to post bail can present
lower risk profiles than those who are released.>

Strikingly, “pretrial decisions determine mostly everything,”** acting
as “incarceration’s front door.”> Detained defendants are more likely to
plead guilty, not necessarily because of factual guilt, but due to being dis-
advantaged in their ability to work with counsel or prepare for trial, while
at the same time the coercive atmosphere of jail pressures them to plead
in an attempt to resolve their unsettled statuses.*® Facing such a pretrial
model as this, it is assuredly “better to be guilty, dangerous, and rich than
to be innocent, harmless, and poor.”%’

Bail systems that do not link the bond with the individual’s abil-
ity to pay inevitably drive up their pretrial jail population numbers.*
Pretrial detention exacerbates mass incarceration even further as it is
correlated with increasing the likelihood of being convicted at trial and
with receiving a longer prison sentence.” Indeed, imprisonment itself is
criminogenic in nature in that those who are incarcerated —including in a
preconviction context—are more likely to offend in the future.® In con-
trast, for many pretrial detainees, early release materially curtails their
risk of failure, thereby allowing them to avoid the jail’s revolving door,
which otherwise further contributes to mass incarceration.

Enter the reform movement adopting algorithmic risk tools. A
risk-based decision format speaks to efforts to reduce the contribu-
tion of pretrial detention to mass incarceration. The algorithmic trend

53.  EwirLy Tiry ET AL., ROAD MaP TO PRETRIAL REFORMS 2 (2016); Rizer & Watney, su-
pra note 14, at 187,

54.  Bechtel et al., supra note 33, at 444 (quoting Candace McCoy, Caleb was Right:
Pretrial Decisions Determine Mostly Everything,12 BERKELEY J. Crim. L. 135,135
(2007)).

55.  SAWYER & WAGNER, supra note 41.

56. DOYLE ET AL., supra note 37 at 8; Lydette S. Assefa, Assessing Dangerousness
Amidst Racial Stereotypes: An Analysis of the Role of Racial Bias in Bond Deci-
sions and Ideas for Reform, 108 J. Crim. L. & CRIMINOLOGY 653, 668 (2018); Ellen
A.Donnelly & John M. MacDonald, The Downstream Effects of Bail and Pretri-
al Detention on Racial Disparities in Incarceration, 108 J. CrRim. L. & CRIMINOLO-
GY 775,789 (2018).

57 Brook Hopkins et al., Principles of Pretrial Release: Reforming Bail Without Re-
peating its Harms, 108 J. Crim. L. & CRIMINOLOGY 679, 680 (2018); Bryanna Fox
et al., Psychological Assessment of Risk in a County Jail: Implications for Reen-
try, Recidivism and Detention Practices in the USA, 9 J. Crim. PsycHoL. 173, 174
(2019).

58.  Shima Baradaran Baughman, Dividing Bail Reform, 105 Iowa L. REv. 947, 1004
(2020).

59. Donnelly & MacDonald, supra note 56, at 791; Van Brunt & Bowman, supra
note 6, at 745; Stevenson & Mayson, supra note 4, at 22 n. 5.

60. LFoN DIGARD & ELIZABETH SWAVOLA, JUSTICE DENIED: THE HARMFUL AND LAST-
ING EFFECTS OF PRETRIAL DETENTION 6 (2019); Koepke & Robinson, supra note
49, at 1746 n. 94.

61. Koepke & Robinson, supra note 49, at 1769-70.
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also seeks to curtail reliance upon money bail in lieu of a risk-based re-
lease scheme.®

The algorithmic risk agenda is a form of e-government expected
to offer multiple advantages.®® Algorithmic risk tools may ameliorate
human biases that, unconsciously or not, likely infect human decisions
about future dangerousness.* Selections based on personal opinions of
which individuals might succeed if released are prone to bias and reliance
on heuristics.® Decisional shortcuts are even more likely for judges in a
pretrial context as they typically gain little access to information, have
few interactions with the individuals, and must make on-the-spot calls
with limited time for reflection.® Pretrial detention hearings are hasty
affairs, often occurring without the benefit of counsel who may other-
wise provide the judge with more contextualizing information about the
defendant’s prospects for successful reentry.” Algorithmic outcomes in-
stead offer the promise of objectivity to reduce various human biases.%
The data-driven science underlying the tools provide an empirical-
ly-informed method to estimate a pretrial defendant’s risk of criminal
offending if released.®”

In turn, algorithmic risk forecasts are more likely to be correct than
human oracles.”” Indeed, one of the strongest and consistent findings
of psychological research is that judgments based on science are
more accurate than those reliant upon individual intuition.”” Judges’

62. Koepke & Robinson, supra note 49, at 1746; see also Stevenson & Mayson, supra
note 4, at 23 (describing it as a “shift from the ‘resource-based’ system of money
bail to a ‘risk-based’ system, in which pretrial interventions are tied to risk rath-
er than wealth”).

63. Cary Coglianese & Lavi M. Ben Dor, Al in Adjudication and Administration, 86
Brook. L. Rev. (forthcoming 2021).

64. Rizer & Watney, supra note 14, at 184; Seth J. Prins & Adam Reich, Can we avoid
reductionism in risk reduction?, 22 THEORETICAL CRIMINOLOGY 258, 259 (2018);
Stevenson & Mayson, supra note 4, at 34.

65.  “Implicit bias often occurs when people are asked to resolve a complex issue
with limited time and must resort to sterotypes, mental shortcuts, or other rules
of thumb to quickly solve the issue. This cognitive process that relies on mental
shortcuts or existing schemas is rapid, intuitive, automatic, and error-prone.” As-
sefa, supra note 56, at 658.

66. David Arnold et al., Racial Bias in Bail Decisions, 133 Q. J. Econ. 1885, 1887
(2018).

67 Stevenson & Mayson, supra note 4, at 25 (“In practice, bail hearings are a messy
affair.”).

68. Prins & Reich, supra note 64, at 259.

69. SARAH L. DESMARAIS & EvaN M. LowDER, PRETRIAL RISK ASSESSMENT TooLs: A
PRIMER FOR JUDGES, PROSECUTORS, AND DEFENSE ATTORNEYS 1 (2019); Matthew
DeMichele et al., Public Safety Assessment: Predictive Utility and Differential
Prediction by Race in Kentucky, 19 CRIMINOLOGY & PuB. PoL’y 1, 1 (2020).

70. Coglianese & Ben Dor, supra note 63; Rizer & Watney, supra note 14, at 183;
Prins & Reich, supra note 64 at 259; Stevenson & Mayson, supra note 4, at 34.

71. Karen Bogenschneider & Bret N. Bogenschneider, Empirical Evidence from
State Legislators: How, When, and Who Uses Research,26 PsycHoL. Pus. PoLl’y &
L. 413,413 (2020).
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uncorrected biases tend toward the direction of overestimating the po-
tential to endanger public safety.”> Algorithmic risk scores thereby act
as a decision-support datapoint which may convince judges who other-
wise are risk averse to discharge significantly more offenders who score
at lower risk.” The evidence-based platform might increase release
rates further by insulating judges from allegations that they wrongfully
released an individual who endangered the public.* Thus, if a released
offender commits some bad act, the scheme offers a strategy for humans
to avoid blame by shifting responsibility to the algorithm.”™

The standardization inherent in algorithmic outcomes offers sev-
eral benefits: improving the efficiency of pretrial decision processes;”
reducing inconsistencies across decisions;”’ making pretrial release de-
cisions more equitable;”® and rendering release decisions more legally
justifiable.”

Notwithstanding the foregoing advantages, whether risk tools are
sufficiently accurate is not a given, and questions are being raised on this
score, as discussed further below. There is certainly a critical need to get
risk assessment “right” to raise its legitimacy in facilitating release deci-
sions to combat mass incarceration.® As a result, a better understanding
of how algorithmic risk tools perform in pretrial settings is imperative to
the mission of energizing release practices while keeping safety in mind.

Supplemental reasons to concentrate on the experience with risk
algorithms in local jails are evident. Pretrial may be the test bed for the

72.  Gouldin, supra note 7, at 680-81.

73.  Scurich & Krauss, supra note 9, at 6; O’Hear, supra note 5, at 194; DESMARAIS &
LowDER, supra note 69.

74. O’Hear, supra note 5, at 199; MEGAN T. STEVENSON & JENNIFER L. DOLEAC, AL-
GORITHMIC RISk ASSESSMENT IN THE HANDS oF HumANs 61 (2019); Stevenson &
Mayson, supra note 4, at 34; Bernard E. Harcourt, Risk as a Proxy for Race: The
Dangers of Risk Assessment, 27 FED. SENT'G REP. 237, 237 (2015). The fear of
political accountability is particularly salient in jurisdictions where judges are
elected and worry about reelection prospects if they release individuals who
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75. Harry Surden, Ethics of Al in Law: Basic Questions, in THE OXFORD HANDBOOK
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broader criminal justice system looking to adopt algorithmic risk tools
because pretrial decisions are less complicated than other decision points
in the criminal justice process and pretrial outcomes are more quickly
known and easier to measure.®! These theoretical and practical circum-
stances facilitate research into the real-world operation of risk tools.
Then, a pretrial risk tool is considered a “high stakes” instrument be-
cause the individual’s liberty is at issue.®> Any information from studies
is therefore desirable concerning risk tool performance when used to in-
form outcomes that infringe constitutional interests. Empirical research
investigating accuracy presents in the forensic sciences field with the ter-
minology of validation studies.

B. Validation Studies

Agencies either develop their own risk tools or adopt one “off-the-
shelf” by selecting a preexisting tool trained on other samples.** In either
case, the tools’ employment of sometimes sophisticated algorithms offer
the guise of science and objectivity, which may unfortunately lead to a
false sense of security about their utility.* To serve the mission of safely
releasing more defendants, risk tools must be sufficiently accurate in how
they perform in the field.®

Validation methods evaluate how well a tool performs with what it
is designed to accomplish.® To date, relatively little is known about the
accuracy of algorithmic risk tools as there has been insufficient audit or
scrutiny of them.®” Of the scant validation studies which have been pub-
licly released on risk tools generally, the available evidence has shown low
to moderate rates of accuracy.® In the criminal justice risk assessment
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Por’y REv. 538,548 (2019).

83. Koepke & Robinson, supra note 49, at 1748; Zachary Hamilton et al., Designed
to Fit: The Development and Validation of the STRONG-R Recidivism Risk As-
sessment, 43 CrRiM. JUST. & BEHAV. 230, 231-32 (2016).
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field, the bar to validation is itself negligible. Too often, researchers con-
clude that a tool is validated even when it performs only slightly better
than chance (i.e., the proverbial coin toss).%

Notwithstanding, the existence of a validation study regarding a
particular tool’s performance itself does not resolve the issue.” Unlike
in other areas of scientific study, the development of risk tools in crimi-
nal justice have not relied upon independent, random samples. Instead,
algorithms are often trained on convenience samples (i.e., the data was
available).”! This leads to selection bias.”> When the algorithmic model
is then tested on new samples in real-life settings, shrinkage in accuracy
will result in the form of lower positive performance numbers and higher
error rates.”

Moreover, validity statistics, whether from training samples or other
external datasets, are not easily transferrable to new environs.”* Accura-
cy rates may simply not replicate to other jurisdictions,” because of the
existence of potentially risk-relevant differences in offenders, raters, or
the availability of support services.” Variation in the particular legal en-
vironment, too, may influence how a risk assessment tool performs, such
as peculiarities in its criminal laws, policing and prosecutorial policies
and practices, judicial norms, and political sensitivities toward respons-
es to crime.”’

Stakeholders thereby should verify that a tool they intend to use
is an appropriate fit to its environment. “Validation of risk prediction
tools in different study populations than those used to develop the risk
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prediction tool (e.g., different countries, different races, or subpopula-
tions of patients with specific comorbidities) is necessary to determine
the generalizability of the risk prediction tools.”® This means that
crossvalidating a tool in new population(s) in which it will be deployed is
important because of the potential unrepresentativeness of prior valida-
tion samples.” For these reasons, the study offered herein uses samples
from two jurisdictions considering the possibility/probability that results
will not be identical.

In sum, although it is understandable that an agency may not have
the resources, skills, or time to construct its own tool from scratch, it is
important that an off-the-shelf tool be tested on its own population.'®
A completed validation study should also lead to discussion and debate
among stakeholders about whether the observed error rates of the tool
in its jurisdiction are tolerable.!”™ The instrument may require retool-
ing for the specific jurisdiction to improve performance metrics.'”> A
technological advancement offered by the algorithmic method is that it
can be retrained on new data and thus produce a better fit to the local
jurisdiction.'®

An additional important lens to apply is to review the tool’s per-
formance in the local jurisdiction by parsing subgroup accuracy. Even if
a tool demonstrates satisfactory overall accuracy in the local population,
attention should be paid to whether accuracy rates vary across the sam-
ple’s subpopulations.'™ “Differential validity” exists when test accuracy
significantly differs between groups.!'> Experts thereby call for more in-
dependent research on differential validity as varying accuracy statistics
by group undermines a tool’s value and equity.!® Most attention on po-
tential group differences concentrates on race.
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C. Fairness to Racial Minorities

Pretrial detention disproportionately ensnares Black citizens.'”
Black arrestees are more likely to be detained pretrial compared to
similarly situated whites.'”® One reason is that money bail systems dis-
proportionately harm Black individuals because of greater barriers of
access to the financial resources necessary to successfully secure their
release.!” Another explanation is the application of race-based biases
when humans drive pretrial outcomes.!!

America has a long history of promoting stereotypes connecting
criminality and violence with darkness of skin.!"! Despite their profes-
sional training, even judges use heuristics that can draw on racialized
stereotypes of Black criminality."'? Empirical works specifically find
evidence of racial bias in pretrial decisions, with detriments typically im-
posed on Black defendants.!’®* One particular study found that judges
making pretrial bail decisions operated on unfounded stereotypes that
exaggerated the danger of releasing Black defendants, and that this was
the case with both white and Black judges.!* In the pretrial context
specifically, these types of race-based biases and stereotypes often go un-
checked because judges there enjoy considerable discretionary authority
with little accountability.'?

In theory, entirely or partially replacing bail systems with risk
assessment schemes will ameliorate the wealth-based imbalances in re-
leases for Black defendants. Proponents also hope that risk assessment
tools will reduce racial bias in the criminal justice system by swapping
human intuition with algorithmic predictions.""® Risk tool developers
make such promises. “Vendors promote [algorithmic] models to the pub-
lic and to the agencies that use them as the answer to human bias, arguing
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that computers cannot harbor personal animus or individual prejudice
based on race.”!"’

These premises—that mathematical algorithms can in reality work
to eliminate bias and negate discrimination—are naive.!"® Stakeholders
should be wary that the algorithmic risk turn will achieve their expected
reduction in bias;indeed, without proper oversight, risk tools may instead
boost detention rates for Black defendants. These warnings require some
background to risk tool development practices to explain them.

The methods developers use in training their algorithms can pro-
duce race-based differentials in which accuracy rates may be substantially
weaker for Black individuals. Risk assessment tools typically are trained
on largely white male samples.'”” Consequently, these tools will incorpo-
rate risk factors that are more salient with whites than with other races
or ethnicities,'” thereby likely producing more accurate predictions for
whites than other groups.'?! These circumstances thereby skew validation
metrics as some studies have found a positive association between the
percentage of whites in the sample tested and better overall results for
the tool’s predictive accuracy.'”? Yet overall accuracy rates may obscure
differential performance. This problem remains hidden when exter-
nal validation studies also are disproportionately composed of white
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samples.'? If researchers fail to disclose accuracy rates by racial group-
ings, any evidence of differential validity is concealed. Thus, despite the
aim of algorithmic risk tools to improve the accuracy of risk predictions
overall, observers question whether risk tool performance is generaliz-
able across racial groups such that accuracy rates (and error rates) are
equivalent between them.!**

Rigorous research on the presence of algorithmic fairness for racial
minorities is new.' Interest is growing because, where officials are using
algorithmic-based risk tools to inform decisions bearing significant con-
sequences, it is advisable to conduct due diligence to study the specific
impacts on minorities.”” Of the few validation studies on pretrial tools
focusing on racial disparities that exist, some evidence has shown that
Black individuals are more likely to be ranked at higher risk by at least
some of the tools, though this result is not consistently observed.””” Any
tool producing higher risk scores for minorities is problematic in poten-
tially representing disparate impact.'?® One reason for the potential for
increased risk scores is that algorithms often incorporate predictive fac-
tors that are not racially neutral.

1. Racialized Risk Factors

Contrary to popular expectations, risk tools that were developed
using quite sophisticated methods, such as machine learning technolo-
gies, may still implicitly incorporate racialized data.!® Algorithms that
do not expressly include race as an explicit variable may output the same
predictions as if they did by including one or more factors that are strong-
ly correlated with race.’*® Algorithms that predict human behavior learn
to exploit patterns in big data to tease out social categories—such as
race—and track evidence associated with them.!*® When highly correlat-
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ed, protected class membership is embedded into other data points in the
form of “redundant codings.”'*> In other words, racial categories become
part of the final algorithms through proxy variables.'*

An explanation for why correlated factors could result in Black in-
dividuals being assigned higher risk classifications is when an algorithm
“bakes in” external disparities in treatment which negatively impact
minorities.’** Prediction acts like a mirror in which past behavior is ex-
pected to be repeated and thus foretells future behavior.!*® The circularity
continues whereby algorithms then “generate futures that resemble the
history that informs them.”’** When the algorithm incorporates factors
representing preexisting biases produced by structural inequalities, with-
out intervention, the algorithm will inevitably learn and replicate those
biases.””” The algorithm thereby recycles racial disparities as “bias in,
bias out.”!*

A more focused explanation of the potential for disparate impact
on Black individuals specifically is that risk assessment tools (like the
PSA investigated herein) tend to heavily rely upon criminal history mea-
sures.'* The fact that Black defendants are far more likely to have a
lengthier criminal record is partly a manifestation of structural inequal-
ities in American society. Black individuals bear significantly higher
arrest rates and conviction rates than whites.'* To illustrate, compared to
8 percent of American adults with felony convictions, almost one-third of
adult Black men have felony convictions.'! To confirm the connection,
at least one recent study of a risk tool officially used to rate prisoners in
the federal criminal justice system found a strong positive association be-
tween minority status and higher risk scores which was largely explained
by the criminal history predictors used.!*?

It is possible for there to be differential involvement whereby mi-
norities are more likely to engage in criminal activity.'* But this does not
necessarily render the use of criminal history in algorithms to be entirely
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fair."* Criminal activity may be more reflective of limited opportunities
rather than entirely individual choices: structural inequalities (economic,
social, political) may push minorities toward antisocial behavior.'*

Nonetheless, it is perhaps more pertinent that the algorithms tend
to use biased measures of criminal offending that disproportionately
identify Black individuals who may not actually have committed crimes
and/or who may not commit crimes at rates higher than whites."*® When
the outcome of interest involves crime, the measurement of this failure
event is innately biased."” There is simply no theoretical or practical way
to measure crime per se. Formal statistics, such as number of arrests and
convictions, do not equate to actual crime rates. Formal records under-
count crime and overcount crime at the same time. Not all crimes are
reported in the first place. Even convictions may be factually erroneous.
The alternatives of informal crime calculations, such as through self-re-
ports and victimization surveys, also are profoundly prone to error.

As crime itself cannot be accurately measured, tool developers
must resort to using proxies. By definition, any proxy is a fundamen-
tally inaccurate measure of the phenomenon it is trying to represent.!*
Moreover, this does not mean a proxy will produce similar errors across
groups in that it will under count or over count at the same rates. For
example, the fact that Black individuals may on average have a more
serious criminal history does not necessarily mean a higher true crime
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rate than whites; it may simply reflect a heightened scrutiny of them by
police and prosecutors.”” For example, police in large urban areas have
often focused attention on open-air drug markets, which are skewed
towards the method of drug dealing by Black individuals, rather than
residence-based dealing preferred by whites.>

How the tool counts crime in either its criminal history predictors or
its forecasted failure event (e.g., counting recidivism) is of consequence.
Developers tend to prefer arrest records as a chosen proxy because they
are more readily available and require shorter followup periods to track
than convictions.”” Hence, the choice of proxy may be reflective of eas-
ier and quicker access to arrest records. An arrest is assuredly a biased
estimate of crime as “one of the least procedurally protected instances of
contact with the criminal justice system.”>> The low evidentiary bar of
probable cause renders arrest outcomes highly unreliable and problem-
atic in itself.

Notably, the use of arrests as the proxy to crime increases the like-
lihood of a tool producing disparate impact for minorities. Arrest data
undeniably evidence the discretionary behaviors of the police. “Officers
use discretion in enforcement decisions (e.g., deciding whom to stop,
search, question, and arrest) just as police officers and prosecutors use
discretion in charging (e.g., simple assault vs. felonious assault). The un-
derlying data reflect[] these judgement calls.”!>?

More specifically, the significant weight risk assessment algorithms
tend to place on prior arrests means that the tools fundamentally are
more about replicating police actions or forecasting police responses than
they are predicting true criminal behavior, and this focus rests dispro-
portionately negative consequences on minorities.* As an illustration, a
person living in an overpoliced, minority neighborhood is likely to attract
a greater number of arrests and convictions and thus receive a higher risk
score than a person who resides in a less policed area with a more white
population, regardless of their actual criminal behavior.’ The training
data will thereby learn on what amounts to overpolicing practices in
minority neighborhoods and underpolicing in mainly white, upper class
areas.’ As a result, the algorithm may overestimate the offending risk

149. Eaglin, supra note 35, at 95.

150. Chiao, supra note 145, at 127

151. Eaglin, supra note 35, at 78.

152. Id. at 94.

153. ExEc. OFF. OF THE PRESIDENT, BiG DATA: A REPORT ON A LGORITHMIC SYSTEMS, OP-
PORTUNITY, AND CIviL RiGHTS 22 (2016).

154. Binns, supra note 103, at 4-5 (noting risk tools predict policing rather than
crime); Ugwudike, supra note 17, at 22-23 (conceptualizing reliance on arrests
is not necessarily indicative of criminal offending but of racially tainted interac-
tions with criminal justice officials).

155. Megan Stevenson, Assessing Risk Assessment in Action, 103 MINN. L. REv. 303,
328 (2018).

156. Robert Werth, Risk and Punishment: The Recent History and Uncertain Future
of Actuarial, Algorithmic, and “Evidence-Based” Penal Techniques, 13 SocloL.
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of minorities while at the same time underestimate the risk of whites."’
Hence, instead of representing differential involvement in crime, the ar-
rest proxy is picking up differential selection by policing agencies, thereby
introducing target variable bias.'*

In sum, algorithms that train on racially skewed policing data will
reflect those biases and the outputs will as a result be racially skewed,
likely leading to further discriminatory actions.” In the foregoing ways
the “objective” guise of the algorithms thereby creates a pernicious feed-
back loop'® and effectively “launders” racial inequalities.'!

2. The Trope of the Race-Free Tool

The foregoing is not to suggest that race-based impacts are intend-
ed by tool developers.'> But adverse effects are tied to the outcomes of a
practice, without requiring discriminatory motive or intent.'®® The lack of
attention to potential disproportionality may be because data scientists
are not often trained in civil rights law.!** At the same time, constitutional
law experts may be dissuaded from investigating algorithms for racial
undertones because of a lack of statistical skills.!

Developers may claim (and often do) that their tools are taint-free
by not incorporating race as an express predictive factor.'®® Yet such a

Cowmpass. 1, 9 (2019). For example, local law enforcement may focus on street
crimes committed in low-income communities while ignoring more sheltered
criminal activity occurring in affluent white neighborhoods. Barabas, supra note
126.

157 Corbett-Davies & Goel, supra note 147, at 18.

158. Fogliato et al., supra note 143 (noting other disciplines using the terms differen-
tial outcome measurement bias or differential outcome misclassification bias).

159. Hayes et al., supra note 10; Martinez et al., supra note 43, at 841-42.

160. Marius Miron et al., Evaluating Causes of Algorithmic Bias in Juvenile Criminal
Recidivism, ARTIFICIAL INTELLIGENCE & L. 1,5 (2020) (“feedback loops which re-
inforce previous biases . . . occur in environments characterized by complex in-
teractions such as policing systems”); see also Hayes et al., supra note 10 at 536;
Prins & Reich, supra note 64, at 259 (expressing concern that algorithms “will
likely only reproduce, or may even exacerbate, the injustices of contemporary
criminal justice policy under a more ‘objective’ guise”); Joshua A. Kroll et al.,
Accountable Algorithms, 165 U. PENN. L. REv. 633,680 (2012) (noting algorithms
conceal discrimination while entrenching bias into the future).

161. Murakawa, supra note 20, at 480.

162. Surden, supra note 75.

163. MacCarthy, supra note 126, at 80.
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make no direct reference to race, are blindly endorsed as unbiased and compli-
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simplistic assertion presents as “fairness through blindness.”'®” A critic
has surmised that such a denial of race effects is a conjured form of racial
innocence as these tools are developed on datasets in which systemic
racism has already been baked.!®® The trope of race neutrality is thereby
“mythical” as structural inequalities and societal histories of racial dis-
crimination that embed into the risk tools remain unaddressed.'®

For the foregoing reasons, the assumption that algorithmic tools
will virtually ameliorate harms from biased human predictions is myopic.
In fact, it is possible that algorithmic risk itself produces greater harms.
While human bias is acted out on a case-by-case basis, an algorithm’s
efficiency means it can discriminate on a more systematic basis and on a
larger scale.'”

These concerns about racial disparities have spawned a new litera-
ture on how to identify group fairness via algorithmic devices."”" A host
of definitions have been offered by academics deriving from various dis-
ciplines, such as law, machine learning engineers, forensic scientists, and
criminologists. Many of the algorithmic group definitions will be intro-
duced in the analytical strategy below.

The promises and perils of the algorithmic risk reform movement in
ameliorating the harms of pretrial detention and money bail have divided
groups otherwise similarly aligned in their interests in protecting criminal
defendants’ civil rights. The Pretrial Justice Institute, originally a strong ad-
vocate for risk assessment, surprised reformers when it recently announced
its shift to an opposition stance upon realizing the tools deepened structural
inequalities.””? Human Rights Watch has urged abandoning the algorith-

implicit bias). Indeed, the owner of the PSA, the tool studied in this Article,
makes such an assertion, proclaiming that the PSA does not promote racial bias
because it does not include race as a predictor. ARNOLD VENTURES, PUBLIC SAFE-
TY AsSESSMENT Faqs (PSA 101) 2 (2019).

167 MacCarthy, supra note 126, at 89-90; Ugwudike, supra note 17, at 8 (alternative-
ly referring to “bias elimination fallacy”).

168. Murakawa, supra note 20, at 480; Ric Simmons, Big Data, Machine Judges, and
the Legitimacy of the Criminal Justice System, 52 U.C. Davis L. Rev. 1067, 1075
(2018) (warning algorithms appear neutral and thus mask that they may be
based on racially biased policing data); Sonia K. Katyal, Private Accountabili-
ty in the Age of Artificial Intelligence, 66 UCLA L. REv. 54,58 (2018) (“The idea
that algorithmic decisionmaking, like laws, are objective and neutral obscures a
complex situation. It refuses to grapple with the causes and effects of systematic
and structural inequality, and thus risks missing how Al can have disparate im-
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169. Ugwudike, supra note 17.
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Algorithmic Decision Making, 31 DATA MINING & KNOWLEDGE Discovery 1060,
1063 (2017).

171.  See, e.g., Richard Berk et al., Fairness in Criminal Justice Settings: The State of the
Art, 50 Soc. METHODS & RES. 3 (2021).

172. PRETRIAL JUSTICE INST., UPDATED PosITION ON PRETRIAL Risk ASSESSMENT TooLs
1 (2020). News outlets noticed the change in position. Dawn R. Wolfe, Crim-
inal Justice Group Drops Support for Pretrial Risk Assessment Tools as Ohio
Justices Seek to Block Their Use, THE ApPEAL (Feb.12, 2020), https://theappeal.
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mic risk platform because of the potential for racial bias."” The influential
Leadership Conference on Civil and Human Rights formally announced
it (with over 100 civil rights, social justice, and digital rights groups signing
on) is against pretrial risk assessment tools due to reliance upon biased
data that will serve to perpetuate disadvantage upon minorities.'

On the other hand, a different coalition of prominent criminal de-
fense groups (e.g., National Association of Criminal Defense Lawyers,
American Council of Chief Defenders) advocate the use of algorithmic
tools in pretrial, though in an updated statement is more nuanced: “[We]
support the use of a validated pretrial risk assessment as a component of a
fair pretrial release system, in any jurisdiction where it is evident . . . that
it will serve to reduce unnecessary detention and help to eliminate racial
and ethnic bias in the outcome of the pretrial decisions.”'”

Empirical research into the potential for race-based variances with
risk tool predictions is in its relative infancy.”® Tracking outcomes to
determine how well a risk tool labels individuals is important to under-
standing whether decisions based on tool outcomes are equitable across
races in real world settings.””” The promises of algorithmic risk tools are
undermined if there is evidence of disparate impact, if the test appears
biased, and/or if the predictive validity meaningfully varies across racial
groups.” Consequently, the issue of algorithmic fairness remains un-
settled and stakeholders are thus calling for independent audits of risk
tools to evaluate their performances with respect to racial issues and

org/criminal-justice-group-drops-support-for-pretrial-risk-assessment-tools-as-
ohio-justices-seek-to-block-their-use [https://perma.cc/3X7A-4KZ4]; Tom Si-
monite, Algorithms Were Supposed to Fix the Bail System. They Haven'’t, WIRED
(Feb. 19,2020, 8:00 AM), https://www.wired.com/story/algorithms-supposed-fix-
bail-system-they-havent [https://perma.cc/ZMG8-CTMU].
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thereby work toward developing a stronger knowledge base.” Indeed,
in the most prominent case to date addressing the role of risk assessment
in criminal justice,”™ the Wisconsin Supreme Court in State v. Loomis
expressly warned of a potential legal downside if a tool were to dispro-
portionately classify minorities.'s!

II. Background to a Study of Algorithmic Fairness

The present study is of the Public Safety Assessment (PSA), a pop-
ular algorithmic risk instrument designed specifically for use by judges
in making pretrial release decisions. We use datasets from two jurisdic-
tions to examine the utility and fairness of the PSA across sites and races.
Three research questions orient the study, with the empirical method-
ologies designed to address them. Blended into the methodology Part
are certain terms from the blossoming academic literature developing
algorithmic fairness nomenclature (e.g., demographic parity, equalized
odds, error rate balance).

A. Public Safety Assessment

The nonprofit Laura and John Arnold Foundation funded the devel-
opment of the PSA with an intent to design an efficient, evidence-based
instrument to assist in a pretrial context:

From the beginning, we believed that an easy-to-use, data-driven
risk assessment could greatly assist judges in determining whether
to release or detain defendants who appear before them. And that
this could be transformative. In particular, we believed that switch-
ing from a system based solely on instinct and experience to one in
which judges have access to scientific, objective risk assessment tools
could further our central goals of increasing public safety, reducing
crime, and making the most effective, fair, and efficient use of public
resources.'$

The PSA’s developmental sample drew on data from approximately
750,000 pretrial defendants released from 300 jurisdictions.!®® The PSA is
purported to be a “universal tool,”'® meaning it is intended to be used in

179. GIDEON’s PROMISE ET AL., supra note 175; Duwe, supra note 82, at 548; Bavitz, su-
pra note 8; McCafferty, supra note 20, at 425.

180. Brandon L. Garrett & Megan Stevenson, Open Risk Assessment, 38 BEHAV. ScI.
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181. State v. Loomis, 881 N.W.2d 749, 763-64 (Wis. 2016), cert. denied 137 S.Ct. 2290
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MENT 2 (2013).
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pretrial jurisdictions across the country.!® The PSA is the most common-
ly used pretrial risk assessment tool in the United States,'® having been
adopted in four states and many major metropolitan areas.’” According
to a recent report, of the jail systems using a pretrial risk tool, almost
one-third employed the PSA."¥ The PSA is actuarial in nature, reliant
solely upon static factors, and designed to be scored based on available
criminal history records without requiring an interview with the individ-
ual scored.'®

The PSA offers a scale to predict any new criminal arrest. This
scale represents a “broad-band” instrument in that it predicts general re-
cidivism rather than any specific type of recidivist activity.'® The new
criminal arrest instrument contains seven factors: age at current arrest,
pending charge at time of offense, prior misdemeanor conviction, prior
felony conviction, prior violent conviction, prior failure to appear in the
prior two years, and prior sentence to incarceration.'”! The PSA produc-
es raw scores of one to thirteen, which are converted into final scores
ranging from one to six points, with more points indicating a higher like-
lihood of arrest.

Despite calls for risk tool developers to make training data avail-
able for independent researchers to audit,”” the PSA developers have
not released their developmental datasets. The PSA’s owner has report-
ed that in its initial validation studies, defendants recidivated at similar
rates across races and that the PSA did not overclassify minority risk
levels.'”® However, this is a summary assertion, and to date, no other
verifying information has been offered. Experts advise that skepticism
is appropriate when proponents make claims about a tool’s performance
without providing proof to support such assertions.”” Only one valida-
tion study of the PSA has been publicly released. It comes from the
state of Kentucky, but it provides only a constricted perspective on tool
performance measures. The study is still valuable in that it provides the

Pretrial_Article_060718-191011T20093352.pdf [https://perma.cc/28ZU-CF92].

185. DeMichele et al., supra note 69, at 6.

186. PRETRIAL JUST. INST., supra note 109.

187 Coglianese & Ben Dor, supra note 63.

188. Scan OF PRETRIAL PRACTICES SURVEY, PRETRIAL JusT. INsT. (2019), https://
university.pretrial.org/HigherLogic/System/DownloadDocumentFile.ashx-
?DocumentFileKey=24bb2bc4-84ed-7324-929c-d0637db43c9a&torceDialog=1
[https://perma.cc/GZT8-2XDF].

189. Matthew DeMichele et al., What do Criminal Justice Professionals Think About
Risk Assessment At Pretrial?, 83 FED. ProBAT. 32,35 (2019).

190. Duwe, supra note 82, at 539.

191. DeMichele et al., supra note 69, at 415.

192. Stephanie Wykstra, What is “Fair”?: Algorithms in Criminal Justice, 34 ISSUES
Scr. & TecH. 21,23 (2018); THE LEADERsHIP CONFERENCE EDpUC. FUND, supra note,
174 at 3; PARTNERSHIP ON Al supra note 86, at 31 (2019).

193. ArNoLD FounD., supra note 182, at 5.

194. Kroll et al., supra note 160, at 683 (denoting assertions about good performance,
without offering supporting facts, “just words on paper”).



78 - CJLR 2021:53

source of one of the datasets used herein, from which more enlightening
measures of performance were derived and are presented.

B. Research Aims

This study was designed to investigate the PSA new criminal arrest
scale’s performance ability with a concentration on investigating racial
disparity. The research questions are these:

(1) Does the PSA result in adverse impact on Black defendants
through differences in the rates of higher risk classifications predicting
new criminal arrests?

(2) Does the PSA new criminal arrest scale exhibit test bias by race?

(3) Does the PSA new criminal arrest scale exhibit differential va-
lidity by race? Inherent in this question is to elicit the tool’s predictive
abilities and then to compare those statistics by race. Accordingly, the
study will be able to provide important information on the tool’s accura-
cy overall, thus offering benefits to the knowledge base on risk tools even
outside the context of racial issues.

These research questions are addressed through an analytical strat-
egy that incorporates relevant empirical methods, legal standards, and
algorithmic fairness definitions. The strategy is revealed after introduc-
ing the underlying datasets.

C. Datasets

Our study uses archival datasets from two jurisdictions that sys-
tematically use the PSA to inform pretrial release decisions. From the
archival datasets, we excluded defendants who were not identified as
white or Black as those two racial groupings are of interest in this study.

1. Illinois Dataset

The first sample is from a large jurisdiction in Illinois. The state
recently embraced a pretrial reform platform. The Illinois Bail Reform
Act of 2017 reduces reliance upon money bail because “decision-making
behind pre-trial release shall not focus on a person’s wealth and ability to
afford monetary bail but shall instead focus on a person’s threat to public
safety or risk of failure to appear before a court of appropriate jurisdic-
tion.”! The Act encourages counties to adopt an evidence-based risk
assessment tool to aid in the effort to estimate an individual’s likelihood
of dangerousness and failure to appear.'*

This dataset is from Cook County. Cook County is home to the city
of Chicago and stands as the second largest county by population size in
the United States, with an estimate in 2019 of more than 5 million resi-
dents.””” The Cook County Jail is one of the largest, single-site jails in the

195. 20171ll.Laws,availableat:https://www.ilga.gov/legislation/publicacts/100/100-0001.
htm [https:/perma.cc/SP6G-K2UW].

196. 725 ILr. Comp. STAT. 5/110-5(f) (2018) (referencing a risk assessment evaluation
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country,®® with annual expenditures of over $330 million."”” Tts central
bond court processes over 33,500 pretrial cases annually.>®

Cook County is now regarded as “leading the way in pretrial justice
reforms.”®" Pressured by pending civil rights litigation and grassroots
community activism to adopt progressive measures to ameliorate the
harms of pretrial detention,”” the chief judge of the Cook County Circuit
Court in 2017 issued an order mandating judges use risk assessment tool
results to inform decisions on release.?® The Coalition to End Money
Bond, a community advocacy group, heralded the order as signaling the
“turning point” in the battle to reform unfair pretrial detention out-
comes.” Cook County had at the time of the chief judge’s order already
been preparing to use predictive technology. In March 2016, Cook Coun-
ty authorities adopted the PSA as its foundational risk assessment tool
for use on its pretrial population.?®

Pretrial services staff score the PSA and provide results to the judge
at the defendant’s bond hearing.®® In Cook County, pretrial detention
decisions are speedy, lasting on average 100 seconds.?”

This archive was made publicly accessible on the government’s web-
site as a big data trove of electronic spreadsheets. The purpose behind the
disclosure was to support a document by county officials concluding that
a boost in release rates in conjunction with the adoption of the PSA did
not result in increased arrest rates.*®® This governmental document did not
reference or discuss any performance metrics or racial fairness issues.

2010 to July 1,2019, U.S. CENsus BUREAU, PopuLaTiON D1v., (Mar. 2020), https://
www.census.gov/data/tables/time-series/demo/popest/2010s-counties-total.html
[https://perma.cc/BZ5P-A6BR] (follow “Illinois” hyperlink under “Annual Es-
timates of Resident Population for Counties: April 1,2010 to July 1,2019” then
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The full sample size is of 48,318 offenders booked into the Cook
County jail and scored on the PSA between July 1,2016 and December
31,2018, whether released or not. The racial makeup of the full sample
is asymmetrical with 8,041 (17 percent) white individuals and 40,277 (83
percent) Black individuals. The full sample is used only in response to
the first research question about disparate impact.

The selected use of the full sample is because the main analyses are
focused on only released offenders. Thus, we created a subset of 36,298
offenders with PSA new criminal arrest predictions who were discharged
during the time of study. The racial makeup of this subset of released
defendants is also unbalanced with 6,569 (18 percent) white individuals
and 29,727 (82 percent) Black individuals.

2. Kentucky Dataset

The second site includes pretrial defendants across the entire state
of Kentucky. The United States census estimates in 2019 over 4 million
residents lived in the state.?” Observers hail Kentucky as exemplifying
a “successful implementation of evidence-based pretrial assessments.”?1
Kentucky was an early adopter of algorithmic risk assessment generally
and its risk-informed decisionmaking scheme has become a model for
other jurisdictions across the country.?'! In 2011, a new state law mandat-
ed the use of an evidence-based risk tool to inform decisions on requiring
pretrial bonds.?*? Pretrial services in Kentucky replaced its local risk tool
with the PSA in mid-2013.2

Kentucky was the first jurisdiction to formally adopt the PSA in
its pretrial decision practices’ PSA researchers worked alongside
Kentucky officials in the early stages and made what they found to be ap-
propriates adjustments to the PSA.?" Kentucky’s single pretrial services
system operates on a statewide basis and is responsible for scoring the
PSA on jail entrants within 12 hours of entry.?!® Pretrial services process
over 100,000 bookings annually.?!’
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The statistics to populate this sample were extracted from data
provided in the first released validation study of the PSA by DeMichele
et al.® The DeMichele publication provided some information on the
discrimination accuracy of the PSA arrest scale overall and then com-
paratively for white and Black arrestees. Specifically, these researchers
noted the Area Under the Curve (AUC, discussed further below) across
the PSA scores, rates of arrest by PSA score, and regressions for per-
formance by race. The study reported herein differs in that instead of
using the PSA score range, it uses PSA risk bins to compare to the Illinois
dataset, and offers additional statistical measures to more holistically
evaluate the tool’s performance in Kentucky concerning its accuracy and
comparative application based on race.

This sample includes 161,330 adult offenders who were booked into
jail in Kentucky between July 1,2013 and December 30, 2014, scored on
the PSA, and released pending trial. In contrast to the urbanized Illinois
sample, Kentucky is a mostly rural jurisdiction and with a smaller Black
population ratio compared to the national average.?" The racial makeup
of this dataset is 133,647 (83 percent) white individuals and 27,683 (17
percent) Black individuals.

For purposes of the question on disparate impact, while we had the
full dataset for Illinois of released and nonreleased inmates, we did not
have access to the PSA predictions in Kentucky for nonreleased defen-
dants. Thus, we could not create a similar dataset for Kentucky, but this
gap is not problematic in context, as discussed herein.

D. Analytical Strategy

The data were imported into Excel and SPSS version 25.0 for analy-
ses. Each dataset was then split into two, one representing whites and the
other focused on Black individuals, yielding these subsets: (1) Illinois (a)
white and (b) Black; then (2) Kentucky (a) white and (b) Black.

Risk tools often stratify individuals into ordinal risk bins,?° and
decisionmakers typically prefer a three-risk bin allocation (e.g., low, me-
dium, high).??! Consequently, it is constructive to examine the utility of
the preferred risk binning strategy. Adopting Illinois officials’ practice in
this regard, we employed a three-risk bin scheme for PSA’s new criminal
arrest scores of low (1-2 points), medium (3-4 points), and high (5-6
points). Based on calculations of the numbers of defendants in each risk
bin and their corresponding new arrest rates, we computed measures

218. As aresult of missing data for the variables used in the analyses herein, the cur-
rent sample size is 161,173 versus 161,330 in the original set, a loss of a small 157
subjects.

219. DeMichele et al., supra note 69, at 17-18.

220. Jeremy Luallen et al., The Predictive Validity of the Post-Conviction Risk Assess-
ment Among Federal Offenders,43 CriM. JUST. & BEHAv. 1173, 1174 (2016).

221. Ashley B. Batastini et al., Communicating Violence Risk During Testimony: Do
Different Formats Lead to Different Perceptions Among Jurors?, 25 PSYCHOL.
Pus. Pory & L. 92,93 (2019).
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to inform on the performance abilities of the PSA’s new criminal arrest
scale to respond to the research questions.

A burgeoning literature in the legal and data sciences fields is offer-
ing statistical measures to judge various aspects of algorithmic fairness in
terms of treatment and performance across demographic groups.”> We
engage with several of them in this study as incorporated into this meth-
odology section.

1. Disparate Impact

Research question one inquires about the presence of disparate im-
pact. The issue of disparate impact is discussed in the algorithmic fairness
literature with the terminology of “statistical parity” and, alternatively,
“demographic parity” or “equal acceptance rates.”??® Statistical parity
requires that a tool assigns individuals to any risk bin at equal rates for all
demographic groups.?* A lack of statistical parity is generally indicative
of disparate impact.””® Disparate impact does not require discriminato-
ry motivation or intent*” and thus applies to a facially neutral policy or
practice,’”” such as the PSA.

The statistical parity definition from the algorithmic fairness field
holds that any difference in rates of assignment suggests disparate
impact, though without specifying any particular threshold of differ-
ence. Among potentially useful criteria, three methods to evaluate the
existence of disparate impact appear relevant to the task. Statistical/de-
mographic parity can be observed by calculating and comparing the rates
of assignment to any risk levels (low, medium, high) by racial groups to
determine whether the discrepancies appear important from a practical
perspective. This is still, though, a judgment call as to what gap may be
practically meaningful. The second method is to investigate whether the
discrepancies rise to the level of statistical significance. Here, the null
hypothesis is that the proportions are equal between races and is judged
by a z-test.?® For this study, we apply a conservative alpha level of .001

222. Hamilton, supra note 26, at 266; Richard Berk et al., Fairness in Criminal Justice
Risk Assessments: The State of the Art, 50 SocioL. METHODS RES. 3, 16 (2021).

223. Dana Pessach & Erez Schmueli, Algorithmic Fairness,4 (2020).

224. Shira Mitchell et al., Prediction-Based Decisions and Fairness: A Catalogue of
Choices, Assumptions, and Definitions, 8 ANN. REV. STATISTICS & APPLICATION 1,
8 (2019); James E. Johndrow & Kristian Lum, An Algorithm for Removing Sen-
sitive Information: Application to Race-Independent Recidivism Prediction, 13
ANNALS APPLIED STAT. 189,214 (2019).

225. Yeom & Tschantz, supra note 130, at 1; Jennifer L. Skeem & Christopher T.
Lowenkamp, Risk, Race, and Recidivism: Predictive Bias and Disparate Impact,
54 CriMINOLOGY 680, 685 (2016).

226. Mark MacCarthy, supra note 126, at 80.

227 Stephanie Bornstein, Antidiscriminatory Algorithms, 70 ArLa. L. Rev. 519, 554
(2018).

228. The square of the z-test statistic for the equivalence between independent pro-
portions is identical to the chi-square statistic y%. A Martin Andrés & 1. Herranz
Tejedor, The Equivalence of Two Proportions Revisited,31 J. APPLIED STAT. 61,63
(2004).
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to reject the null hypothesis. This statistical test is complementary of the
first method because, with large sample sizes, statistical significance may
not equate with practical significance (or with small sample sizes, there
may be meaningful differences in proportions that are not statistically
significant).?

The third method for determining if there are meaningful differenc-
es in classification by race borrows a statistical baseline from employment
law’s adverse impact test. Adverse impact is suggested when a specific
policy, practice, or procedure results in the selection for some advantage
of members of one group at a significantly greater rate than members of
a disadvantaged group.”* Employment law’s numerical rule of thumb
refers to a four-fifths standard: A procedure produces a disproportionate
adverse impact on a protected group if its members are selected at a rate
less than eighty percent of the rate for a nonprotected group’s members.?!

As applied here, the relevant procedure is based on each jurisdic-
tion’s official policy to adopt the PSA to actively inform decisions on
pretrial detention. The selection at a low-risk level offers the potential
benefit of increasing an individual’s chance of release. Thus, evidence of
adverse impact is indicated if Black individuals are assigned a low-risk
classification level at a rate less than 80 percent of the rate for whites.
Conversely, a high-risk label means the individual is likely subject to
more severe penal consequences, and thereby avoiding the high-risk
classification constitutes a benefit.>*> Thus, we flip the 80 percent rule
accordingly. This alternative perspective suggests that adverse impact
exists if whites are classified into the high-risk bin at a rate less than 80
percent of the rate of Black individuals.

This question is the single time that we use the full dataset in II-
linois. We first calculated the 80 percent threshold in the samples of
released defendants. However, as judges have discretionary authority to
release (or not) for reasons that are not entirely dependent upon PSA
predictions, the results for released defendants may not truly represent
whether the PSA’s algorithm itself results in adverse impact. Hence, we
took the opportunity to also compute disparate impact statistics for the
full Illinois sample of assessed defendants, released or not. We did not
have access to the Kentucky sample of nonreleased defendants and, thus,
were not able to do the same there.

2. Test Bias

The second research question enquires about the existence of test
bias. Test bias in psychometric instruments exists if there are systematic
errors in test outcomes based on group membership.?** Bias in this sense

229. Kevin Tobia, Note, Disparate Statistics, 126 YALE L.J. 2382, 2406 (2017).

230. WAYNE F. Cascio & HERMAN AGUINIS, APPLIED PsycHOLOGY IN HUMAN RESOURC-
ES MANAGEMENT 169 (1987).

231. MacCarthy supra note 126, at 67; Barocas & Selbst, supra note 118, at 701.

232. Ugwudike, supra note 17, at 491.

233. Cecil R.Reynolds & Lisa Suzuki, Bias in Psychological Assessment: An Empirical
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is distinct from human biases that may result from cognitive failings or
personal animus.»* Instead, test bias here reflects structural discrim-
ination based on population inequalities that are embedded into the
algorithms.?*

Scientists examining test bias in education (e.g., aptitude tests) and
psychology (e.g., psychometric tests) have standardized a robust empiri-
cal methodology.>*¢ Selected researchers in criminal justice have recently
begun to apply this methodological practice to evaluate group bias in
recidivism risk tools.’

This gold standard for evaluating test bias, endorsed by the Amer-
ican Psychological Association, involves a series of nested models of
regression equations involving the test, the group(s) of interest, and an
interaction term (test x group) as predictors of test outcomes.”® A re-
gression is a statistical method to evaluate the relationship between one
or more predictors with a response (outcome) variable.*® An interac-
tion term refers to the product of two predictor variables to determine
whether the effect on the outcome of either predictor is moderated
by the presence of the other (i.e., changes its strength or direction of
influence).?

The nested model structure here utilized variables labeled as Black
(coded as Black=1, white=0), dummy variable coding for the PSA risk
bins (with low-risk as the reference category), and interactions between
them with two variables (Black x medium-risk bin and then Black x
high-risk bin). Per the gold standard, a four-model structure was em-
ployed with the outcome variable being new criminal arrest (arrest=1,
no arrest=0). Model 1 tested only the Black variable; Model 2 tested
just PSA risk bin dummy variables; Model 3 included both the Black and
dummy PSA risk bins; and Model 4 retained Black and the dummy PSA
bins, while adding the interaction terms. The interaction terms indicate
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whether any differences in prediction in the ordinal risk bins are a func-
tion of race.**!

This moderated multiple regression modeling is useful to deter-
mine whether the form of the relationship between PSA predictions and
new criminal arrests exhibited by regression lines vary or depend on the
individual’s race.?*? In other words, the method determines whether the
tool and racial group interact in predicting the likelihood of arrest. More
specifically, this method is interested in the existence of variances in the
regression lines’ intercepts and/or slopes.*® A significant group differ-
ence in either the intercept or the slope represents a deviation from a
common regression line.** When regression lines do deviate, it means
the tool exhibits differential predictive ability and thus, according to the
dictates of the modeling structure, test bias exists.?* In the four model
structure, unequal intercepts are indicated by a statistically significant ef-
fect of the Black variable in Model 3, while unequal slopes are observed
in the existence of a statistically significant effect of any interaction term
in Model 4.2

A difference in the intercept but not the slope means that one
group’s regression line lies above the other throughout the test score
range, indicating that, comparatively, the test consistently underpredicts
risk for the group with the higher regression line.?*” This situation indi-
cates a discrepancy in the tool’s predicted outcome for each of the two
groups, the size of which does not change as tool scores rise. Unequal
slopes likewise portend that the tool’s predictions differ for individuals
depending on the group to which they belong, but the degree of differ-
ence varies by which risk classification is applied.?*

The importance of this modeling is that unequal intercepts or
slopes means that the tool is not race-free and thereby represents test
bias. Test bias is alternatively referred to in other disciplines as “group bi-
as,”* “predictive bias,”?" and “differential prediction.””! Notably, none
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of these terms inherently mean that the test exhibits unacceptably poor
accuracy. Even if a test meaningfully predicts true risk for two or more
groups, differential performance occurs if the test does so in unequal
ways.”* Then variances in application in the direction of negative effects
on minorities is another reflection of the potential for disparate impact,
here regarding the tool’s predictive outcomes.>?

3. Differential Validity

Research question three inquires about the presence of differential
validity to determine if the PSA’s accuracy rates are dissimilar based on
race. We analyzed multiple dimensions of the PSA tool’s discriminative
and calibration abilities. Many validation studies regrettably rely sole-
ly upon one measure of discrimination.”* Calibration accuracy is rarely
assessed or reported.” However, each offers a unique contribution to
surveying a tool’s accuracy and performance. A tool may vary in how
well it meets either of these dimensions.?®

Discrimination reflects a tool’s relative accuracy in how well it
distinguishes between known failures and nonfailures.”” In contrast,
calibration measures absolute accuracy in how well the tool’s predicted
outcomes match the actual outcomes in terms of failure.”® Best practices
in reporting on the utility of a criterion-referenced prediction tool (such
as the PSA) endorse engaging measures that address both discrimination
and calibration.”

a. Discriminative Ability

We calculated for every subsample its post-release arrest rate at
each ordinal risk bin to observe whether arrest rates incrementally in-
creased in higher risk bins. For this tool to discriminate well, rates of
arrest should noticeably and materially increase from low to medium to
high risk. The term “discrimination” as used herein is not meant in the
usual legal sense of assigning or denying privileges or benefits to a group
based on some protected attribute, such as race or gender.? Instead, in
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the genre of predictive technologies, the term reflects the ability to distin-
guish between different outcomes.?®!

The Area Under the Curve (AUC) is a global measure of a tool’s
discriminative ability.*®> More specifically, the AUC here represents
the probability that a randomly selected arrestee receives a higher risk
classification than a randomly selected non-arrestee.*®> An AUC of 0.5
indicates no better accuracy than chance and 1.0 signifies perfect discrim-
ination (i.e., all those rearrested are classified as higher risk than all those
not rearrested).?

No statistical standard exists for how close to 1.0 an AUC must be
to signify a sufficiently accurate test in terms of discriminatory utility.
Determining the degree of acceptable performance per the AUC is, in-
stead, a value judgment.”® Some risk assessment scholars refer to AUCs
of .56, .64, and .71 as the thresholds for small, medium, and large effect
sizes, respectively.”® On the other hand, a more conservative concep-
tualization regards AUCs as failing (below .60), poor (.60 to .69), fair/
moderate (.70 to .79), good (.81 to .89), and excellent (.90 and above).?s’
We analyzed the AUC using the ordinal risk bin strategy, as is common
in the literature.?®

The global AUC statistic does not distinguish relative ability
between true positives (failures correctly classified to fail) and true neg-
atives (nonfailures correctly classified to not fail).?® Thus, we computed
the True Positive Rate (TPR) which indicates the proportion of individ-
uals with new criminal charges correctly predicted to be arrested.””® The
True Negative Rate (TNR) is the proportion of those without new crim-
inal charges who are correctly predicted to succeed.

These three discrimination statistics (i.e., AUC, TPR, TNR) require
a choice of cut-point from the scale because they rely upon a dichotomous
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perspective of whether the tool predicted the individual to be arrested or
not to be arrested. We used here the PSA’s risk bin strategy by combin-
ing the low- and medium-risk bins with the prediction being non-arrest
and then using just the high-risk bin classification as representing those
predicted to be arrested.

To supplement the foregoing analyses, we calculated an additional
overall discrimination statistic. Somers’ d is a correlation statistic that
measures the strength between a single ordinal predictor (here involv-
ing risk bins) and the binary outcome of arrest.’” For any subsample,
Somers’ d was calculated along with a statistical significance test (using
an alpha level of .001) to assess the relationship between ordinal bins
and arrest.

To evaluate the existence of differential discriminative validity, we
compared the foregoing statistics between racial groups within each site
by corresponding z-tests using a conservative alpha level of .001 to reject
the null hypothesis that the statistics were equal between races. If the
AUCs are equivalent by race, the tool achieves what is known in the
algorithmic fairness literature as “AUC parity.”** In the algorithmic fair-
ness literature, when TPRs and TNRs are equivalent across groups, the
tool achieves the fairness definition of “equal opportunity” or its alter-
native name of “equalized odds.”?”® The reciprocals of TPRs and TNRs
represent error rates and if they are not equal, the tool does not in the
algorithmic risk literature achieve “error rate balance” and the situation
presents as disparate mistreatment.””* Then we tested whether there were
significant differences in the Somers’ d statistics between races (z-tests),
the presence of which would signify differential validity.?”

b. Calibration

Measures of calibration were evaluated to discern the PSA’s levels
of absolute accuracy. We offer an overall accuracy measure of the pro-
portion of cases the tool correctly predicted in terms of true positives
plus true negatives. The algorithmic fairness notion of “overall accuracy
equality” requires equivalent accuracy rates.?”® Yet this global accuracy
measure is limited in that it obscures whether the predictions are better
at forecasting true positives or true negatives.

Hence, we calculated two additional calibration statistics. The
Positive Predictive Value (PPV) is the proportion of higher risk pre-
dictions who were arrested.?”” The Negative Predictive Value (NPV)
then presents the proportion of lower risk predictions who were not
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arrested.””® The overall accuracy, PPV, and NPV require a dichotomous
cut-off to create two categories of those predicted to have a new crim-
inal arrest and those predicted not to be arrested. We used the same
cut-point as earlier applied with only those with a high-risk assignment
predicted to be arrested. Differential calibration performance in these
metrics is evaluated through the differences between proportions by
race via z-scores at a conservative p < .001 to reject the null hypothesis
of equal percentages.

TPRs/TNRs from the discriminative ability discussion may ap-
pear similar to PPVs/NPVs. They use the same underlying numbers
(e.g., true positives and true negatives) but are calculated through
contrasting equations. TPR asks of those with a new criminal arrest,
what percentage were classified as high risk? PPV instead asks of those
classified as high risk, what percentage were arrested? Then TNR asks
of those without a new arrest, what percentage was classified as lower
risk? NPV instead asks of those predicted as lower risk, what percent-
age were not arrested?

In the algorithmic fairness literature, equivalence in PPVs and
NPVs is evidence of “predictive parity”*” and “well-calibration.”?* Pre-
dictive parity exists, for example, when those designated high risk in each
group have similar arrest rates, as is indicated by the PPVs.®! Predic-
tive parity also requires that those predicted not to be rearrested in each
group have similar arrest rates, indicated by the NPVs.?

III. Evaluating the Algorithm for Race Effects

The following presents the statistical analyses to answer the three
main research questions. The results raise important policy concerns that
are highlighted and discussed in terms of their implications for pretrial
risk practices. The findings are instructive to the use of algorithmic risk
tools at other criminal justice decision points, as well. The information
gleaned from the following uncovers how a widely used risk tool oper-
ates and the potential for race-based effects in real world terms.
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1. Disparate Impact

Research question one inquired about the existence of disparate
impact. Table 1 provides summary statistics on the proportions of re-
leased individuals placed into the PSA risk bins and indicates whether
the differences by race for each sample (i.e., Illinois and Kentucky) by
risk bin are statistically significant.

Table 1: Risk Bin Assignments of Released Defendants

Illinois Kentucky
White Black p White Black p
Risk Bin
Low 48.4% 29.9% * 46.6% 33.4% *
Medium 42.5% 576% * # 50.4% *
High 9.1% 12.5% * 9.9% 162% *
*p <.001

The PSA at each site places a smaller proportion of whites into the
high-risk bin, with statistically significant differences. For Illinois, the high-
risk bin is unequal: (9 percent white, 13 percent Black) (p < .001). For
Kentucky, the high-risk bin is also unequal: (10 percent white, 16 percent
Black) (p < .001). When one combines the medium- and high-risk bins, a
significantly lower percentage of whites are assigned to them: Illinois: (52
percent white, 70 percent Black) (not shown in table, p < .001); and then for
Kentucky: (53 percent white, 67 percent Black) (not shown in table, p <.001).

In contrast, the PSA places a greater proportion of whites into the
low-risk bin. At each site, the PSA assigns low risk to approximately
one-half of white defendants and approximately one-third of Black de-
fendants (p <.001).

Thus, these results reflect disparate impact in that Black individuals
are classified at substantially greater rates into the higher risk bins in both
samples. Still, these are the released defendants, and the differences may
not entirely reflect the PSA as there are other factors that enter into judicial
decisions to release. Thus, we employed the full dataset of all defendants
(released or not) scored on the PSA at the Illinois site during the time of
study. While we did not have access to similar information in Kentucky; it
is still informative to at least check with one site that the differences were
not necessarily an artifact of release decisions. Table 2 provides the risk bin
classifications by race for all defendants in the Illinois sample.

Table 2: Risk Bin Assignments of All Scored Defendants in Illinois

Illinois
White Black P
Risk Bin
Low 42.1% 24.6% *
Medium 44.7% 58.2% *
High 13.2% 173% *
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Table 2 confirms the existence of disparate impact in Illinois as
Black defendants, both released and nonreleased, are disproportionately
assigned to the medium- (p < .001) and high-risk bins (p < .001), while
being significantly less likely to be placed in the low-risk bin: (white: 42
percent, Black: 25 percent ) (p < .001). That is, two in five white defen-
dants are assigned low-risk scores while two in eight Black defendants
are assigned to the low-risk bin.

Returning to the main datasets of released defendants, we review
the 80 percent rule of thumb demonstrating adverse impact from em-
ployment law. In the low-risk bin, the selection ratios for this favorable
outcome for Black to white individuals is 62 percent in Illinois and 72
percent in Kentucky, which are less than the 80 percent baseline. At least
in the employment discrimination world, these results exhibit prima facie
evidence of adverse impact in the beneficial attribute of selection into the
low-risk classification.?®> We invert the analysis considering the 80 per-
cent rule for avoiding the negative outcome of a high-risk classification.
In the high-risk bin, the selection ratios of white to Black defendants is
73 percent in Illinois and 61 percent in Kentucky. These rates are below
the 80 percent criteria as well, thus signifying adverse impact by this legal
measure with respect to the high-risk binning strategy.

A check on the rule of thumb for adverse impact in the full Illi-
nois sample is of interest. In the full sample (combining released and
nonreleased defendants), the selection ratio into the low-risk bin is 58
percent Black to white defendants, while the selection into the high-risk
grouping ratio is 76 percent of white to Black defendants. These statis-
tics from the full sample in Illinois confirm disparate impact on Black
individuals as being disadvantaged in high-risk placements, and that such
is a manifestation of the risk tool and not a fiction created by judicial
release decisions.

In sum, these findings demonstrate disparate impact of the PSA
classification binning outcomes in disserving Black individuals compared
to whites in three ways: (1) in a practical sense, with observable discrep-
ancies in the rates of selection into high-risk and into low-risk bins, (2) in
an empirical sense, with disparities in proportions in high- and low-risk
bins having statistically significant z-test statistics at a conservative p <
.001 level, and (3) in a legal benchmark sense, with selection ratios of
less than 80 percent in high- and low-risk bins using the popular adverse
impact statistical standard.

2. Test Bias

The second research question inquired about the existence of test
bias. This required the nested regression model structure promoted by
the fields of psychology and education. Table 3 contains the models for
the Illinois dataset. The p-values are here aligned toward the statistical
significance of individual coefficients in each model.

283. Mayson, supra note 135, at 2242.
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Table 3: Test Bias Models for Racial Fairness — Illinois

Model 1 Model 2 Model 3 Model 4
Predictor
Black 1.636% 1.481%* 1.747*
Low risk
Medium risk 1.793* 1.718% 2.021%*
High risk 2.345% 2.247* 3.252%
Black x Low
Black x Medium .820
Black x High 647
Constant 151 .146% .108* .095%
Model Statistics
2LL 34745 34431 34327 34315
Nagelkerke R? .008 021 026 .027
n=36,298

*p <.001

In the Illinois sample, in Model 1 the Black variable indicates that
an individual being Black, on its own, is predictive of a greater likelihood
of a new criminal arrest. (This finding is consistent with the fact that in
Illinois, Black individuals have a higher rate of new criminal arrests than
whites, as will be shown further down in Table 5.) Model 2 shows that
the medium- and high-risk bins significantly and positively predict great-
er odds of being arrested. The Model 2 results support the utility of the
PSA risk bins, irrespective of race.

The Black variable in Model 3, which controls for risk bin predic-
tions, is significant (p < .001), and because the odds ratio is greater than
one, the result means that the PSA underpredicts for Black defendants
in the low-risk bin. This finding of bias in the intercept importantly sig-
nifies test bias.

In Model 4, the interaction term for Black x medium (not shown
in the table, p = .025) is not statistically significant at the conservative
.001 level but would have been at a more lenient, yet typical, .05 level.
The statistically significant interaction for Black x high risk is statistically
significant at the conservative level (p <.001), and it signals that the influ-
ence of a high-risk bin prediction is moderated by race. The tool is simply
not calibrated equally for these racial groups. In empirical terms, this
result means that, in addition to bias in the intercept as previously men-
tioned, there is bias in the slope of the relationship between the PSA and
arrest between the races. Both interaction terms are less than one, indi-
cating that the medium- and high-risk bins overestimated risk for Black
compared to white defendants. These terms also mean that the degree
of underprediction for Black defendants, as indicated by the intercept,
weakens as the risk bins increase from low to medium and to high bins.
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Hence, Table 3 provides evidence for the racialized performance of
the PSA in Illinois, which in the psychometric literature qualifies as test
bias. The form of the relationship between the PSA and race is simply
unequal between the races in Illinois. Table 4 contains the test bias mod-
els for the Kentucky sample.

Table 4: Test Bias Models for Racial Fairness — Kentucky

Model 1 Model 2 Model 3 Model 4

Predictor
Black 1.048 904 848
Low risk
Medium risk 2.272% 2.286* 2.271%
High risk 4.262% 4.314* 4.221%
Black x Low
Black x Medium 1.062
Black x High 1132
Constant 120% 064 .065% .066*
Model Statistics
2LL 110176 106244 106221 106218
Nagelkerke R? .000 049 .049 049
n=161,330

*<.001

For Kentucky, Model 1 indicates there is no relationship between
Black and arrest when just the race variable is used. (As will be shown in
Table 5, this result is consistent with the base rates of arrest being equiv-
alent by race at this site.) Model 2 confirms the ability of the PSA to
predict arrest across races in the medium- and high-risk bins, with statis-
tically significant odds ratios (p < .001).

For Model 3, the statistically significant race factor (p < .001)
shows racial bias in the intercept whereby, as reflected in an odds ratio
less than one, the PSA overpredicts risk for Black defendants. The in-
teraction terms in Model 4 are not statistically significant, meaning that
there is no difference in slopes. Thus, test bias for Kentucky is limited to
the intercept.

Overall, the test bias results are not fully compatible. While both
sites show bias in the intercepts, confirming the existence of test bias,
the directions of the bias are conflicting. In the low-risk bin, the PSA in
Illinois underpredicts for Black defendants while in Kentucky it overpre-
dicts for Black defendants. There is bias in the slope in Illinois, indicating
that the form of the relationship between the PSA and arrest is not the
same for each race, plus the differences vary by risk level. No slope bias,
though, exists in the Kentucky sample, such that the overprediction for
Black individuals was at a consistent level across risk bins. These findings
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of test bias technically qualify as differential validity as well, though we
deployed supplemental metrics that evaluate differential validity through
varied lenses.

3. Differential Validity

The third research question considered whether there is evidence
of differential performance in terms of the PSA’s abilities on discrimina-
tion and calibration. Throughout this Subpart, while the main interest
is on racial comparators, the findings also provide some valuable insight
into the performance abilities of the PSA as a risk assessment tool.

a. Discriminative Validity

Table 5 contains the results for discriminative validity of the PSA in
the two sites and by racial groups within each site. For each of the four
subgroups, the table provides base rates of new criminal arrest, rates of
arrest at each risk bin, AUCs, TPRs, TNRs, and Somers’ d correlations.
The p-values indicate statistically significant differences between races
in each sample.

Table 5: Discrimination Measures for New Criminal Arrest

Illinois Kentucky

White Black p White Black P
Base rate 13.2% 19.9% # 10.7% 11.1% ns
Low 8.6% 14.2% # 6.2% 53% *
Medium 16.1% 21.5% * 13.0% 11.9% *
High 23.5% 25.8% ns 21.7% 21.0% ns
AUC 608 563 # 630 637 ns
True positive rate 16.3% 16.2% ns 20.2% 30.5% *
True negative rate 92.0% 88.5% * 91.3% 85.6% *
Somers’d 216 126 * 260 274 ns

* p <.001; ns = not significant

In the Illinois sample, the overall base rates indicate that whites
have a lesser rate of new criminal arrests: (13 percent white, 20 percent
Black) (p < .001). The Kentucky sample presents no difference in the
base rate of new arrests with an 11 percent rate for both races (n.s.). Per
Table 5, at both sites and for both races, the PSA shows discriminatory
ability whereby arrest rates increase in a linear fashion from low to me-
dium to high risk. Hence, there is some discriminative utility of the PSA
risk bins overall.

Reviewing performances by race, significant differences exist for
the Illinois sample. At each risk bin, whites in Illinois are arrested at
reduced rates: low risk (9 percent white, 14 percent Black) (p < .001),
medium risk (16 percent white, 22 percent Black) (p <.001), high risk (24
percent white, 26 percent Black) (n.s.). The high-risk difference was not,
however, significant.
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For Kentucky, whites were more likely to be arrested in the low-
risk bin (6 percent white, 5 percent Black) (p < .001) and medium-risk
bin (13 percent white, 12 percent Black) (p < .001). These results show-
ing statistical significance are influenced by large sample sizes, whereby
practically the distinctions are relatively small. In the Kentucky sample,
arrest rates are similar for the high-risk bin (22 percent white, 21 percent
Black) (n.s.).

The AUCs in the Illinois dataset indicate better discriminatory
ability for whites with an AUC of .608, compared to an AUC for Black
individuals of .563 (p <.001). In contrast, the AUCs shows equivalent dis-
criminatory ability for the races in the Kentucky sample with an AUC for
whites of .630 and for Black individuals of .637 (n.s.). Hence, while there
is not AUC parity in the Illinois sample, AUC parity exists for Kentucky.

A reflection upon classification accuracy overall appears justified.
Across subsamples, the AUCs range from 56 to 64 percent in the ability
to classify arrestees higher than nonarrestees. At the low end, with a
56 percent rate of correct classifications, the PSA does not, from a prac-
tical perspective, perform materially better than chance. These AUCs
mean that the PSA has appreciable classification error rates from 36
to 44 percent. As judged by the relevant risk assessment literature, the
AUGC:s exhibit, in one conceptualization, small effect sizes in three of the
subsamples and borders on the threshold of medium effect size for the
fourth. In the more conservative labeling, the AUC for Black individuals
in Illinois is judged as failing, while the AUCs for the rest exhibit poor
performance.

The next statistics break apart classification accuracy for true pos-
itives and true negatives. The true positive rates were equivalent in
Illinois at 16 percent (n.s.), but not in Kentucky where whites subject to
new criminal arrests were less likely to be correctly classified as high-risk
(white: 20 percent, Black: 31 percent) (p < .001). True negative rates in-
dicated differential discriminatory validity at both sites with nonarrested
whites being correctly classified as lower risk at larger rates than Black
individuals (p < .001). Hence, except for the true positive rate in Illi-
nois, the PSA does not comply with the algorithmic fairness definitions
of equal opportunity or equalized odds, and taking the reciprocals of the
TNRs and TNRs, it also means there is not error rate balance. These
results suggest disparate mistreatment of Black individuals in the TNRs
in both sites, but disparate treatment of whites in the TPR in Kentucky.

The Somers’ d measure of association between the ordinal risk bins
and arrest rates ranges from .126 to .274. The Somers’ d indicates differ-
ential validity by race in Illinois, whereby the strength of the relationship
between PSA and arrests is significantly stronger for whites, with a statis-
tic of .216 compared t0.126 (p < .001) for Black individuals. In contrast,
the Somers’ d statistics do not vary by race in Kentucky, with a statistic of
.260 for whites and .274 for Black individuals (n.s.), and thus the strength
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of the relationship is equivalent.?® Differential validity on this measure
is thereby indicated in Illinois but not in Kentucky.

In sum, there is strong evidence that the PSA’s ability to classify
varies by race, though not with every statistic in Table 5. With respect
to certain of those statistics (i.e., AUC, true positive rate, true negative
rate, and Somers’ d), classification ability is the persistently weakest with
Black individuals in Illinois. This finding is notable because the Illinois
site represents a supermajority Black population.

b. Calibration

Table 6 contains the calibration metrics for overall accuracy, PPVs,
and NPVs. The p-values indicate if the differences between proportions
by race are statistically significant.

Table 6: Calibration Measures for New Criminal Arrest

1llinois Kentucky
White Black P White Black P
Opverall accuracy 82.0% 74.1% * 83.7% 79.5% *
Positive predictive value 23.5% 25.8% * 21.7% 21.0% ns
Negative predictive value 879% 81.0% * 90.5% 90.8% ns

*p <.001; ns = not significant

The results for overall accuracy demonstrate that the PSA’s predic-
tive accuracy (combining true positives and true negatives) was stronger
for whites in the two samples (p < .001). The p-values indicate that
neither sample achieves the algorithmic fairness criteria of overall accu-
racy equality.

Results were mixed when parsing accuracy rates for predictions of
arrest versus predictions of no arrest. In Illinois, the differential PPVs
indicate the PSA was worse at positively predicting arrest for whites
(white: 24 percent, Black: 26 percent) (p < .001). On the measure of
PPVs, the tool does not offer predictive parity in Illinois, though the vari-
ance is, in practical terms, small in size. For Kentucky, the PPVs were not
statistically different by race (white: 22 percent, Black: 21 percent) (n.s.)
and thus on this measure achieve predictive parity.

Noticeably, the accuracy of the PSA for predicting new criminal
arrests is quite low. The reciprocal statistics (i.e., 1 — PPVs) indicate fore-
casting false positive rates of at least 74 percent.

Results from the NPVs for predicting non-arrests are far more ac-
curate. In Illinois, the NPVs did a better job at predicting nonarrest for
whites (white: 88 percent, Black: 81 percent) (p <.001). In Kentucky, the
NPVs were equivalent at 91 percent (n.s.). The NPVs by race reflect dif-
ferential calibration in Illinois, but not in Kentucky. The forecasting false
negative error rates (i.e., 1 - NPVs) are 9 to 19 percent.

284. The z-test value was p = .007 and thus would have been considered statistically
significant at an alpha of .05.
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In terms of the PSA’s ability in general, with contrasting PPV and
NPV results, the PSA exhibits predictive parity and is well calibrated in
Kentucky, but not so in Illinois. Further, the results mean that the PSA
performs at an appreciable level at predicting success in terms of nonar-
rest with an accuracy rate of at least 80 percent, leaving a forecasting
false negative rate across samples of less than 20 percent. Compared to
an error rate on positively predicting arrest at 74 percent, the PSA as a
tool is far better at predicting non-arrests than it is at predicting arrests.

A. Policy Implications

A clear conclusion from this study is that this tool is not race-free.
Despite assertions by the tool’s owner that the PSA is independent of
racial inequalities,” study results reveal that (1) risk bin outcomes cre-
ate disparate impact, (2) the gold standard for statistically evaluating test
bias made evident that group bias does exist, and (3) the tool does not
perform consistently in classification and prediction for white and Black
individuals.

Disparate impact is evident in that at both sites, Black individuals
are less likely to receive low-risk classifications and to avoid the high-
er risk classifications. This observation does not, on its own, dictate a
constitutional violation. As an illustration, the law on adverse impact in
employment law allows an employer to demonstrate a legitimate, non-
discriminatory justification for a practice that disproportionately impacts
a protected group.®® Here, the justification would likely be couched in
terms of the numerous advantages of algorithmic risk to criminal justice
reforms of money bail and reduced pretrial detention, as outlined earlier
herein.®®” Nonetheless, the result is informative to the political, norma-
tive, and ethical discussions that surround any criminal justice policy
which, no matter how well intended, further disenfranchises minorities.

The gold standard of modeling test bias revealed group bias at both
sites, but interestingly in opposing directions. Test bias is inequitable to
Black individuals in Kentucky by overpredicting risk yet test bias fa-
vored Black individuals in Illinois by underpredicting risk. These results
raise ethical and legal concerns in terms of race-based advantages and
disadvantages.

The ideology of the algorithmic fairness literature is flourishing,
and many definitional offerings to delineate the existence of algorithmic
fairness (or unfairness) are emerging. This study revealed violations of
several of them. The statistical measures used to detect disparate impact
also show, for example, that the tool does not comply with the algorith-
mic fairness terms of statistical parity, demographic parity, and equal

285. ArNoOLD FouND., supra note 182.

286. Andrew D. Selbst, Disparate Impact in Big Data Policing,52 Ga.L.REv. 109,161
(2017).

287 Supra Subpart LA.
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acceptance rates. The tool fails to assign equal rates of whites and Black
individuals to any of the risk bins.

The algorithmic fairness results in evaluating differential validity
measures are not always consistent. Evidence of site effect is substantial
in that there were fewer instances of differential performance in Kentucky
than in Illinois. The tool performs more racially equitably in Kentucky.
This conclusion is not entirely surprising considering PSA developers at
least in part trained the final PSA scale in Kentucky, and thus may have
overfitted the tool to Kentucky data for all demographic groups. The
shrinkage in performance for both races is marked, as evidenced herein
when transferring the tool to Illinois. Weakness in performance is also
applicable to racial differences. The PSA failed on many of the algorith-
mic fairness definitions in Illinois (e.g., AUC parity, predictive parity).
While the PSA was more racially fair in Kentucky, it still violated certain
algorithmic fairness definitions (e.g., equal opportunity, overall accura-
cy validity). It is notable that better overall performance exists in the
sample that is a supermajority white population (i.e., Kentucky), which
confirms observations that risk tools tend to perform better on largely
white samples. As the PSA is used by judges to make important liberty
infringing decisions, the foregoing results strongly suggest the need for
judicial oversight® or other external governance.?®

It is beyond the scope of this Article to substantiate ways to ame-
liorate racial disparities in the tool. Yet it is evident that any retooling
must orient to the fact that the PSA’s predictors and its outcome are
crime centric. Decidedly, the placement of a greater proportion of Black
individuals into the medium- and high-risk bins are a conspicuous conse-
quence of criminal history. The new criminal arrest scale includes an age
variable, but it represents only two out of a total possible thirteen points
in raw scoring. Eighty-five percent of the risk classification, then, is based
on criminal history measures. As a result, it is clear that it is criminal
history that is driving the disparate impact. For the many reasons dis-
cussed earlier, this may not reflect actual disparities in rates of offending
by race.*® An evident policy issue here is for stakeholders to reconsider
relying on a tool that is so heavily dependent on criminal history, consid-
ering the clear results shown herein of the detrimental labels connoting
dangerousness being disproportionately assigned to Black individuals.
PSA outcomes are used in decisions in which personal liberty is at issue.
Considering officials adopted the tool with express encouragement for
judges to respect the tool, it is foreseeable that the tool will reduce the
likelihood of release of Black compared to white individuals.

288. Binns, supra note 103, at 7 (anticipating increase in judicial scrutiny, but noting
“[i]Jt remains to be seen how administrative law standards of reasonableness, ra-
tionality, relevancy, intelligibility and adequacy can apply to decisions influenced
by systems based on machine learning, and whether new standards may be need-
ed to hold those who deploy them accountable”).

289. Taxman, supra note 21, at 282.

290. Supra Subpart I.C.
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At a very high level, possibilities for retooling include modifications
to how these variables are chosen, operationalized, and evidenced. It
seems justifiable, too, to engage in further research to add supplemental,
noncriminal history predictive factors, particularly those that might be
stronger predictors of arrest for Black individuals. Investigating whether
a substitute for the outcome variable that defines dangerousness as an ar-
rest might moderate racial differentials is warranted (e.g., arrest for only
serious offenses, convictions). Stakeholders might also consider some
form of algorithmic affirmative action to adjust factors, their scores, or
weights by race, though this form of reengineering would be novel and
controversial for a host of reasons, as is considered elsewhere.”!

Racial differences aside, the study reveals some affirming demon-
strations the PSA offers some utility. In terms of discriminatory ability,
the risk binning strategy is positively correlated with new criminal arrests
and the tool is more likely than not to rank arrestees in a higher risk
grouping than non-arrestees. The PSA performs quite well in predicting
success in terms of not being arrested on a new charge as shown by large
accuracy rates of at least 80 percent in the low- and medium-risk classi-
fications (i.e., the NPVs). At least in the jurisdictions sampled, a PSA
prediction of low or medium risk thereby deserves a healthy degree of
confidence. For judges wishing to be somewhat confident that individu-
als rated as low or medium risk are not likely to have a new arrest, the
PSA may thus be appreciated as a legitimate tool to initially screen out
risk, and thus release, those defendants who are not scored as high risk.

A corresponding policy issue regards the findings that the PSA
scale performs with extremely large error rates in predicting arrest (as
opposed to non-arrest). Weak accuracy performance for high-risk at-
tributions signifies that the PSA tool should not be the only data point
specifically in decisions to deny release. Thus, judges faced with indi-
viduals with a “high-risk” outcome should look for more information to
supplement that PSA outcome before determining the individual should
be detained to protect the public.

Other results from a general view of the PSA (outside of racial is-
sues) may be informative outside the context of this tool and in other
decisionmaking settings. This study confirms the benefit and thereby
need for independent crossvalidation research and the downside for rely-
ing upon a developer’s assertions about equal performance across groups.
In general, the results highlight the need for localized validation studies.
The evidence here indicates the presence of site effect. When comparing
two quite different jurisdictions from sociodemographic and institutional
resource considerations, the same tool did not perform equally as well
based on site or on race. The tool could well be considered for revision
based on each site’s characteristics that correlate to criminal offending.

291. See generally Jason R. Bent, Is Algorithmic Affirmative Action Legal?, 108 GEo.
L.J. 803, 803 (2020); Skeem & Lowenkamp, supra note 145 (illustrating algorith-
mic affirmative action on a federal dataset).
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The evidence may be instructive to stakeholders who might not be
cognizant of what level of probability is associated with each risk cate-
gory.®? In this study, arrest rates for the PSA are these: low risk (5-14
percent) to medium risk (12-22 percent) to high risk (21-26 percent).
Thus, this information is broadly useful to allow stakeholders a rough
idea of the percentile likelihood of failure by category, at least for this
popular risk tool. While this data on the failure rates by risk bin are im-
portant, the tale is also cautionary. Simply put, the risk bins do not mean
the same thing across samples. Stakeholders should be aware of applying
the appropriate offense rates rather than erroneously substituting pro-
portional failures from a different sample.

A related caution is that there exists a concerning overlap in base
rate ranges across the risk bins. A 14 percent likelihood of arrest is low
risk in one subsample yet qualifies as medium risk in another. A 22 per-
cent likelihood of arrest is medium risk for one group yet high risk in
another. Such a conflation should be informative to stakeholders. These
findings highlight the idea that risk bins might reasonably be better pro-
moted as achieving a stronger efficacy in providing relative predictions
and that it is not as salient for absolutist likelihood estimates.*?

The probabilities associated with the high-risk bin raise a related
policy issue. The PSA’s high-risk bin seemingly fails to isolate to the de-
gree of likelihood of failure that stakeholders might anticipate. Across
all subsamples, fewer than 30 percent of defendants classified at high risk
were arrested anew after release. Hence, over 70 percent of individuals
designated as “high risk” were instead successful in remaining free of
a new arrest. While no normative consensus exists in the criminal jus-
tice risk field on the degree of probability that ought to qualify as high
risk,”* this finding at least raises the question as to whether stakeholders
would regard a 21 to 26 percent probability as justifying such a disparag-
ing status label.?* If the PSA’s designation of “high risk” triggers even
an informal presumption of pretrial detention, the consequence is that a
significant percentage of individuals will be detained unnecessarily. This
point is even more important when considering that the PSA’s new crim-
inal arrest scale is predicting any arrest, not just violent arrests or even

292. Stevenson,supra note 155, at 306 (“Judges may not understand exactly what the
risk score is measuring, or what level of statistical risk is associated with each
risk category.”).

293. Klingele, supra note 77 at 219.

294. Nicholas Scurich, The Case Against Categorical Risk Estimates,36 BEHAV. ScI. &
L. 554,558 (2018); Stephanie A. Evans & Karen L. Salekin, Violence Risk Com-
munication: What Do Judges and Forensic Clinicians Prefer and Understand?, 3
J. THREAT ASSESSMENT & MGMT. 143, 156 (2016); J.C. Oleson et al., Training to See
Risk: Measuring the Accuracy of Clinical and Actuarial Risk Assessments Among
Federal Probation Olfficers,75 FED. ProB. 52,55 (2011).

295. David G. Robinson et al., Pretrial Risk Assessments: A Practical Guide for Judg-
es, 57 Jupaes J. 8,9 (2018) (warning judges who use risk assessment: “What sta-
tistical probability does the “high-risk” label correspond to in your jurisdiction?
It might be lower than you think.”).
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serious arrests. These points should inform relevant public debate as to
the degree of probability and of the severity of the predicted offenses
which should ethically and normatively qualify as sufficiently risky to
justify incarceration for those whose guilt has not been determined.*®
Such a large error rate for predicting any type of arrest means that the
lofty goals of introducing algorithmic risk predictions to ameliorate mass
incarceration will suffer.

B. Advantages and Limitations

This study offers some novel contributions to the literature. Find-
ings critically add to the small knowledge base that evaluates racial bias
in risk instruments.””” Whereas most research in the risk assessment lit-
erature depends upon a single sample of convicted prisoners released
from prison,”® this study employs a novel two-sample design involving
diverse jurisdictions of pretrial defendants discharged from local jails.
The contrasting samples permitted a unique perspective on tool perfor-
mance with a supermajority white sample compared to a supermajority
Black sample.

At present, the few research reports about pretrial risk tool per-
formance that provide any data about their predictive powers typically
offer merely one or two statistical measures.*” We adopted the best
practices model of reporting on a variety of measures to judge the PSA’s
utility for new arrests in its relative ability to discriminate the risk of
those who failed versus those who did not and then its absolute ability in
terms of how well calibrated the PSA is in its predictions of new arrests.
Moreover, the analyses were bifurcated to address differential validity by
sample and by race. This permitted further exploration into the potential
for disparate impact or discriminatory outcomes by racial grouping.

Several limitations should be mentioned, though it is important to
note that these tend to plague other risk assessment validation studies
conducted by independent third parties who cannot control data collec-
tion. The datasets did not allow for a consistent or fixed followup period.
No interrater reliability scores were available. The units of analysis are
cases rather than individuals. Thus, it is possible that some individuals
may be counted more than once if they were released, rearrested, and
released again in the time periods studied. Then we could not control for

296. Stevenson & Mayson, supra note 4, at 39.

297 Taxman, supra note 21, at 277

298. Syngve Nygaard Andersen & Torbjgrn Skardhamar, Pick a Number: Mapping
Recidivism Measures and Their Consequences, 63 CRIME & DELINQ. 613, 617
(2017).

299. Kim KiDeuk & Grant Duwe, Improving the Performance of Risk Assessments,
in HANDBOOK ON Risk AND NEED ASSESSMENT: THEORY AND PracTicE 189, 215
(Faye S.Taxman ed.,2017); Douglas, supra note 88, at 135;Jay P. Singh, Measure-
ment of Predictive Validity in Violence Risk Assessment Studies: A Second-Order
Systematic Review,31 BEHAV. Scl. & L. 55,61 (2013).
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individual conditions of release (e.g., restrictions, service offerings) which
may correlate with new arrests.

Conclusions

Hopes for progressive reform by adopting risk algorithms to ame-
liorate race-based disparities are aspirational. The reality may somewhat
differ. The independent study offered herein suggests caution. A pop-
ular risk assessment tool widely used across jurisdictions provides some
utility in predicting success in terms of released defendants not being
rearrested. Plus, the tool has some ability to classify whereby its low-,
medium-, and high-risk bins are related to higher arrest rates in the di-
rection expected.

Because the tool exhibits substantial error rates in predicting new
arrests, one should proceed with caution. With respect to the focus on
racial disparities, ample evidence is provided herein of disparate per-
formance for white versus Black individuals in ways that, in most cases,
disadvantage Black individuals. The information should spark more
discussion and debate. These results do not necessarily require that the
algorithmic risk turn be abruptly abandoned. Instead, more care can be
taken to retool algorithms to reduce racial inequities while serving the re-
form movement’s goal of increasing the release rates of white and Black
pretrial defendants.
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