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Abstract

This thesis uses the COMPAS algorithm as a case study to investigate
the role of algorithmic risk assessments in human decision-making.
The prior work on the COMPAS algorithm and similar risk assess-
ment instruments focuses on the technical aspects of the tools by pre-
senting methods to improve their accuracy and theorizing frameworks
to evaluate the fairness of their predictions. The research does not
consider the practical function of the algorithm as a decision-making
aid rather than decision-maker.

The first experiment addresses the open question of if algorithmic risk
scores impact human predictions of recidivism in a controlled environ-
ment with human subjects. The results indicate that the algorithmic
risk scores act as anchors that induce a cognitive bias: participants
assimilate their predictions to the algorithm’s score. In particular,
participants who view the low anchor algorithm provide risk scores
on average 42.3% lower than participants who view the high anchor
algorithm when assessing the same set of defendants. Furthermore,
participants can only sometimes perceive when the algorithm’s risk
scores influence their decisions.

The follow-up experiment explores how the COMPAS algorithm specif-
ically affects the accuracy and fairness of defendant risk assessments.
When predicting the risk that a defendant will recidivate, the COM-
PAS algorithm achieves a significantly higher accuracy rate than the
participants who assess defendant profiles (65.0% v 54.2%). Yet when
participants incorporate the algorithm’s risk assessments into their
decisions, their accuracy does not improve. In contrast, when par-
ticipants view the COMPAS scores the fairness of their predictions
changes according to measures of balanced error rates and accuracy
equity. They produce more favorable outcomes for white defendants
versus black defendants. The experiment also evaluates the effect of
presenting an advisement designed to warn of this potential for dis-
parate impact on minorities. The findings suggest, however, that the



advisement does not significantly impact either the accuracy of recidi-
vism predictions or their fairness according to measures of balanced
error rates, predictive parity, and accuracy equity.

Based on the theoretical findings from the existing literature, some
policymakers and software engineers contend that algorithmic risk as-
sessments like the COMPAS software can alleviate the incarceration
epidemic and the occurrence of violent crimes by informing and im-
proving decisions about policing, treatment, and sentencing. But the
results from this thesis indicate that if algorithmic risk assessments
are to successfully address these problems, future research must in-
vestigate their practical role: an input to human decision-makers.
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Chapter 1

Introduction

1.1 Motivation

The criminal justice system in the United States needs help−the country si-

multaneously struggles to address the mass incarceration epidemic and reduce

occurrences of violent crimes. Since 1970, the American state and federal prison

population markedly increased from about 400,000 to 2.2 million today [2]. The

United States leads the world in incarceration: approximately 25% of the world’s

prisoners reside in American prisons, even though the United States only ac-

counts for 5% of the world’s population [55]. As such, the United States spends

about 75 billion dollars every year on state and local correctional costs, more

than other industrialized nations [44]. Despite this large investment, however,

the United States faces one of the highest recidivism rates in the world: two in

three (68%) individuals released from prison reoffend within five years, and five

in six (83%) reoffend within nine years [4]. More than one third (34%) of these

rearrests pertain to violent crimes [4] [46].

Predictive algorithms can simultaneously address the problems of mass incar-

ceration and violent crimes by informing and improving decisions about policing,
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1.1 Motivation

treatment, and sentencing. In 2006, Camden, New Jersey ranked as one of the

most dangerous cities in America with a violent crime rate at 4.4 times the na-

tional average [4]. The next year Anne Milgram assumed the role of New Jersey

attorney general and attempted to improve public safety by introducing rigorous

statistical analysis to the New Jersey police department. Within three years, the

murder rate in Camden declined by 41% and the crime rate by 26% [44]. Mil-

gram credits this achievement to the implementation of data-driven models in

decision-making processes.

Based on her success in Camden, Milgram argues that similar algorithmic

recidivism prediction instruments will improve decisions in the criminal justice

system. She explains: “Judges have the best intentions when they make these

decisions about risk, but they’re making them subjectively...and we know what

happens with subjective decision making, which is that we are often wrong” [44].

The algorithmic risk assessment instruments that Milgram supports can recognize

individuals likely to commit future violent crimes; furthermore, they can provide

people predicted to recidivate with specialized treatment, with the total outcome

of reducing crime. The tools can also identify low-risk individuals and administer

appropriate non-prison punishments, which would help reduce incarceration rates

and costs. Such algorithms therefore possess the potential to both alleviate the

incarceration epidemic and prevent future crimes.

Recidivism prediction algorithms can also, importantly, reduce the impact of

implicit biases in the criminal justice system and promote more equitable treat-

ment for defendants. A New York Times study analyzed 13,876 parole decisions in

the state of New York and found that only about 15% of black men were released

at their first hearing, compared to about 25% of white men [61]. Researchers also

discovered that bail judges demanded on average $7,000 more in bail for black

defendants than white defendants in Miami and Philadelphia [7]. Furthermore,

2



1.2 Context of the Study

a recent report from the United States Sentencing Commission indicates that

black men receive sentences on average 20% longer than similarly situated white

men [57]. By introducing increased standardization and constraining potentially

biased human discretion, algorithmic risk assessments can reduce these racial

disparities.

1.2 Context of the Study

The COMPAS (Correctional Offender Management Profiling for Alternative Sanc-

tions) risk assessment software strives to realize these possibilities. The private

company Equivant (formerly Northpointe) designed this software, which employs

sophisticated quantitative models, broad selections of explanatory theories, ex-

tensive ranges of risk and need factors, and integration with criminal justice

databases [5]. Concretely, the COMPAS algorithm takes as input responses to

137-questions, some answered by defendants and others derived from criminal

records [12]. Using logistic regression, survival analysis, and bootstrap classi-

fication methods, the COMPAS model outputs risk scores on a scale from one

to ten; these scores indicate the probability of recidivism within two years [12].

Scores from one to four are labeled as Low Risk; five to seven labeled as Medium

Risk; and eight to ten labeled as High Risk. States such as Arizona, Colorado,

Delaware, Kentucky, Louisiana, Oklahoma, Virginia, Washington and Wisconsin

use this software in bail, parole, and sentencing decisions [6].

The algorithm may therefore influence the treatment for defendants. For

instance, when Judge James Babler of the Wisconsin Circuit Court viewed the

COMPAS risk assessment of a defendant classified as high risk, he decided to

overturn the plea deal agreed upon by the prosecution and defense to impose a

harsher sentence on the defendant. During the appeal of the sentence, however,

3
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the public defender called into question the integrity of the COMPAS score, so

Judge Babler reduced the defendant’s sentence. He reasoned, “Had I not had

the COMPAS, I believe it would likely be that I would have given one year, six

months” [6].

As this appeal illustrates, ethical and legal objections about the fairness and

utility of the COMPAS algorithm quickly arose upon this installation of the COM-

PAS algorithm into the criminal justice system. These issues garnered national

attention in 2016 when ProPublica, an online nonprofit investigative journalism

organization, published the article titled Machine Bias [6]. This piece demon-

strates that the COMPAS algorithm incorrectly classifies black defendants as

high risk nearly two times more frequently than white defendants; moreover, the

algorithm incorrectly classifies white defendants as low risk nearly two times more

frequently than black defendants [6]. Based on these findings, the authors claimed

that the COMPAS software demonstrated biases against blacks. ProPublica’s al-

legations sparked heated debates within the computer science community about

algorithmic fairness and transparency.

In the 2016 court case State v. Loomis, the Wisconsin Supreme Court ad-

dressed further challenges against the use of the COMPAS software in sentencing

decisions [3]. The defendant alleged that (1) the tool infringed upon due pro-

cess by unfairly considering gender and (2) the judge’s use of the tool violated

the right to an individualized sentence. The court rejected the defendant’s ar-

guments. In response to the defendant’s first claim, the justices found that the

inclusion of gender as an input for the algorithm furthered the nondiscriminatory

goal of improving the tool’s accuracy. Addressing the second argument, the court

emphasized that judges retained the discretion to disagree with the algorithm’s

decisions, so following this logic the defendant still received an appropriately in-

dividualized sentence. The court also, however, purposefully cautioned judges
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against relying too heavily on algorithmic predictions of recidivism and required

a “written advisement” to accompany the risk assessment scores in the presen-

tencing advisement report (PSI) [3]. The justices mandated that this advisement

contain five warnings including information about studies, like ProPublica’s, that

raise questions about the tool’s disproportionate classification of minorities as

high-risk.

As the State v. Loomis decision highlights, the COMPAS software serves as

a single and non-determinative factor in human decision-making. Yet much of

the prior work assessing the COMPAS software ignores this context and focuses

solely on the technical aspects of the algorithm: the tradeoff between its accu-

racy and various statistical definitions of fairness, for example [14] [36]. While a

recent study incorporates human subjects into its experiment, it only compares

measures of accuracy and fairness between human decisions and COMPAS scores

[19]. The literature does not sufficiently investigate the impact of these machine

predictions on human decision-making. This question, however, is of the utmost

importance because human officials serve as the ultimate arbitrators. In the set-

ting of the criminal justice system, human bail officials, parole officers, and judges

may ignore the risk scores in certain cases, may defer responsibility to them, or

may weigh them differently depending on the race of the defendant. So while

the studies concentrating on improving the accuracy and fairness of algorithmic

recidivism predictions serve important theoretical purposes, researchers must also

examine how humans incorporate these algorithms into their decisions to better

understand the practical implications of the algorithms.

5
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1.3 Overview of the Thesis

The COMPAS algorithm can alleviate the problems of mass incarceration and

violent crime by improving decisions about parole, bail, and sentencing. As ProP-

ublica’s study demonstrates, however, the COMPAS algorithm can also disadvan-

tage minority groups and perpetuate racial biases. To ensure the fair and proper

implementation of the instrument, research must examine the algorithm’s practi-

cal implications. The existing work on the COMPAS algorithm and similar risk

assessment instruments focuses on the technical aspects of the tools; it overlooks

the practical function of the algorithms as decision-making aids to humans rather

than decision-makers themselves. This thesis thus addresses the human aspect

of risk assessment algorithms by exploring the following questions: How (if at

all) do risk assessment algorithms influence human decisions? And how (if at

all) do written advisements accompanying risk assessment algorithms, like that

mandated by State v. Loomis, affect decision-making?

The next chapter provides the theoretical context to pursue these lines of in-

quiry by synthesizing prior research on anchoring effects, complementary comput-

ing, and algorithmic fairness. Chapter Three presents an experiment inspired by

the studies that investigates if algorithmic risk scores impact human predictions

of recidivism. Based on the findings from this experiment, Chapter Four describes

a follow-up experiment that evaluates how algorithmic risk scores specifically af-

fect the accuracy and fairness of human predictions of recidivism in two cases:

with and without the written advisement outlined in State v. Loomis. Chapter

Five reviews the results from both experiments and contextualizes them within

the literature on algorithmic fairness. This chapter also concludes the thesis by

underscoring the need for further research on algorithm-assisted decision-making

in the criminal justice system and beyond.
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Chapter 2

Background

This chapter synthesizes experimental results from psychology, practical exam-

ples of human machine collaboration, and technical studies of algorithmic fairness

to provide a theoretical basis for the two experiments of the thesis. The work in

Section 2.1 on the anchoring effect and econometric studies of risk assessments

foreground for the first experiment, and the work in Section 2.2 and 2.3 on the

accuracy and fairness of algorithm-aided decisions contextualize the second ex-

periment.

2.1 Algorithm-Aided Decisions

2.1.1 Anchoring Effect

Research in the psychology literature suggests that algorithmic predictions may

influence human-decisions through a cognitive bias known as the anchoring effect:

when individuals assimilate their estimates to a previously considered standard.

Tversky and Kahneman first theorized the anchoring heuristic in 1974 – they

published a comprehensive paper that explains the psychological basis of the

anchoring effect and provides evidence of the phenomenon through numerous

7
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experiments [56]. In one study, for example, they required participants to spin a

roulette wheel that they predetermined to stop at either 10 (low anchor) or 65

(high anchor). After spinning the wheel, participants estimated the percentage

of African nations in the United Nations. Tversky and Kahneman found that

participants who spun a 10 provided an average guess of 25%, while those who

spun a 65 provided an average guess of 45%. They rationalized these results by

explaining that people make estimates by starting from an initial value, and their

adjustments from this quantity are typically insufficient.

The anchoring index quantifies the effect size of this bias. Let LA denote the

value of the low anchor, let HA denote the value of the high anchor, let X̂LA

denote the estimates from people exposed to the low anchor, and let X̂HA denote

the estimates from people exposed to the high anchor. Then the anchoring index

AI can be expressed by Equation 2.1 [11] [32] [31] [40] [56]:

AI =
Median(X̂HA)−Median(X̂LA)

HA− LA
× 100% (2.1)

While initial experiments investigating the anchoring effect recruited amateur

participants [56], researchers observe similar anchor effects among experts, too

[46]. In their seminal study from 1987, Northcraft and Neale recruited real estate

agents to visit a home, review a detailed booklet containing information about

the property, and then assess the value of the house [46]. The researchers listed

a low asking price in the booklet for one group (low anchor) and a high asking

price in the booklet for another group (high anchor). The real estate agents who

viewed the high asking price provided valuations 41% greater than those who

viewed the lower price, and the anchoring index of the listing price was likewise

41%. Northcraft and Neale conducted an identical experiment among business

school students with no real estate experience and observed similar results: the

students in the high anchor treatment answered with valuations that exceeded

8



2.1 Algorithm-Aided Decisions

those in the low anchor treatment by 48%, and the anchoring index of the listing

price was also 48%. Their findings, therefore, suggest that anchors such as listing

prices bias the decisions of trained professionals and inexperienced individuals

similarly.

More recent research finds evidence of the anchoring effect in the criminal

justice system. For instance, Englich and Mussweiler conducted a study among

judges in which the judges throw a pair of dice and then provide a prison sentence

for an individual convicted of shoplifting [21]. The researchers rig the dice so

that they land on a low number (low anchor) for half of the participants and high

number (high anchor) for the other half. The judges who rolled a low number

provided an average sentence of 5 months, whereas the judges who rolled a high

number provided an average sentence of 8 months. The difference in responses

was statistically significant, and the anchoring index of the dice roll was 67%.

Similar studies show that sentencing demands [21], motions to dismiss [33], and

damages caps [45] also act as anchors that bias judges’ decision-making.

2.1.2 Influence of Risk Assessments on Decision-Making

Strong evidence of the anchoring effect exists in diverse domains including the

criminal justice system, yet studies provide conflicting narratives about the role

of algorithmic risk assessments as anchors in decision-making. On the one hand,

in a study from 2017, Berk investigates the impact of machine learning risk fore-

casts on parole board decisions in Philadelphia, and he finds that their release

decisions did not significantly change after the provision of risk assessments [9].

In a similar study from 2018, Stevenson evaluates algorithmic risk assessments

in Kentucky. She finds, however, that after Kentucky passed legislation making

pretrial risk assessment mandatory parts of bail decisions: (1) judges granted

non-monetary release for low-risk defendants 63% more frequently and (2) judges

9
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granted release for high-risk defendants at approximately the same rate [52]. The

different results of these two studies may result from alternative research designs

and different geographic settings, among other factors. Importantly, both base

their conclusions on econometric analyses of past bail and parole records with

some incomplete entries, so they necessarily entail sets of assumptions that may

not hold in the real world. Also, neither study incorporates human subjects.

2.2 Algorithm-Aided Decisions and Accuracy

2.2.1 Human versus Machine Accuracy

A recent study from 2018 suggests that algorithms may not outperform humans

in the context of recidivism prediction [19]. In this study, Dressel and Farid show

that predictions from Amazon Mechanical Turk workers achieved the same levels

of accuracy as the COMPAS algorithm. This study conducts two experiments

that provide participants with a description of a defendant’s alleged crime, sex,

age, and criminal history, and asks participants to predict if the defendant would

recidivate within two years of their most recent crime. Half of the participants

view the races of the defendants and the other half does not. Dressel and Farid

find that in both treatments the human accuracy, as measured by proportion of

correct positive and negative predictions, does not differ in a statistically signifi-

cant way from the COMPAS algorithm’s accuracy. They also observed that the

false positive and false negative rates of participant predictions does not signifi-

cantly differ from those of the COMPAS algorithm. Dressel and Farid used these

results to conclude that the Turk workers were as accurate and fair as COMPAS

at predicting recidivism. This study signals an important shift in the literature

on algorithmic fairness by incorporating human subjects to contextualize the ac-

curacy and fairness of the algorithms. But their experiment divorces the human
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decision-makers and the algorithm when, in fact, they must work in tandem.

2.2.2 Complementary Computing

The field of complementary computing focuses on this suggested coupling of hu-

man and algorithmic competencies and demonstrates that humans and machines

can achieve better outcomes by working together rather than in isolation [29].

For example, in 1997 IBM’s Deep Blue software beat the World Chess Champion

Garry Kasparov in a series of six matches [13]. More recent computer programs

such as Stockfish and AlphaZero can similarly beat grandmasters [51]. Inspired

by his loss, however, Kasparov decided to test the success of Human+AI pairs

in chess matches [13]. He found that that the Human+AI team bested the solo

human. More surprisingly, he also found that the Human+AI team bested the

solo computer, even though the machine outperformed humans. Researchers ex-

plain this phenomenon by emphasizing the various dimensions of intelligence [25].

For instance, human chess players excel at long-term chess strategies, but they

perform poorly at assessing the millions of possible configurations of pieces. The

opposite holds for machines. Due to their different strengths, combining human

and machine intelligence produces better outcomes than when each works sepa-

rately.

The superiority of the human and machine team appears to hold when humans

outperform algorithms, too. In the context of a medical image recognition task,

medical professionals achieve higher accuracy than the existing machine learning

model. When these human experts work in tandem with the computer model,

however, their error rates decrease by 85% [49]. Other well-known successful

instances of complementarity computing occur in domains such as call routing

[29].

Yet the collaborative potential of humans and algorithms lacks rigorous inves-
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tigation in the context of risk assessments. In one study, Tan attempts to leverage

the human and machine complementarity in this domain [54]. She constructs a

hybrid “Human+Machine” model to predict recidivism by combining the predic-

tions from multiple Mechanical Turk workers and the COMPAS scores. Yet this

model does not consider the collaboration between humans and machines. The

Human+Machine model also does not achieve greater accuracy than either the

COMPAS algorithm or the crowd-sourced predictor.

2.3 Algorithm-Aided Decisions and Fairness

The ProPublica article Machine Bias initiated the discussion of algorithmic fair-

ness by alleging that the COMPAS software demonstrated biases against black

defendants [6]. In this study, the authors analyzed the 2013-2014 arrest records

and risk scores of about 7,000 people arrested in Broward County, Florida, and

they found that (1) the algorithm incorrectly classified black defendants as high

risk nearly two times more frequently than white defendants and (2) the algo-

rithm incorrectly classified white defendants as low risk nearly two times more

frequently than black defendants.

This report, however, sparked heated debates within the computer science

community about fairness in algorithmic predictions. The creators of the COM-

PAS software quickly responded and criticized ProPublica’s methodologies, namely

the classification statistics used to frame their analysis [18]. Their study empha-

sizes that white and black defendants classified as high-risk recidivate at similar

rates, and white and black defendants classified as low-risk also recidivate at sim-

ilar rates. Additionally, they show that the algorithm achieves equal diagnostic

accuracy for white and black defendants across all thresholds of the risk scale.

Another study by Flores also contends that the COMPAS algorithm predicts re-
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cidivism similarly for black and white defendants, but they base their analysis

on logistic regression [23]. They estimate logistic regression models for the rela-

tionship between the risk score and outcome and do not find slope or intercept

differences for black and white defendants. Fundamentally, however, the COM-

PAS designers and Flores reach different conclusions from the ProPublica authors

because they employ alternative definitions of fairness.

2.3.1 Fairness through Blindness

Recent debates about the statistical definitions of fairness elucidate their em-

bedded social and ethical values. For example, the fairness through blindness

approach reflects the anti-classification principle found in legal literature. Accord-

ing to “fairness through blindness,” models cannot explicitly consider sensitive

attributes such as gender and race [59], which maps onto the anti-classification

principle that prohibits classifying individuals “explicitly or surreptitiously” on

the basis of protected attributes [8].

Given the high dimensional nature of input data sets, however, the exclusion

of race and gender as fields does not necessarily preclude disparate treatment

because other features may correlate with them [20]. The COMPAS algorithm,

for instance, does not consider race as an input [18]. Features such as income

and level of education correlate strongly with race, so different error rates for

black and white defendants still occur [6]. Numerous researchers reject input

exclusion as a sufficient measure of fairness given the widespread occurrence of

similar phenomenon in different data sets [10] [14] [20].

Some academics then propose achieving “blindness” to protected attributes

by excluding variables highly correlated with them [59]. The exclusion of these

additional factors, however, may decrease the accuracy of the model [20]. In the

context of the COMPAS algorithm, according to the lead designer Tim Bren-
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Recidivism Predicted Recidivism Not Predicted
Recidivism Observed True Positives (TP ) False Negatives (FN)
Recidivism Not Observed False Positives (FP ) True Negatives (TN)

Table 2.1: Confusion matrix for the COMPAS algorithm.

nan, “If [income and level of education] are omitted from your risk assessment,

accuracy goes down” [6]. Additionally, this feature exclusion approach requires

numerous normative decisions, most notably what levels of correlation with pro-

tected attributes qualifies as sufficiently “high” to merit removal.

2.3.2 Fairness through Awareness

Most researchers instead advocate for fairness through awareness: explicitly con-

sidering sensitive attributes to treat similar individuals similarly [20]. This no-

tion manifests undertones of the anti-subordination theory of fairness as it takes

protected attributes like race into account, but for the purpose of preventing dis-

parate impact for historically marginalized groups [8]. Yet when adopting this

approach, researchers must also make normative judgements and define both sim-

ilar individuals and similar treatment. Statistical definitions of fairness reflect the

values embedded in these ethical decisions.

Table 2.1 provides a useful framework to explicitly define metrics of algo-

rithmic fairness using a cross-tabulation of the actual outcome by the predicted

outcome. The rows and columns represent actual and predicted classifications,

respectively. In the context of risk assessment tools like COMPAS, the positive

case corresponds to recidivism.

The following section details the most prominent definitions of fairness em-

ployed in the last six years [59]. To formally describe these metrics, this section

employs the following notation:

• Let G(x) ∈ {b, w} denote the race of defendant x, where b signifies black
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and w signifies white.

• Let Y (x) ∈ {0, 1} denote the actual classification result for defendant x,

where 0 signifies a negative classification (does not recidivate) and 1 signifies

a positive classification (does recidivate).

• Let S(x) ∈ {0, 1, ..., 10} denote the predicted probability of a positive classi-

fication for defendant x, where ∀s ∈ S signifies the value of the defendants’

risk scores.

• Let D(x) ∈ {0, 1} denote the algorithm’s predicted decision for defendant

x, where 0 signifies a negative classification (will not recidivate, low risk)

and 1 signifies a positive classification (will recidivate, medium or high risk).

The values of D are a function of S(x) as follows:

D(x) =

0 S(x) < 5

1 S(x) ≥ 5

(2.2)

Like ProPublica’s study, this definition considers medium and high-risk

individuals as positive classifications. This grouping of medium and high-

risk, notably, has received pushback from the designers of the COMPAS

algorithm.

Based on the notation described above, the six most prevalent measures of

algorithmic fairness are as follows:

• Statistical parity: An algorithm achieves statistical parity when it predicts

that equal percentages of members of protected groups will receive positive

and negative classifications [10] [14] [16] [59]. In the context of recidivism,

this definition mandates that white and black defendants receive high-risk
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scores at the same rate, so the following two equalities must hold:

TPb + FPb

TPb + TNb + FPb + FNb

=
TPw + FPw

TPw + TNw + FPw + FNw

(2.3)

FNb + TNb

TPb + TNb + FPb + FNb

=
FNw + TNw

TPw + TNw + FPw + FNw

(2.4)

Statistical parity conditions on the predicted outcome, so Equations 2.2 and

2.3 may also be expressed in probabilistic terms as Equations 2.4 and 2.5,

respectively:

P (D = 1|G = b) = P (D = 1|G = w) (2.5)

P (D = 0|G = b) = P (D = 0|G = w) (2.6)

Researchers also refer to this measure as equal acceptance rates [10] and

group fairness [20]. While much of the machine learning literature employs

this measure of algorithmic fairness in problems of employment [39] and ad-

missions [14], people typically do not employ it in the context of recidivism

because it may lead to undesirable outcomes: classifying whites as high-risk

even if they do not seem likely to recidivate so that equal percentages of

whites and blacks are classified as high-risk, for example.

• Error rate balance: An algorithm achieves balanced error rates when the

false positive and false negative rates are the same across protected groups

[10] [14] [16] [59]. To meet this standard of fairness, the COMPAS algorithm

would need to satisfy the two conditions below:

FPRb =
FPb

FPb + TNb

=
FPw

FPw + TNw

= FPRw (2.7)
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FNRb =
FNb

FNb + TPb

=
FNw

FNw + TPw

= FNRw (2.8)

Since error rate balance conditions on both group membership and actual

outcomes, equations 2.6 and 2.7 can also be expressed as:

P (D = 1|Y = 0, G = b) = P (D = 1|Y = 0, G = w) (2.9)

P (D = 0|Y = 0, G = b) = P (D = 0|Y = 0, G = w) (2.10)

The false positive error rate balance conveys the idea that an algorithm

should provide similar predictions for defendants who do not recidivate

regardless of race. Likewise, the false negative error rate balance conveys

the idea that an algorithm should provide similar predictions for defendants

who do recidivate regardless of race.

• Overall accuracy equity: An algorithm achieves overall accuracy equity

when the proportion of correct positive and negative predictions is the same

among protected groups [10] [14] [16] [59]. The COMPAS algorithm would

therefore demonstrate overall accuracy equity if Equation 2.11 holds:

TPb + TNb

TPb + TNb + FPb + FNb

=
TPw + TNw

TPw + TNw + FPw + FNw

(2.11)

The definition conditions on group membership and predicted outcomes like

error rate balance, so Equation 2.11’s expression in probabilistic notation

appears similar to that of error rate balance:

P (Y = 1|D = 1, G = b) + P (Y = 0|D = 0, G = b) =

P (Y = 1|D = 1, G = w) + P (Y = 0|D = 0, G = w)
(2.12)
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Importantly, however, overall accuracy equity weighs true positive and true

negative predictions equally, and it thus assumes they are equally desirable.

In the context of the COMPAS algorithm, this assumption equivalently

values classifying defendants who recidivate as high risk and classifying

defendants who do not recidivate as low risk.

• Predictive parity: An algorithm achieves predictive parity when the proba-

bility that a positive prediction for an individual is correct does not depend

on any of that individual’s protected attributes [10] [14] [16] [59]. In the

recidivism prediction setting, the likelihood of recidivism among defendants

designated as high-risk should not vary between black and white defendants.

As such, the following equation must hold:

TPb

TPb + FPb

=
TPw

TPw + FPw

(2.13)

Researchers refer to the ratio TP
TP+FP

as the positive predictive value (PPV )

of the algorithm [10] [14] [16] [59]. The metric conditions on group mem-

bership and predicted outcomes, so Equation 2.14 can also be written as:

P (Y = 1|D = 1, G = b) = P (Y = 1|D = 1, G = w) (2.14)

Predictive parity conveys the value that the accuracy of high-risk classifi-

cations should be the same for both black and white defendants.

• Calibration: An algorithm achieves calibration when the proportion of peo-

ple who experience the predicted outcome does not vary across protected

groups for each predicted value [10] [14] [16] [59]. This definition mirrors

that of predictive parity, but considers the PPV for each value of s. Put
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formally:

∀s ∈ S, P (Y = 1|S = s,G = b) = P (Y = 1|S = s,G = w) (2.15)

For the COMPAS algorithm, calibration would occur if, for every given

risk score, the percentage of black defendants who recidivate equals the

percentage of white defendants who recidivate.

2.3.3 Inherent Trade-offs

The measures of fairness described above are intrinsically related: they rely on

the cell counts TP , TN , FP , and FN from the confusion matrix in Table 1, and

inherent trade-offs exist between them. Namely, when base rates differ across

protected groups, an algorithm cannot satisfy predictive parity and error rate

balance simultaneously [15] [16] [36]. Expressing the false positive rate (FPR)

and false negative rate (FNR) in terms of the prevalence (p) of a given trait

illustrates this result:

FPR =
FP

FP + TN

=
TP + FN

FP + TN
×

FP
TP+FP

TP
TP+FP

× TP

TP + FN

=
p

1− p
× 1− PPV

PPV
× (1− FNR)

As the equations above demonstrate, if FPRb = FPRw and FNRb = FNRw

(balanced error rates) and pb 6= pw, then PPVb cannot equal PPVw (predictive

parity). Similarly, if PPVb = PPVw and pb 6= pw, then FPRb cannot equal

FPRw or FNRb cannot equal FNRw.

Since white and black defendants recidivate at different rates, no risk predic-
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tion algorithm can achieve predictive parity (COMPAS’s measure of fairness) and

equal false positive and false negative rates (ProPublica’s measure of fairness). So

while several researchers have successfully devised processes to alter algorithms

to achieve certain definitions of fairness [22] [28] [35], their methods necessarily

prioritize selected values and make normative judgements.

2.3.4 Fairness Beyond the Algorithm

Given that any machine learning predictor like the COMPAS algorithm will be un-

fair according to some metric, the Wisconsin Supreme Court wrote an advisement

about the COMPAS algorithm’s potentially disparate impact on minorities [3].

The Court mandated that this disclaimer accompany the COMPAS risk scores in

their presentation to judges. The written advisement, moreover, presents a novel

and non-technical approach to algorithmic fairness by looking beyond the algo-

rithm’s input data, inner structure, and output predictions. But the provision

of the advisement highlights an open question within complementary computing:

namely, how (if at all) does such information impact the algorithm’s influence

on human decision-making? On the one hand, these advisements can promote

greater understanding of the abilities and limitations of the algorithm and thus

help users work more effectively with it. On the other hand, research of dis-

claimers in advertising contexts suggests they may have the opposite effect as

intended. For example, Green and Armstrong find evidence that mandatory gov-

ernment disclaimers increase confusion for consumers or are otherwise harmful

[27]. But little, if any, research exists about disclaimers for algorithms and their

effects on human decision-making.

Chouldechova’s recent paper about algorithm-assisted decision making in child

maltreatment hotline screening decisions highlights the need to consider the hu-

man aspect of algorithmic fairness, particularly in contexts when humans serve
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as the final decision arbitrators [15]. In the study, Chouldechova constructs a risk

prediction model using government administrative data to target services to the

riskiest cases of child abuse and maltreatment. Since such an instrument could

disadvantage some communities – for example certain racial groups – the study

analyzes the fairness of the algorithm according to its predictive parity, accuracy

equity, and error rates. During the implementation of the tool, however, almost

25% of supervisors override mandatory screen-ins. Since humans selectively con-

sider the scores, Chouldechova highlights that “the fairness and accuracy prop-

erties of the tool will not carry over into equitable and effective decision-making”

[15]. As such, while the analysis of the fairness of the risk-assessment provides

valuable insights, it does not address the accuracy or fairness of the algorithm’s

practical outcomes as a decision-making aid rather than decision-maker.

The next two chapters present experiments influenced by the questions, meth-

ods, and findings of these studies. The experiment in Chapter 3 draws particular

inspiration from the work of Dressel [19], Kahneman [34], and Northcraft [46]: the

methodology mirrors that of Dressel and Northcraft’s, the quantitative measures

of the anchoring effect come from Kahneman, and the hypotheses rely on results

from Northcraft and Kahneman. The experiment in Chapter 4 similarly leverages

the insights from Dressel [19], Choulechova [14], and Case [13]: the methodology

of this experiment also echoes that of Dressel’s, the quantitative measures of accu-

racy and fairness reflect those in Choulechova’s paper about algorithmic fairness,

and the hypotheses stem from the work of Case in complementary computing.
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Chapter 3

Algorithms as Anchors

As prior work suggests that algorithmic risk assessments demonstrate greater ac-

curacy than judges [37], some policymakers contend that federal and state courts

should employ these tools in decisions about sentencing, bail, and parole to im-

prove their accuracy [44]. Yet others highlight issues of racial biases embedded

in such algorithms, and they allege that the introduction of these tools into the

criminal justice system will exacerbate racial inequalities [6]. While these claims

reach opposing conclusions, they both rest on the presumption that the COM-

PAS risk scores ultimately influence human decisions. This experiment seeks to

investigate that assumption by gathering quantitative and qualitative measures

of the impact of algorithmic risk scores on human predictions of recidivism.

Participants complete an online survey requiring them to synthesize infor-

mation about defendants and report on the defendants’ risk of recidivism. The

experiment entails a 1x2 between-subjects design where the two treatments are

as follows: Low-Score, in which participants view the defendant profile accompa-

nied by a low risk score; and High-Score, in which participants view the defendant

profile accompanied by a high risk score. The experiment thus investigates the

following two questions in the context of recidivism risk assessments: (1) Do
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algorithmic risk scores affect human predictions of recidivism? (2) Do people

recognize if algorithmic risk scores influence their predictions of recidivism?

3.1 Hypotheses

Given these guiding questions, the research hypotheses for the experiment are as

follows:

1. Hypothesis 1 (Influence): Prior studies in psychology indicate that people

who view low anchors provide lower estimates than those who view high

anchors in domains such as real estate [46], meteorology [34], and sentencing

[21], so this study hypothesizes that participants in the Low-Score treatment

will assign lower risk scores to defendants than participants in the High-

Score treatment.

2. Hypothesis 1 (Self-Assessment): Prior research indicates that individuals do

not perceive when an anchor biases their decision-making [46], so this study

hypothesizes that participants will not accurately self-assess the influence

of the algorithm on their decisions.

3.2 Task

The experimental task entails evaluating a sequence of 40 defendant profiles that

convey information about the defendants’ genders, races, ages, criminal charges,

and criminal histories. These profiles describe real people arrested in Broward

County, Florida, based on information from the data set that ProPublica used in

their analysis [6]. While this dataset originally contains 7214 entries, this study

applies the following filters before sampling the 40 profiles that it presents to

participants.
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• Limit to Black and White Defendants: Prior work on the accuracy and

fairness of the COMPAS algorithm limits their analysis to white and black

defendants [14] [16] [19]. To compare the results from this experiment to

those in prior studies, this study only considers the subset of defendants

who identify as either African-American (black) or Caucasian (white).

• Exclude Cannabis Crimes: Additionally, during a pilot study, participants

indicated confusion over cannabis related crimes such as “Possession of

Cannabis,” “Purchase of Cannabis,” and “Delivery of Cannabis.” In the

free response section of the survey, they noted comments such as: “cannabis

is fully legal here.” To avoid confusion about the legality of cannabis in var-

ious states, this study also excludes defendants charged with crimes con-

taining the term “cannabis.” Applying these filters removes 1064 (14.7%)

of the entries in the data set. The restriction of these entries, however,

does not significantly affect the observed accuracy (as measured by overall

accuracy) or fairness (as measured by predictive parity, equalized odds, and

balanced error rates) of COMPAS algorithm on defendants in the dataset.

From this filtered data set, this study randomly samples 40 defendants to

present in the experiment. As shown in Table 3.1, the descriptive statistics of

the sample resembles that of the population. The observed accuracy or fairness

of COMPAS algorithm on defendants in the dataset and the sample does not

significantly vary, either.

For each of the 40 defendants, this study generates a profile that contains

information about their demographics, alleged crime, criminal history, and al-

gorithmic risk assessment. Each descriptive paragraph assumes the following

format, which builds upon that used in Dressel and Farid’s study [19]:

The defendant is a [RACE] [SEX] aged [AGE]. They have been
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3.2 Task

Table 3.1: Summary of defendant characteristic and algorithm performance in
the filtered data set and the experiment’s sample.
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charged with: [CRIME CHARGE]. This crime is classified as

a [CRIMINAL DEGREE]. They have been convicted of [NON-JUVENILE

PRIOR COUNT] prior crimes. They have [JUVENILE-FELONY COUNT]

juvenile felony charges and [JUVENILE-MISDEMEANOR COUNT] juvenile

misdemeanor charges on their record. COMPAS is risk assessment

software that uses machine learning to predict whether a defendant

will commit a crime within the next two years. The COMPAS

risk score for this defendant is [SCORE NUMBER]: [SCORE LEVEL].

The Low-Score and High-Score treatments assign risk scores based on the

original COMPAS score according to the following formulas:

Low-Score = min (0, COMPAS − 3) (3.1)

High-Score = max (10, COMPAS + 3) (3.2)

Essentially, Low-Score subtracts three points from the original COMPAS score,

and High-Score adds three points to the original COMPAS score.

Upon seeing each profile, participants must provide their own risk assessment

scores for the defendant and indicate if they believe the defendant will recidivate

within two years. Using a dropdown menu, they answer the followings questions

as illustrated in Figure 3.1.

For the later question, participants must provide a “Yes” or “No” response,

which permits a more thorough analysis of the accuracy and fairness of the recidi-

vism predictions. The ProPublica analysis received much criticism for considering

low risk scores as negative predictions of recidivism and considering both medium

and high risk scores as positive predictions of recidivism [18] [23]. This second

question provides a more concrete measure of negative and positive predictions, so
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Figure 3.1: An example defendant profile from the experimental survey.

this study does not need to render an ordinal variable with ten different rankings

as binary.

Both questions, moreover, require participants to synthesize the information

in each defendant profile and assess the defendant’s risk of recidivism. Each

treatment shows the same 40 defendants, but in a randomized order to control

for priming and learning biases. Participants view defendant profiles as discrete

task blocks, so they cannot go back and alter their previous answers later in the

survey.

3.3 Participants

The study deploys remotely through the Qualtrics platform, and it recruits 100

respondents through Amazon Mechanical Turk. All workers can view the task

title “Predicting Crime,” task description “Answer a survey about predicting

crime,” and the key words associated with the task “survey, research, and criminal

justice.” Only workers living in the United States, however, can complete the
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task, and they can do so only once. During a pilot of the survey among an

initial test group of five individuals, the survey required an average of 15 minutes

to complete. As the length and content of the survey resemble that of Dressel

and Farid’s [19], this study adopts their payment scheme and pays workers $1.00

for completing the task and provides a $2.00 bonus if the overall accuracy of

the respondent’s predictions exceeds 65%. This payment structure incentivizes

participants to pay close attention and provide their best responses throughout

the task [19] [50].

3.4 Procedure

The experimental survey contains five sections: (1) Consent form; (2) Pre Ques-

tionnaire; (3) Instructions; (4) Risk Assessments; (5) Post Questionnaire. First,

participants must read an information page that describes basic information

about the expected survey length, the right to withdraw at any time, the mini-

mum age requirement of 18 years old, and the data collection practices. Partic-

ipants must indicate that they consent to participate in the study to proceed to

the next page. Participants then answer an initial questionnaire collecting de-

mographic information including gender, age, ethnicity, educational attainment.

They also answer two questions assessing their familiarity with the United States

criminal justice system and machine learning on five-point Likert scales.

Next, participants read an instructions page providing them with the following

information about their task:

In this task, you will evaluate information about an individual

charged with a criminal offense. The data you will view pertains

to crimes committed in the United States between 2013 and 2014.

You will see the defendant’s age, race, gender, previous criminal
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history, and COMPAS risk score. COMPAS is risk assessment

software that uses machine learning to predict whether a defendant

will commit a crime within the next two years. After evaluating

the defendant profile, you will (1) assign the person a risk

score and (2) predict if the person will commit another crime

within two years. You will earn $1.00 for completing the study.

If the overall accuracy rate of your predictions exceeds 65%,

then you will receive an additional $2.00 bonus reward. As

such, please answer the following questions to the best of

your ability.

After completing the pre-experiment phase, participants complete the task:

they view the defendant profiles and provide risk assessments for each individ-

ual. Participants view one defendant description at a time, and they cannot go

back to previous profiles and change their answers. They see these profiles in a

randomized order. Upon finishing the task block, they answer a final series of

questions about their perception of the COMPAS algorithm, their confidence in

their decisions, and their satisfaction with the study on seven-point Likert scales.

In this section, participants also have the option to provide further information

about their decision-making process and their general experience with the study

via free response. Figures A.1 - A.4 in the Appendix provide screenshots of the

pages in each of these sections.

3.5 Quantitative Measures

3.5.1 Anchoring Index

The anchoring index quantifies the effect size of the psychological impact of an-

chors on decision-making. Let LA denote the value of the low anchor, let HA
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denote the value of the high anchor, let X̂LA denote the estimates from people

exposed to the low anchor, and let X̂HA denote the estimates from people exposed

to the high anchor. Then the anchoring index AI can be expressed by Equation

3.1 [11] [31] [56]:

AI =
Median(X̂HA)−Median(X̂LA)

HA− LA
× 100% (3.3)

For example, if the algorithm assigns defendant one a risk score of 7 in the

High-Score treatment, then 7 serves as the high anchor so HA = 7. Likewise if

the algorithm assigns defendant one a risk score of 3 in the Low-Score treatment,

then 3 serves as the low anchor so LA = 7. If participants in the High-Score

treatment assign defendant one a median risk-score of 5, then Median(X̂HA) =

5. Similarly, if participants in the Low-Score treatment assign defendant one a

median risk-score of 2, then Median(X̂HA = 2). In this case, the anchoring index

for defendant one is: AI1 = 5−2
7−1
× 100% = 50%. An anchoring index of 100%

indicates that people entirely adopt the anchor, and an anchoring index of 0%

indicates that people completely ignore the anchor.

3.5.2 Deviation

To identify instances in which participants perceive the algorithm’s risk score

as an overestimate or underestimate, this study measure participants’ deviation

from the algorithm’s risk score: the difference between the score they assign and

the score they view [26]. To provide a formal definition, let pji denote the score

participant j assigns to defendant i, and let ai denote the score the algorithm

assigns to defendant i. Then participant j’s deviation from the algorithm for

defendant i can be expressed as:

dji = pji − ai (3.4)
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Values of d < 0 indicate that a participant believes the algorithm’s risk score

overestimated the defendant’s risk of recidivism. Values of d = 0 indicate that

a participant agrees with the algorithm’s risk score. And values of d > 0 in-

dicate that a participant believes the algorithm’s risk score underestimated the

defendant’s risk of recidivism.

3.6 Results

The 100 Mechanical Turk workers completed the experiment over the course of

two days in February 2019. Of these participants, 44% identify as female, 55%

identify as male, and 1% do not identify with a binary gender. The vast major-

ity identify as white (86%) with only 2% identifying as African-American. The

majority (56%) list college as their highest level of education with 23% reporting

high school as their highest level of education and 21% reporting master’s de-

grees. When asked to rank their familiarity with the criminal justice system on a

5-point Likert scale, the majority of participants report 3, which maps to “some-

what familiar”. The median result is also 3, and mean result is 3.11. Participants

report less familiarity with machine learning. The majority of participants re-

spond “not very familiar,” which corresponds to a value of 2. As such, the median

result is 3, but the mean result is 2.77. Table A.1 summarizes these participant

demographics.

3.6.1 Hypothesis 1: Influence

The scores that participants assigned defendants highly correlates with those that

they viewed in the defendants’ profile descriptions. As such, participants in the

Low-Score treatment provide risk scores on average 42.3% lower than participants

in the High-Score treatment when assessing the same set of defendants (Figure
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Figure 3.2: Average recidivism risk score given to defendants in the Low-Score
and High-Score treatments. Error bars represent one standard error from the
mean.

3.2). The average risk score from respondents in the Low treatment is 3.88 (95%

CI 3.39-4.36) while the average risk score from respondents in the High treatment

is 5.96 (95% CI 5.36-6.56). A two-sided t-test reveals that this difference is

statistically significant (p < 0.0001).

Put in other words, the risk assessment scores that participants view in the

defendant profiles serves as anchors that impact participants’ decision-making.

As shown in Figure 3.4, the anchoring indices for predictions about the defen-

dants cluster between 50% and 70%. The average anchoring index across all 40

defendants is 56.71% (95% CI 52.97%-60.44%).
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Figure 3.3: Average scores participants assigned defendants versus those provided
in the defendant profiles in the low-score and high-score treatments. Error bar
represent 95% confidence intervals.

Figure 3.4: Distribution of the anchoring effect among recidivism predictions for
defendants.
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Figure 3.5: Relationship between reported influence of and deviation from the
risk assessment scores.

3.6.2 Hypothesis 2: Self-Assessment

One question in the exit survey of the experiment requires participants to self-

assess their predictions. They must indicate their agreement with the following

statement on a 7-point Likert scale: “The COMPAS risk score influenced my

decisions.” This measure of perceived influence significantly correlates with the

actual influence of algorithm on participants’ predictions in the High-Score treat-

ment (p = 0.0051) but not the Low-Score treatment (p = 0.4453) (Figure 3.5).

3.6.3 Qualitative Results

When reflecting on the role of the COMPAS algorithm in their decision-making

process at the end of the survey, participants indicate common themes including

using the algorithm’s score as a starting point and as a verification of their own

decisions. Table 3.2 summarizes these participant comments by their treatment

group and role of the algorithm in their decision-making.
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Table 3.2: Summary of answers to the free-response question: How did you in-
corporate the COMPAS risk scores into your decisions? (Optional).
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3.6.4 Participant Experience

When providing their general feedback about the study, participants give primar-

ily positive responses like “Thanks,” “Very engaging,” and “Great HIT!” At the

end of the study, 98% of participants indicate that they found the instructions

for the task clear, and 91% of participants indicate satisfaction with the task.

3.7 Discussion

This study demonstrates that algorithmic risk assessments significantly impact

human predictions of recidivism. Participants in the Low-Score treatment as-

sign significantly lower risk scores than those in the High-Score treatment, even

though they assess the same group of defendants. As such, the algorithm’s scores

act as anchors that exhibit an average anchoring index of 56.71% in the experi-

ment. Participants can only sometimes perceive when the algorithm’s risk scores

influence their decisions. This section revisits the initial research hypotheses and

discusses the connections between the experiment’s results and the integration of

recidivism prediction algorithms into the criminal justice system.

3.7.1 Hypothesis 1: Influence

The results from this study indicate that algorithmic risk predictions serve as

anchors that bias human decision-making. Participants in the Low-Score treat-

ment provide an average risk score of 3.88, while participants in the High-Score

treatment assign an average risk score of 5.96. The average anchoring index

across all 40 defendants is 56.71%. This anchor measure mirrors that found in

prior psychology literature [24] [34] [46]. For example, one study investigates the

anchoring bias in estimations by asking participants to guess the height of the

tallest redwood tree [34]. The researchers provide one group with a low anchor

36



3.7 Discussion

of 180 feet and another group with a high anchor of 1,200 feet, and they observe

anchoring index of 55%. Scholars observe similar values of the anchoring index

in contexts such as probability estimates [56], purchasing decisions [60], and sales

forecasting [17].

Even though this type of cognitive bias occurs among participants with little

training in the criminal justice system, prior work suggests that the anchoring

effect varies little between non-experts and experts in a given field. For instance,

Northcraft and Neale conduct an experiment in which real estate agents visit

a house, review a booklet containing information about the property, and then

assess the value of the house. The researchers include a low asking price in the

booklet for one group (low anchor) and a high asking price in the booklet for

another group (high anchor), and they find an anchoring effect of 41%. The

researchers conducted the same study with business school students with no real-

estate experience and find a similar anchoring index of 48%. This study thus

suggests that the anchoring effect of algorithmic risk assessments among judges,

bail, and parole officers would mirror that of the participants in this experiment.

Numerous prior studies demonstrate that these officials are susceptible to forms

of cognitive bias like anchoring, too [21] [45]. On the other hand, prior work

indicates that experts rely less heavily on other’s advice than non-experts [30]

[41], so officials in the criminal justice system may opt to ignore an algorithm’s

risk score in lieu of their own judgements about defendants. To better determine

the influence of these risk assessment algorithms, future work should employ

judges, bail officers, and parole officials as participants.

3.7.2 Hypothesis 2: Self-Assessment

As prior studies of the anchoring effect observe [21] [34] [56], the participants in

the Low-Score treatment do not understand the degree to which the algorithm’s
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risk scores influence their decisions. For example, in Northcraft and Neale’s

study about the anchoring effect of home asking prices, participants insisted that

the asking price of the house did not affect their judgements [46]. Likewise,

in the Low-Score treatment, participants’ perceived influence of the algorithm’s

risk scores on their predictions does not correlate with their adherence to it. In

the High-Score treatment, in contrast, a statistically significant relationship does

exist between the perceived influence of the algorithm and the adherence to it.

This result may occur because people are more likely to believe an artificially

high-risk score than an artificially low one. In fact, in the optional comments

section at the end of the study, some participants explicitly mentioned that they

perceived the scores as too low. Responses to this end include: “Seemed like

COMPAS was far too lenient” and “I really didn’t understand why so many of

the individuals were repeatedly labelled as low-risk.” Participants in the high-

anchor treatment, in contrast, did not comment on the harshness of the scores

nor the number of individuals labelled as high-risk.

3.7.3 Limitations and Future Work

The participants in this experiment consist of workers recruited through the

Amazon Mechanical Turk platform. To ensure manageable task length, each

participant only evaluates 40 defendant profiles randomly sampled from the ar-

rest records in Broward County, Florida. To measure the anchoring effect and

influence of the algorithm’s risk scores on participant predictions, this set of

defendants remains constant across all participants in both the Low-Score and

High-Score treatments. While the accuracy and gender ratio of this sample re-

semble that of the population, the sample includes only a small representation of

the various crime convictions and paints a limited picture of the various criminal

backgrounds (i.e. juvenile criminal history, number of prior convictions, etc). To
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increase external validity, future work should conduct similar studies at a greater

scale by employing a larger sample of defendants. This work could also investi-

gate the relationship between different defendant histories and the influence of

recidivism prediction instruments on human assessments of their risk to reoffend.

While hosting this study on Mechanical Turk buids upon prior work in algo-

rithmic fairness that also recruits participants through this platform [19] [26] [54],

it also introduces questions about participant accuracy, diversity, and credibility.

Because participants automatically receive $1.00 for completing the task, some

may not pay attention to their accuracy and simply try to finish the experiment

as soon as possible. The $2.00 bonus provides a monetary incentive for partic-

ipants to provide their best effort throughout the task and attempts to ensure

valid responses. The comments workers left in the feedback section inquire about

whether they earned the bonus, so they indicate that this potential monetary

reward did motivate the workers. Yet some may still disregard this incentive

and thus skew the results. Subsequent studies could lower or eliminate the base

payment while increasing the bonus reward and evaluate if results differ when

potential for reward is larger.

Additionally, much like the Amazon Mechanical Turk workforce, the partici-

pants in this study lack racial diversity. Of the 100 workers recruited for the study

86% identify as white and only 2% identify as black. Given the small number of

non-white participants, this study could not measure if race affects predictions

of recidivism. Yet prior work indicates that individuals of different races harbor

different implicit racial biases [42]. Future research, therefore, could specifically

recruit equal numbers of white and black participants through Amazon Mechan-

ical Turk and test if they incorporate algorithmic risk scores in their predictions

differently.

Despite these limitations, the results of this experiment provide convincing
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evidence that algorithmic risk assessments exert influence on human decision-

making. The anchoring index of the algorithm’s risk score, in particular, provide

quantitative evidence that algorithmic risk scores influence predictions of recidi-

vism, and participant free responses provide qualitative evidence that further

supports this conclusion. But while they answer the question about if algorithmic

risk assessments affect human decision-making, they do not answer the question

about how, when or why. Such questions merit further investigation, particularly

in light of the opposing claims that contend (1) these algorithms will improve the

accuracy of decisions in the criminal justice system and (2) these algorithms will

lead to unfair decisions in the criminal justice system. The next chapter presents

a follow-up study that pursues these lines of inquiry.

40



Chapter 4

Assessing Accuracy and Fairness

The first experiment demonstrates that algorithmic risk assessments serve as

anchors that induce a cognitive bias and thus exert influence on human decision-

making. The second experiment builds upon these results by exploring the open

question of how COMPAS scores specifically affect the accuracy and fairness of

human risk assessments. In the 2016 court case State v. Loomis, the Wisconsin

Supreme Court expressed concern about the role of COMPAS scores in sentencing

decisions, so they mandated the inclusion of a list of advisements accompanying

the presentation of the scores [3]. Given this recent development, experiment two

also investigates the effect of the written advisement on human predictions of

recidivism.

Much like the first experiment, this experiment entails an online survey that

requires participants to synthesize information about defendants and report on

the defendants’ risk of recidivism. In this study, however, the experiment entails

a 1× 3 between-subjects design with the following treatments: Control, in which

participants only see the defendant profiles; Score, in which participants see the

defendant profiles and the defendant COMPAS scores; and Disclaimer, in which

participants see the defendant profiles, the defendant COMPAS scores, and the
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written advisement about the COMPAS algorithm. This design allows an ex-

amination of the following two questions: (1) Does providing COMPAS scores to

humans affect the accuracy or fairness of their predictions of recidivism? (2) Does

providing a written advisement with the COMPAS score affect the influence of

the score on human predictions of recidivism?

4.1 Hypotheses

Given prior work in complementary computing that shows coupling machine and

human predictions can improve outcomes [25] [29] [49], this study forms the

following research hypotheses to address question one:

• Hypothesis 1.1 (Accuracy): Individuals who view the COMPAS scores will

predict recidivism with greater accuracy that those who do not see the

scores.

• Hypothesis 1.2 (Confidence): Individuals who view the COMPAS scores

will indicate higher confidence in their predictions than those who do not

see the scores.

Additionally, since previous studies demonstrate that the COMPAS algorithm

exhibits high false positive rates for black defendants and high false negative rates

for white defendants [6], this study also forms the following research hypotheses

to address question one:

• Hypothesis 1.3 (False Positive Rate): Individuals who view the COMPAS

scores will falsely predict that black defendants will recidivate at a higher

rate than those who do not see the scores.

• Hypothesis 1.4 (False Negative Rate): Individuals who view the COMPAS
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scores will falsely predict that white defendants will not recidivate at a

higher rate than those who do not see the scores.

Next, because psychology research demonstrates that disclaimers do not sig-

nificantly impact decision-making [27], this study forms the following research

hypotheses to address question two:

1. Hypothesis 2.1 (Accuracy): Individuals who view the COMPAS scores with

the accompanying written advisement will predict recidivism with the same

accuracy as those who view only the COMPAS score.

2. Hypothesis 2.2 (Confidence): Individuals who view the COMPAS scores

with the accompanying written advisement will indicate the same confi-

dence in their predictions as those who view only the COMPAS score.

3. Hypothesis 2.3 (False Positive Rate): Individuals who view the COMPAS

scores with the accompanying written advisement will falsely predict that

black defendants will recidivate at the same rate as individuals who view

only the COMPAS score.

4. Hypothesis 2.4 (False Negative Rate): Individuals who view the COMPAS

scores with the accompanying written advisement will falsely predict that

white defendants will not recidivate at the same rate as individuals who

view only the COMPAS score.

4.2 Task and Procedure

The experimental task entails evaluating a sequence of the same 40 defendants

presented in experiment one. Like the previous experiment, each treatment shows

the identical set of defendants, but in a randomized order to control for priming
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and learning biases. Participants still view defendant profiles as discrete task

blocks, so they cannot go back and alter their previous answers later in the

survey. The content of the profiles, however, differs from that in experiment one

as follows:

The descriptive paragraph in the Control condition reads:

The defendant is a [RACE] [SEX] aged [AGE]. They have been

charged with: [CRIME CHARGE]. This crime is classified as

a [CRIMINAL DEGREE]. They have been convicted of [NON-JUVENILE

PRIOR COUNT] prior crimes. They have [JUVENILE-FELONY COUNT]

juvenile felony charges and [JUVENILE-MISD COUNT] juvenile

misdemeanor charges on their record.

The descriptive paragraph in the Score treatment adds the following informa-

tion in the defendant profile:

COMPAS is risk assessment software that uses machine learning

to predict whether a defendant will commit a crime within the

next two years. The COMPAS risk score for this defendant is

[COMPAS SCORE]: [RISK LEVEL].

The descriptive paragraph in the Advisement treatment provides the following

information below the COMPAS score:

Some studies of COMPAS risk assessment scores have raised questions

about whether they disproportionately classify minority offenders

as having a higher risk of recidivism.

See Figure A.5-A-7 in the Appendix for an example profile from each treatment

group.
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As in experiment one, after reviewing a defendant profile participants must

evaluate the defendant’s risk of recidivism by answering the following two ques-

tions:

1. Please indicate the likelihood that this person will commit another

crime by assigning them a recidivism risk score: 1 to 4 (low risk),

5 to 7 (medium risk), 8 to 10 (high risk).

2. Do you think this person will commit another crime within two years?

Additionally, as with experiment one, this survey contains five sections: (1)

Consent form; (2) Pre-questionnaire; (3) Instructions; (4) Risk Assessments; (5)

Post-questionnaire. All sections are identical to those in experiment one except

for the tasks in section (4), which are described above.

4.3 Participants

Also like experiment one, this study employs the Qualtrics platform to deploy the

experimental task. It recruits 75 respondents for each treatment through Ama-

zon Mechanical Turk. The task description, worker requirements, and payment

structure are the same as those in experiment one.

4.4 Quantitative Measures

This section explicitly defines the measures of accuracy and fairness used in the

results section. The chapter employs the notion of overall accuracy discussed in

Chapter Two (Background) to evaluate the accuracy of participant predictions.

This chapter also denotes the treatment groups as c (for Control), s (for Score),

and d (for Disclaimer). For each treatment t ∈ {c, s, d}, TPt, TNt, FPt, and
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FNt represent the number of true positive, true negative, false positive, and

false negative predictions in that group, respectively. The following accuracy and

fairness metrics therefore equal:

• Accuracy rate: At = TPt+TNt

TPt+TNt+FPt+FNT
.

• False positive rate: FPRt = FP
FP+TN

• False negative rate: FNRt = FN
FN+TP

• True positive rate: TPRt = TP
TP+FN

= 1− FNR

• True negative rate: TNRt = TN
FP+TN

= 1− FPR

• Positive predictive value: PPVt = TP
TP+FP

The superscripts b and w denote that a measure only pertains to predictions about

black (b) or white (w) defendants. TPRb
c refers to the true positive rate for black

defendants in the Control treatment, and FPRw
d refers to the false positive rate

for white defendants in the Disclaimer treatment, for example.

4.5 Results

75 Mechanical Turk workers participate in each treatment over the course of two

weeks in February 2019 for a total of 225 workers. Of this entire set of participants

42.7% list their gender as female, 57.8% list their gender as male, and less than

1% list another option. As with the first experiment, most workers identify as

white (79.1%), most identify college as their highest level of education (58.2%),

and most specify their age as under 51 (86.2%). When ranking their familiarity

with the criminal justice system, most participants report “somewhat familiar” or

“familiar,” which map to values of 3 and 4 respectively, for a mean result of 3.27
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Table 4.1: Performance metrics for recidivism predictions of COMPAS algorithm
and Control, Score, and Disclaimer treatment groups.

(compared to mean of 3.11 in the first experiment). Similarly, when ranking their

familiarity with machine learning, most participants report “somewhat familiar”

or “not very familiar” for a mean result of (2.92) (compared with mean of 2.77

in experiment one). These demographic traits do not significantly differ across

participants assigned to different treatments. Table A.2 in the Appendix presents

a summary of the participant demographics.

4.5.1 Accuracy

The results suggest that the provision of COMPAS scores does not significantly

affect the overall accuracy human predictions of recidivism. In this experiment,

Ac > As: the overall accuracy of predictions among participants who do not see

the defendant COMPAS scores (54.2%) exceed that of participants who view the

COMPAS scores (51.0%) (See Figure 4.1). A two-sided t-test suggests that this

result indicates a possible trend, but it is not statistically significant (p = 0.0703).

In this experiment the inclusion of a written advisement about the limitations

of the COMPAS algorithm does not significantly affect the accuracy of human

predictions of recidivism. Participants in the Disclaimer treatment achieve an

average overall accuracy rate of 53.5%, whereas those in the COMPAS condition

achieve one of 51.0%, but a two-sided t-test indicates that this difference is not

statistically significant (p = 0.1492).
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Figure 4.1: Average accuracy of participants in the Control, Score, and Disclaimer
treatments. The error bars represent one standard error from the mean.

4.5.2 Confidence

One question in the exit survey of the experiment requires participants to report

their confidence in the decisions they made during the task. Respondents answer

this question on a 7-point Likert scale. Because Likert scale responses consist of

ranked data, this study employs the Wilcoxon/Kruskal-Wallis test to determine

if a statistically significant difference exists among the responses in the three

conditions. This test indicates that participant confidence does not significantly

differ between the Control (M = 5.84) and Score (M = 5.79) treatments (p =

0.7696), between the Control (M = 5.84) and Disclaimer (M = 6.11) treatments

(p = 0.1256), or between the Score (M = 5.79) and Disclaimer (M = 6.11)

treatments (p = 0.0674).
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Figure 4.2: Participant reported level of confidence in their decisions during the
task. The error bars represent one standard error from the mean.

4.5.3 False Positive and False Negative Rates

The provision of the COMPAS scores significantly increases the false positive rate

for black defendants. FPRb
s > FPRb

c: the false positive rate for black defendants

increases from 49.5% in the Control group to 56.5% on the Score group, and a

two-sided t-test indicates that this result is statistically significant (p = 0.0470).

The false positive rate for white defendants does not significantly differ between

these treatments (p = 0.3417). The Disclaimer does not significantly affect the

false positive rate for defendants of either race.

Even though the COMPAS algorithm demonstrates a higher false negative

rate for white defendants than the Control group, participant false negative rates

for white defendants does not significantly increase when they see the COMPAS

score. In fact, a two-sided t-test between the Control and Score treatments indi-

cates that the false negative rate does not significantly differ between the Control
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Table 4.2: Performance metrics for recidivism predictions by race of the defen-
dant.

and Score treatments for either white (p = 0.3527) or black (p = 0.7046) defen-

dants. Again, the Disclaimer does not significantly affect the false negative rate

for defendants of either race.

4.5.4 Fairness

The measures of fairness used in the algorithmic fairness literature look beyond

the mere magnitude of the false positive and false negative error rates to incorpo-

rate more nuanced values. The following section evaluates the predictions in the

treatments according to the definitions of fairness as error rate balance, predictive

parity, and overall accuracy equity.

4.5.5 Error Rate Balance

According to the balanced error rate notion of fairness, the false positive rates of

a predictor should not differ among racial groups, and the false negative rates

of a predictor should not differ among racial groups. In the Control group,

FPRb
c > FPRw

c : the false positive rate for black defendants exceeds that of white

defendants by 2.4%, but a two-sided t-test indicates that this difference is not

statistically significant (p = 0.1500). The predictions in the Control thus satisfy
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Figure 4.3: The difference between the false positive rate of participant recidivism
predictions for black and white defendants in the control group (FPRb

c−FPRw
c )

and the Score (FPRb
s − FPRw

s ) and Disclaimer (FPRb
d − FPRw

d ) treatment
groups. The error bars represent one standard error from the mean.
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the balanced false positive rates criterion of fairness. When provided with COM-

PAS scores for the defendants, the false positive rate of participant predictions

increases by 5.6% for black defendants but only by 3.7% for white defendants. As

such, FPRb
s > FPRb

s: the false positive rate for black defendants (56.5%) exceeds

that for white defendants (51.2%), and this difference is statistically significant

(p = 0.0003). The predictions in the Score treatment, therefore, do not achieve

balanced false positive rates.

The provision of the disclaimer does not significantly affect the difference

between the false positive rates for black and white defendants: in this treatment,

FPRb
d significantly decreases to 50.9% (p = 0.0470). But FPRw

d also decreases

to 47.5% (p = 0.1253). The false positive rate for black thus still significantly

exceeds that for white defendants in the disclaimer treatment (p = 0.0012). This

difference, moreover, does not significantly vary from that in the Score treatment

(p = 0.8858).

The difference between the false negative rates for black and white defendants

is not statistically significant in the Control (p = 0.5926), Score (p = 0.6707), or

Disclaimer (p = 0.0697) treatments. Notably, the COMPAS algorithm demon-

strates more extreme error rate imbalances than the human predictions. Among

this sample of 40 defendants, the algorithm’s false positive rate is over three times

greater for black defendants (41.7%) than white defendants (12.5%), and the false

negative rate is nearly two times greater for white defendants (60.0%) than black

defendants (33.3%).

4.5.6 Predictive Parity

The predictions in the Control, Score, and Disclaimer treatments fail to satisfy the

criteria for the predictive parity standard of fairness. According to this standard,

a predictor’s positive prediction value (PPV) must not vary across protected
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Figure 4.4: The difference between the positive predictive value for predictions
about black versus white defendants in the Control (PPV b

c − PPV w
c ), the Score

(PPV b
s − PPV w

s ) and the Disclaimer (PPV b
d − PPV w

d ) treatment groups. The
error bars represent one standard error from the mean.
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groups. In the Control, Score, and Disclaimer treatments, PPV w > PPV b: the

PPV for white defendants exceeds that for black defendants, and two-sided t-

tests indicate that these differences are statistically significant with p-values of

0.0011, 0.0000, and 0.0003 respectively. In the Score treatment the PPV for black

defendants decreases while the PPV for white defendants increases from that in

the Control group, yet a two-sided t-test indicates that the disparity between

the positive predictive values (PPV b
s − PPV b

s ) does not significantly differ from

that in the Control (PPV b
c − PPV b

w) group (p = 0.1998). Conversely, in the

Disclaimer treatment the PPV for black defendants increases while the PPV for

white defendants decreases from that in the Score treatment, yet a two-sided t-

tests indicates that the disparity between these values does not significantly differ

from that in the Score treatment (p = 0.7755) or Control group (p = 0.3156). In

contrast to human predictions, the COMPAS algorithm achieves predictive parity

on the sample of defendants used in this experiment with positive predictive values

of 66.7% for both white and black defendants.

4.5.7 Overall Accuracy Equity

The predictions in the Control treatment satisfy the criteria for overall accuracy

equity, but those in the Score and Disclaimer treatments do not. This notion

of fairness mandates that a predictor’s accuracy A does not vary across racial

groups. The original COMPAS algorithm does not achieve this measure of fairness

with an accuracy of 62.9% and 69.2% on this experiment’s sample of black and

white defendants, respectively. In contrast, two-sided t-tests indicate that Aw
c

does not significantly differ from Ab
c: the overall accuracy does not significantly

vary between predictions for African-Americans and Caucasians in the Control

treatment (p = 0.2316). But, in the Score treatment when participants view the

defendant COMPAS scores, Aw
s > Ab

s: the overall accuracy for white defendants
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Figure 4.5: The difference between the overall accuracy for predictions about
black versus white defendants in the Control group (Ab

c − Aw
c ) and the Score

(Ab
s−Aw

s ) and Disclaimer (Ab
d−Aw

d ) treatment groups. The error bars represent
one standard error from the mean.

(54.4%) significantly exceeds that for black defendants (49.5%) (p = 0.0002).

In the Disclaimer treatment when participants view the defendant COMPAS

scores with the accompanying written advisement, Aw
d > Ab

d: the overall accuracy

for white defendants (55.5%) still significantly exceeds that for black defendants

(52.7%) (p = 0.0464), even though overall accuracy for white defendants decreases

while the overall accuracy for black defendants increases.

4.5.8 Other Influences on Decision-Making

The results from this experiment also suggest that participants employ the COM-

PAS algorithm in their decision-making processes differently depending on their

backgrounds. For example, participants who indicate higher levels of familiarity

with machine learning report that the COMPAS algorithm influences their de-
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cisions more than others (p < 0.0001), and they indicated higher confidence in

their recidivism predictions, too (p = 0.0107). They also indicate higher perceived

accuracy (p < 0.0001) and fairness (p = 0.0104) of the COMPAS algorithm. No-

tably, a one-way ANOVA test demonstrates that older participants identify sig-

nificantly lower levels of familiarity with machine learning (p = 0.0326). As such,

the results also indicate that older participants demonstrate lower perceived in-

fluence (p = 0.0011), lower perceived accuracy (p = 0.0089), and lower perceived

fairness (p = 0.0109) of the COMPAS algorithm.

4.5.9 Participant Feedback

Upon the conclusion of the task block in the exit survey, 99% of participants

responded that they found the instructions for the task clear, and 99% of partic-

ipants responded that they found the task satisfying. In their feedback, partici-

pants indicated they had positive experiences with the study through comments

such as: “I thoroughly enjoyed this task,” “It was a good length and good pay-

ment,” and “Very good task.”

Participants did not mention the disclaimer when asked how they took the

COMPAS scores into account. Rather, participant responses in the Score and

Disclaimer treatments demonstrate that they employ the COMPAS scores in

non-uniform manners: some ignore them, some rely heavily on them, some use

them as a starting point, and others use them as a source of validation. Table

4.3 details excerpts of participant responses.

4.6 Discussion

While experiment one demonstrates that COMPAS scores impact human decision-

making by serving as an anchor, this follow-up experiment indicates that provid-
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.

Table 4.3: Summary of answers to the free-response question: How did you in-
corporate the COMPAS risk scores into your decisions? (Optional).
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ing the algorithm’s scores does not significantly affect the accuracy of human

predictions of recidivism. The participants who view the COMPAS scores in the

defendant profiles do not predict defendant recidivism with significantly differ-

ent accuracy from those who do not view the risk scores. On the other hand,

participants satisfy different fairness criteria from the COMPAS algorithm, even

when they consider the algorithm’s risk scores in making their predictions. Ad-

ditionally, as the Wisconsin Supreme Court mandated that a specific written

advisement accompany the provision of all COMPAS scores, the experiment also

evaluates the impact of including this information alongside the algorithm’s risk

scores. The findings from this experiment, however, indicate that the advisement

does not significantly impact either the accuracy of recidivism predictions or their

fairness according to measures of balanced error rates, predictive parity, and ac-

curacy equity. This section readdresses the research hypotheses of the study and

contextualizes the results against the backdrop of human-computer interaction

and algorithmic fairness literature.

4.6.1 Impact of the Algorithm

When assessing the risk that a defendant will recidivate, the COMPAS algorithm

achieves a significantly higher accuracy rate than participants who assess defen-

dant profiles (65.0% v 54.2%). Notably, however, the participants in the control

group for this experiment predict recidivism with lower accuracy than those pre-

sented with analogous information in Dressel’s study [19]. In her experiment

participants achieve an overall accuracy rate of 66.5%. Since this study employs

Dressel’s work as a model, participants view defendant profiles in the same vi-

gnette format. The job’s task title and description on Amazon Mechanical Turk

are identical, too. As such, the difference from Dressel’s findings likely result from

either (1) the different defendant profiles or (2) the different human participants.
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This experiment only employs 40 defendant profiles, but shows the same profiles

to each participant. Dressel’s study employs 1000 defendant profiles, but divides

these profiles into 20 subsets of 50 each that participants then view. Due to the

larger number of defendants evaluated, only 20 participants viewed each profile

in Dressel’s study whereas 75 participants viewed each profile in this study. Per-

haps the sample of defendants in this study do not form a representative view of

those in the data set, or perhaps the accuracy rate in Dressel’s study is unduly

influenced by outliers.

Nonetheless, the results from this study suggest that merely providing humans

with algorithms that outperform them in terms of accuracy does not necessarily

lead to better outcomes. When participants incorporate the algorithm’s risk

score into their decision-making process, the accuracy rate of their predictions

does not significantly change. Given research in complementary computing that

shows coupling human and machine intelligence improves their performance [13]

[25] [29] [49], this finding seems counterintuitive. Yet prior work in the domain

of autonomous vehicles demonstrates that this type of successful collaboration

does always occur. For example, a recent study by Axios shows that autonomous

vehicles in which humans can take control demonstrate more accidents than those

in which humans cannot [38]. Such results suggest that humans may undermine

rather than complement machine intelligence in these domains.

Notably, however, in a pilot study of the experiment the opposite effect occurs:

participants in the COMPAS treatment predict recidivism with greater accuracy

(62.0%) than participants in the Control treatment (52.0%) (p < 0.0001) (See

Figure 4.6). The random sample of defendants is the only difference between

these two studies. In the pilot study, 53.3% of the sample reoffend, 66.7% receive

convictions for felonies, and the COMPAS algorithm achieves an accuracy of

79.6% on the set. But in this experiment, 50.0% of the sample reoffend, 65.0%
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Figure 4.6: Average accuracy of participants in the Control, Score, and Disclaimer
treatments in the pilot experiment. The error bars represent one standard error
from the mean.
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receive convictions for felonies, and the COMPAS algorithm achieves an accuracy

of 65.0% on the set. As such, the disparity in results suggests that the accuracy

of human predictions of recidivism depend on the profiles of defendants under

consideration as well as the accuracy of the COMPAS algorithm on the set.

Yet the results from both experiments highlight the need to target improving

human-computer collaboration – not just human or machine judgement in iso-

lation. For example, instead of simply providing humans with the output of an

algorithm, people may benefit from tutorials and trainings to familiarize them-

selves with the tool. During this time, people could also develop the appropriate

levels of trust in the algorithm and confidence in their decisions. The results in-

dicate that participants failed to develop the appropriate trust and confidence in

their predictions as no significant correlation exists between the confidence level

in their predictions and the overall accuracy of their predictions.

The findings from this study also indicate that when humans incorporate an

algorithm’s outputs as factors into their larger decision-making process, their

decisions may satisfy different fairness criteria from those of the algorithm. The

prior work in algorithmic fairness focuses on the algorithm in isolation [6] [12] [14]

[16] [18] [19] [20], when in practice their outputs serve as mere factors into complex

human decisions. For example, the COMPAS algorithm achieves predictive parity

on the sample of the defendants in this experiment. But humans who view the

COMPAS score when evaluating the defendant profiles do not meet the criteria for

predictive parity: the positive predictive value for white defendants significantly

exceeds that for blacks. Likewise, for the COMPAS algorithm the false positive

rate for black defendants exceeds that for white defendants by 29.2%, yet for

participant predictions the false positive rate for black defendants only exceeds

that for white defendants by 5.3%. This imbalanced error rate, moreover, does

not significantly vary from that among the participants who did not see the
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COMPAS scores.

This result could be particularly encouraging for those who fear recidivism

prediction algorithms will introduce and/or further embed existing racial biases

into the criminal justice system [6]. On the other hand, however, it also serves as a

reminder that even when researchers fine tune an algorithm to achieve a specified

measure of fairness, human discretion may undermine these efforts. For example,

in a study about the effect of algorithmic risk scores on pretrial release decisions,

Green finds that participants were 36.4% more likely to deviate positively from

the algorithm’s risk assessment when evaluating black versus white defendants

[26]. Thus just as human discretion may improve fairness according to certain

metrics, it also may introduce disparate interactions that arise as humans filter

algorithmic predictions.

4.6.2 Impact of the Written Advisement

This study shows that the accuracy of participant predictions of recidivism does

not significantly differ when they do and do not see a written advisement about

the limitations and appropriate usages of the COMPAS algorithm alongside its

output. The Wisconsin Supreme Court mandated the inclusion of this advise-

ment without indicating that they tested its effect on official’s decision-making

[3]. Psychology research and survey design literature indicate that these types

of disclaimers may adversely impact human decision-making in unexpected and

unintended manners [27]. But this result suggests that it does not impact the

accuracy of decisions in a statistically significant manner.

Notably, however, a pilot study for this experiment, demonstrates a differ-

ent result. In that study, participants in the Disclaimer treatment underperform

those in the COMPAS treatment (58.0% v 62.0%), and a two-sided t-test in-

dicates that this difference is statistically significant (p = 0.0194) (see Figure
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4.6). The discrepancy between these results, however, could also stem from the

different wording of the disclaimer. The advisement in the pilot experiment em-

ployed technical language and concrete statistics inspired by ProPublica’s study.

The section read: “COMPAS scores have been shown to demonstrate accuracy

equity across racial groups – the accuracy rate is the same for both white and

black defendants. But COMPAS scores have also been shown to demonstrate

disparate impact across racial groups – the false positive rate is 45% for black

defendants but 25% for white defendants, and the false negative rate is 28% for

white defendants but 48% for black defendants.” The advisement in this experi-

ment, however, contains the same language the Wisconsin Supreme Court used:

“Some studies of COMPAS risk assessment scores have raised questions about

whether they disproportionately classify minority offenders as having a higher

risk of recidivism.” It does not mention or list numbers for false positive rates,

false negative rates or positive predictive values. The variance in the results be-

tween this study and its pilot could therefore come from their different sample of

defendants, participants, or advisements.

While the advisement drafted by the Wisconsin Supreme Court could allevi-

ate disparities between recidivism predictions of black versus white defendants,

the results from this experiment indicate that the disclaimer fails to achieve this

purpose. As in the Control group and the Score group, in the Disclaimer group

predictions of recidivism fail to satisfy the criteria for error rate balance: the false

positive rate for black defendants significantly exceeds that for white defendants,

and the false negative rate for white defendants significantly exceeds that for

black defendants. In practical terms, this disparity could result in more low-risk

black defendants incarcerated and more high-risk white defendants set free. The

predictions in all three groups also do not meet predictive parity: the probabil-

ity of a correct positive prediction for white defendants exceeds that for black
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defendants. Yet the results in the Control, Score, and Disclaimer groups do not

achieve overall accuracy equity: participants more accurately predict recidivism

for white defendants than for black defendants.

Taken as a whole, therefore, these metrics indicate that human predictions

of recidivism lead to more favorable outcomes for white defendants as opposed

to black defendants. But just as the provision of the COMPAS score does not

significantly exacerbate the disparate impact between black and white defendants,

the provision of the disclaimer does not alleviate it, either. Notably, Chouldechova

and Kleinberg demonstrate that the COMPAS algorithm cannot satisfy all of

these definitions of fairness – unless, of course, the predictor achieves an overall

accuracy rate of 100% [14] [36]. This outcome, however, appears unlikely given the

inherent difficulties in predicting human behavior based on limited information, so

the designers of recidivism prediction algorithms must make normative decisions

and prioritize certain notions of fairness.

4.6.3 Limitations and Future Work

This experiment presents profiles of real defendants from Broward County, Florida,

and it randomly samples 40 of them from the data set ProPublica used in their

analysis. As such, the measures of accuracy and fairness only pertain to this small

subset of individuals. While the overall demographics and criminal histories of

the defendants in this sample resemble those in the larger data set, they present a

limited view of the combinations and interactions between these characteristics.

The various profiles viewed may account for the difference between the observed

measures of fairness and accuracy in this experiment and the pilot experiment.

Similarly, it may explain why this experiment finds a different baseline accu-

racy rate for human predictions of recidivism when conducted under analogous

circumstances. Future work could conduct this experiment at a larger scale by
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receiving evaluations of more defendant profiles – researchers could then explore

further relationships between the effect of COMPAS scores and disclaimers on

the accuracy and fairness of recidivism predictions among a more robust sample

of defendants.

The profiles for black and white defendants in this sample are also not isomor-

phic: they describe people of different ages, genders, and criminal convictions.

While this study suggests that predictions of recidivism result in more favorable

assessments of white versus black individuals, other defendant characteristics may

also influence the results. Additionally, much like the original data set, this sam-

ple contains a greater number of black defendants than white defendants, which

could also impact the measures of accuracy and fairness evaluated in the study.

As such, future research in a more controlled setting should evaluate the effect

of race on predictions of recidivism. For example, researchers could conduct an

experiment analogous to this one, but that employs synthetic defendant profiles

– namely, they could craft identical vignettes for black and white defendants in

which race is the only varying characteristic. With this experimental design mod-

ification, they can directly assess the effect of race on predictions of recidivism

without confounding factors.

Additionally, as mentioned above, in this study participants view the defen-

dant profiles and COMPAS scores in a vignette format, but in practice criminal

justice officials view these scores within the context of the COMPAS software.

In the “Person Summary” home screen of the software, they view the defendants

name, picture and race, as shown in Figure 4.7 below. This presentation, partic-

ularly the defendant’s picture, may increase the salience of the defendant’s race

and thereby lead to greater disparities in treatment by race. In the summary,

officials also see the general recidivism risk assessment, but the software reports

the score level (i.e. low, medium, high) rather than number. If the officials do not
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Figure 4.7: “Person Summary” page of the COMPAS software [1]

further evaluate the risk assessment, then they may treat individuals receiving

risk scores of 1 and 4 (both low risk) equally. Future work could, therefore, (1)

evaluate if the provision of the defendant’s image affects racial disparities in re-

cidivism predictions and (2) compare recidivism predictions when presented with

risk assessments on a categorical versus numeric scale.

If officials do view a more detailed version of a defendant’s risk assessment,

they view a bar chart showing the defendant’s general recidivism risk, other

risk measures for violent recidivism and pretrial release, as well as criminogenic

needs such as criminal involvement, relationships, and personality (see Figure

4.8). On the one hand, studies show that these data visualizations can convey

information in more accessible, comprehensible, and persuasive manners than

traditional text descriptions [47]. On the other hand, people may misunderstand

them, particularly when graphs do not show the uncertainty of predictions like

the ones in the COMPAS software [48] [58]. Future research should, therefore,

investigate how visualizations of algorithmic instruments impact their influence

on the accuracy and fairness of recidivism predictions.

Finally, this experiment also faces similar limitations to experiment one as
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Figure 4.8: Visualization of the defendant risk assessments in the COMPAS soft-
ware [1]

it too recruits participants through Amazon Mechanical Turk. The respondents

lack racial diversity as 79.1% identified as white, and participant race may affect

their predictions. The respondents lack training in predictive recidivism, so they

may achieve lower accuracy rates than professionals in the criminal justice system.

And the respondents may have lacked sufficient incentives to provide their best

predictions, so they may not have evaluated each defendant profile to the best

of their ability. As such, future work should again strive to employ judges, bail

officers, and parole officials as participants to increase the external validity of

results.

Nonetheless, the results provide evidence that calls the function of algorithmic

risk assessments into question. When humans consider the COMPAS scores,

they produce more favorable decisions for white defendants than black defendants

according to the notions of balanced error rates and accuracy equity. Additionally,

when assessing the risk that a defendant will recidivate, the COMPAS algorithm

achieves a significantly higher accuracy rate than the participants who assess

defendant profiles (65.0% v 54%). Yet participant accuracy does not increase
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when they view the predictions of this more accurate algorithm. Notably, in the

pilot study the opposite effect occurs, but this experiment employs a different

sample of defendants – the COMPAS algorithm achieves an overall accuracy

rate of 80% on the sample. Perhaps a tool with this level of accuracy may,

in fact, increase the accuracy of human predictions of recidivism. In the real

world, however, no such tool exists; the overall accuracy rate of the COMPAS

algorithm is only 65% as in this experimental setting. Thus, this study still

raises serious concerns about whether recidivism prediction instruments actually

improve outcomes.
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Conclusions

This thesis investigates the role of algorithmic risk assessments in human decision-

making using the COMPAS algorithm as a case study. Numerous states employ

the COMPAS software to inform decisions about bail, parole, and sentencing.

Much of the prior work addressing this algorithm focuses entirely on the technical

aspects of the instrument – the tradeoff between its predictive parity and balanced

error rates, for example. These studies serve important theoretical purposes, but

they do not address the tool’s practical function as a decision-making aid rather

than decision-maker. Moreover, the few studies that seek to assess the impact

of risk assessment software on outcomes in the criminal justice system reach

conflicting conclusions, and they employ econometric analyses instead of human

subjects [9] [52].

The experiment in Chapter 3, therefore, conducts a controlled study with

human subjects to gather quantitative and qualitative measures of the impact

of algorithmic risk scores on human predictions of recidivism. The experiment

finds that algorithmic risk scores act as anchors that induce a cognitive bias:

participants assimilate their predictions to the algorithm’s scores. This result

echoes studies in psychology that demonstrate home asking-prices, sentencing

demands, and dice rolls produce anchoring biases [21] [46]. Like the participants
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in those studies, the participants in this experiment do not recognize the degree

to which the algorithm’s risk scores influence their decisions.

The experiment in Chapter 4 builds upon these results by exploring the follow-

up question of how an algorithm’s risk scores impact the accuracy and fairness of

human decision-making. When predicting the risk that a defendant will recidi-

vate, the COMPAS algorithm achieves a significantly higher accuracy rate than

the participants who assess defendant profiles (65.0% v 54.2%). But when par-

ticipants incorporate the algorithm’s risk assessments into their decisions, their

accuracy does not improve. In contrast, when participants view the COMPAS

scores the fairness of their predictions changes according to measures of balanced

error rates and accuracy equity, and they produce more favorable outcomes for

white defendants versus black defendants. The Wisconsin Supreme Court de-

signed a written advisement to accompany the presentation of the COMPAS

algorithm with the purpose of preventing such adverse impact for minorities. Yet

the findings from this experiment indicate that the advisement does not signif-

icantly impact either the accuracy of participant recidivism predictions or their

fairness according to measures of balanced error rates, predictive parity, and ac-

curacy equity.

Considered in tandem, the results from both experiments underscore the

pressing need for further research on the human component of algorithm-aided

decision-making in the criminal justice system. Experiment one demonstrates

that algorithmic risk assessments influence human predictions about recidivism.

Experiment two, however, indicates that the current research on improving ac-

curacy and guaranteeing certain fairness criteria for these instruments does not

sufficiently address the nuanced role algorithms play in human assessments of

recidivism risk. Even when participants view an algorithm with greater accuracy

than them, their performance does not improve. Similarly, when participants in-
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corporate an algorithm’s outputs as factors into their larger decision-making pro-

cess, their decisions satisfy different fairness criteria from those of the algorithm.

Given human discretion, more accurate and fair algorithms do not necessarily

lead to improved decisions or preclude disparate impact on certain groups.

In theory algorithmic risk assessments can alleviate the rate of incarcera-

tion and prevent future crimes. They can recognize individuals likely to commit

future violent crimes; furthermore, they can help provide people predicted to re-

cidivate with specialized treatment, with the total outcome of reducing crime.

The algorithms can also identify low-risk individuals and administer appropriate

non-prison punishments, which would help reduce incarceration rates. In prac-

tice, however, these risk assessment instruments inform rather than determine

outcomes: human officials remain the ultimate arbitrators in bail, parole, and

sentencing decisions. Thus, the results from this thesis indicate that if algo-

rithmic risk assessments are to successfully function within the criminal justice

system, future research must investigate their practical role as an input to human

decision-makers.
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Appendix A

Additional Figures and Tables
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Table A.1: Participant demographics for experiment one.
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Table A.2: Participant demographics for experiment two.

74



Figure A.1: Survey consent screen.
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Figure A.2: Survey instructions screen.
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Figure A.3: Survey pre-questionnaire excerpt.
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Figure A.4: Survey post-questionnaire excerpt.
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Figure A.5: Example defendant profile in the Control group.

Figure A.6: Example defendant profile in the Score group.
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Figure A.7: Example defendant profile in the Disclaimer group.
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