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Abstract 

Scholars in several fields, including quantitative methodologists, legal scholars, and theoretically 

oriented criminologists, have launched robust debates about the fairness of quantitative risk 

assessment. As the Supreme Court considers addressing constitutional questions on the issue, we 

propose a framework for understanding the relationships among these debates: layers of bias. In 

the top layer, we identify challenges to fairness within the risk-assessment models themselves. 

We explain types of statistical fairness and the tradeoffs between them. The second layer covers 

biases embedded in data. Using data from a racially biased criminal justice system can lead to 

unmeasurable biases in both risk scores and outcome measures. The final layer engages 

conceptual problems with risk models: is it fair to make criminal justice decisions about 

individuals based on groups? We show that each layer depends on the layers below it: without 

assurances about the foundational layers, the fairness of the top layers is irrelevant. 

 

Keywords: risk assessment, race, algorithms, sentencing, crime prevention, decision making, 
prediction, violence risk assessment 
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Layers of Bias: A Unified Approach for Understanding Problems with Risk Assessment 

When someone is accused of a crime, should they be held in jail or released to await 

trial? Once someone has been convicted, should they be sentenced to imprisonment, or released 

on parole or probation? In most states, judges make these decisions based on presentations by 

counsel for the prosecution and defense, either in writing or orally (or both). Laws enacted in 

statutes and passed down through judicial precedent govern what factors counsel may argue and 

what judges may lawfully consider. For example, the statute governing what factors New York 

judges consider does not include the future dangerousness of the defendant (N.Y. Criminal 

Procedure Law § 510.30), whereas in other states, the corresponding statue does include 

dangerousness as a factor (Gouldin, 2016). Laws governing decision-making moments in the 

criminal justice process may even be different within in a single state, according to the liberty at 

stake and evidence available for each decision. Judges are also constrained in what factors they 

may consider based on fundamental constitutional principles of equal protection and due process.  

Whether appointed or elected, judges have generally erred on the side of incarceration 

(Gouldin, 2016). More recently, however, a growing criminal justice reform movement asks 

judges to rely less on incarceration (Gouldin, 2016). This leads to difficult questions about which 

defendants should be detained while awaiting trial, which people convicted of crimes should be 

imprisoned and for how long. Historically, judges alone have had authoritative discretion to 

evaluate the suitability of pretrial release or probation, constrained only by the risk of an 

appellate court reversing them for abusing their discretion, and by constitutional constraints on 

fundamental fairness.  

These constraints are meant to prevent implicit and explicit bias from driving judges’ 

decisions, but there is plenty of evidence that human decision-making is infected by bias (Banks, 



LAYERS OF BIAS 

 

5 

Eberhardt, & Ross, 2006; Eberhardt, Davies, Purdie-Vaughns, & Johnson, 2006; Kang, Bennett, 

Carbado, & Casey, 2011; Levinson, 2007; Levinson, Cai, & Young, 2010; Richardson & Goff, 

2012). For this reason, judges, parole boards, and other criminal justice decision-makers (as well 

as immigration authorities) are increasingly turning to data-driven models to predict who will 

reoffend. Vendors promote these models to the public and to the agencies that use them as the 

answer to human bias, arguing that computers cannot harbor personal animus or individual 

prejudice based on race, gender, or any other legally protected characteristic. 

Data-driven risk-assessment tools have become commonplace in the criminal justice 

system. From where to deploy police resources to who should be imprisoned or granted 

probation or parole, computer models are increasingly used to inform—and sometimes 

determine—decisions. Early versions of risk-assessment instruments have been around since the 

1920s, but Virginia was the first state to officially adopt one in 1994. Originally designed to 

improve on human judgment by offering structured techniques for decision-making, risk-

assessment tools have grown in complexity (Andrews, Bonta, & Wormith, 2006). Many now use 

the “risk-needs-responsivity” (RNR) model, though the “Good Lives Model” has been proposed 

as an alternative strategy (Andrews, Bonta, & Wormith, 2011; Polaschek, 2012). These models 

combine assessments of risk with referrals for treatment and support (Andrews et al., 2011; 

Polaschek, 2012). 

In recent years, the use of risk-assessment tools has expanded dramatically. In particular, 

they have come to play a key role in decisions about sentencing, probation, and pretrial 

detention. Over twenty state courts use some form of risk assessment at sentencing and a single 

tool, the Arnold Foundation’s Public Safety Assessment, is in use throughout three states, as well 

as in more than two dozen local jurisdictions (Schuppe, 2017). Actuarial tools also form the core 
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empirical basis for the “risk-need-responsivity” model of treatment and rehabilitation (Bonta & 

Andrews, 2007). Similarly, the National Council on Crime and Delinquency’s “Structured 

Decision-Making” model is used to guide decision-making across several seemingly disjointed 

areas, including child protective services, foster care placement, juvenile justice, adult protection, 

and welfare-to-work services (Children’s Research Center, 2008). As a whole, these models 

provide a set of rules and instruments for standardizing allocation of government resources and 

services across a wide variety of settings (Freitag & Park, 2008).  

In this article, we focus on criminal justice decisions mostly in the pretrial release and 

sentencing contexts, because we believe the stakes are highest when liberty decisions are 

involved. However, the same conceptual issues apply to any model or quantitative prediction of 

risk. A full history of the development of risk-assessment tools is beyond the scope of this paper, 

but readers may refer to Monahan and Skeem (2016) or Andrews, Bonta, and Wormith (2006) 

for valuable overviews.  

Data-driven models offer judges and policymakers the appearance of objectivity. These 

models generate scores for risk of flight, rearrest, parole violation, and other public concerns, 

based on data from other people with characteristics similar to those of the defendant. With the 

scores as guidance, judges and policymakers can apply the same model to every case and claim 

they have used an objective, neutral mechanism of fair treatment.  

Researchers across disciplines, however, have serious concerns about the biases encoded 

in these models. In one of the most publicized examples, ProPublica released a report alleging 

signs of racial bias in a sentencing model called COMPAS, developed by Northpointe, Inc. 

(Angwin, Larson, Mattu, & Kirchner, 2016).  Northpointe argued there was no indication of 

racial bias in the model by using a different criterion (Dieterich, Mendoza, & Brennan, 2016). 
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This controversy extended an existing debate among computer scientists, statisticians, and social 

scientists about what constitutes bias and fairness in these models and how to define and evaluate 

those criteria (Corbett-Davies, Pierson, Feller, Goel, & Huq, 2017; Feldman, Friedler, Moeller, 

Scheidegger, & Venkatasubramanian, 2015; Flores, Bechtel, & Lowenkamp, 2016; Kleinberg, 

Mullainathan, & Raghavan, 2016; Kroll et al., 2016). We argue in this paper that there are both 

practical and conceptual problems facing algorithms that have been declared “fair.” 

Scholars and decision-makers need tools to assess data-driven models of criminal 

behavior. Most judges and policymakers have little statistical background, but face a dizzying 

array of technical critiques. We need a unified approach to evaluating algorithmic decision-

making.  

A Unified Approach 

This article proposes a unified approach to assessing algorithmic fairness, conceptualized 

as three hierarchical layers. We describe the concerns about each layer and suggest policy 

options to improve researchers’ ability to evaluate the fairness of models at each level of 

analysis. The key problem we engage is how to evaluate data-driven risk assessment. While our 

results focus on risk assessment in the criminal justice system, the method we propose applies to 

dozens of other areas where data-driven decision-making tools are now in use: credit and lending 

decisions, hiring, advertising, and more.  

We approach this as researchers and practitioners, treating this article as an act of public 

scholarship. Two of the authors are practitioners at New York Legal Aid Society. As 

practitioners, we interact frequently with situations where risk assessment is used to determine 

client risk of flight or rearrest. Our central concerns are whether assessment data are reliable or a 

result of historical policing disparities in targeted communities, and whether clients are being 
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classified as “high” risk on the basis of constitutionally protected classes like race, gender, or 

ethnicity. The other two authors are scholars with quantitative backgrounds (a statistician and a 

political scientist), concerned about the quality of data and analysis used to support quantitative 

claims. This article is intended to be broadly accessible and to provide a unifying framework for 

evaluating risk assessment instruments.  

First, we provide a non-technical explanation of how risk assessment models work. A 

hypothetical example provides a motivating case from which to unpack the main conceptual 

problems with using data-driven assessment strategies. Then, we develop the layers framework 

to conceptualize the problems with algorithms as belonging to three layers. Each layer depends 

on the layers below it: without assurances about the fairness of the foundational layers, the 

fairness of the top layers is irrelevant. 

Understanding Models 

Let us focus on a frequent prediction question: Will someone who has committed one 

crime commit another in the future? Emily is a hypothetical defendant pleading guilty to 

robbery.i Our hypothetical Judge Adams has to decide whether Emily should be offered 

probation or sentenced to time in prison. Judge Adams wants to know: If she releases Emily on 

probation, is Emily likely to be arrested again, presumably for committing another crime? Judge 

Adams may look to a predictive model to help answer the question.  

A predictive model starts with information about many people—potentially millions—

who have already been through the criminal justice system. A simple model might divide these 

millions into various categories based on their characteristics. Emily’s category might be very 

specific. For example, Emily might be an employed, college-educated woman between the ages 

of 25 and 30 who has been arrested at least once before. Models vary in their complexity, but a 
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wide variety of individual traits, characteristics, and personal beliefs may be included (Oleson, 

2011; Starr, 2015). 

Once Emily’s data points are entered into the model, it finds all the people with data 

points “like Emily” from the past data points it has been given. Looking at all the people “like 

Emily,” the model compares how many were arrested while on probation and how many were 

not. The percentage of people “like Emily” who were arrested while on probation becomes the 

model’s prediction for how likely it is that Emily will be arrested on probation. For example, if 

60% of people “like Emily” were arrested while on probation within one year, the model might 

translate that to the judge as a risk score that Emily would be “high risk” for rearrest. If a defense 

attorney analyzed the data points in the model, he or she might argue that Emily is not similar to 

the people “like Emily.” However, which information the model considers to decide who is “like 

Emily” may be proprietary, so the defense attorney may not be able to defend Emily against the 

score. Based on the prediction, Judge Adams may well find that Emily is too likely to be 

rearrested to be given a chance on probation. 

Real models are far more complicated and sophisticated than this simple example. 

Nevertheless, it demonstrates the essential pieces of how computer models work and the 

assumptions on which they rely. Every model includes a set of data and a way to predict outcomes 

from characteristics. 

Understanding Layers of Bias 

Emily’s story raises three types of questions. First, is the model that assigns her a risk 

score fair? This has been the central point of contention in most of the coverage of risk 

assessment models and forms the top layer of fairness considerations (Angwin et al., 2016; 

Chouldechova, 2016; Corbett-Davies et al., 2017; Dieterich, Mendoza, & Brennan, 2016; 
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Kleinberg et al., 2016; Kroll et al., 2016; deMichele et al., 2018). To decide if the algorithm—the 

method translating data points into Emily’s score—is fair, we need a statistical definition of 

fairness. This is not simple, as we will see in the following section. Indeed, different definitions 

of fairness are often fundamentally incompatible: resolving bias in one way produces a different 

type of bias.  

Second, are the data used to calculate Emily’s score biased in some fundamental way? 

This is the middle layer: the biases embedded in the data. Biased data pose a fundamental 

problem in criminal justice. As both the data used to calculate the risk score and the data used to 

evaluate its success suffer from the same types of bias, the bias is unlikely to be correctable 

without access to outside data.ii 

Finally, is it fair to use data about other people to make decisions about Emily’s liberty? 

All models rely fundamentally on the assumption that we can use the behavior of other people to 

decide whether a particular defendant is too dangerous to release. This is the base layer: Should 

we use data on groups to make decisions about individuals? This is a legal question, in part, that 

the courts have yet to adjudicate. 

Conceptually, each layer depends on the ones below it. If making judgments about 

individuals based on groups is unfair or illegitimate, the quality of the data and models do not 

matter. If the data are biased, an otherwise fair model merely reproduces that bias. In order to 

develop a fair model for criminal justice risk assessments, we need to believe that all three layers 

are fair. 

In this paper, we explain how to assess algorithmic bias in each layer. We describe the 

specific concerns raised by each layer, evaluate the available tools for measuring and mitigating 

algorithmic bias, and discuss those concerns in relation to specific examples of quantitative risk 
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assessment tools. We conclude by discussing the implications of the use of algorithms in the 

criminal justice system. We do not provide a comprehensive treatment of the benefits and costs of 

such algorithms; rather than offering a judgment on the value of specific algorithms, our goal is to 

provide a unified framework for evaluating them. 

Top Layer: Fair Algorithms 

Defining Fairness  

Defining fairness is not a straightforward proposition in any domain, and statistics are no 

different. There is a robust body of work trying to define various concepts of fairness in the 

contexts of statistical analysis and risk assessment in particular. This is what we term the top 

layer of the debate: Does the risk assessment model make fair predictions? There are three basic 

questions in evaluating whether groups are treated fairly. 

 First, does the score generated by a model mean the same thing across different groups? 

For example, if we take all the people who, based on the model, have a 30% chance of 

committing another crime in one year, about 30% of them should in fact commit a crime. In a 

fair test, the value of that prediction should be similar across protected groups. So, if a tenth of 

black defendants with a 30% score commit a crime, while half of white defendants with the same 

score commit a crime, the test does not exhibit predictive fairness.iii Tools that satisfy this 

criterion are “well-calibrated” (Chouldechova, 2017; Kleinberg et al., 2016).iv   

 Second, do people who do not commit a later crime get similar scores across groups? For 

example, are black defendants who do not reoffend more likely to get high-risk scores than white 

defendants who do not reoffend? If so, black defendants who turn out to be “safe” are treated 

more harshly than white defendants who have the same outcomes. Kleinberg et al. (2016) call 
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this “balance for the negative class,” while Chouldechova (2017) uses the more usual term, 

“false positive rate.” 

 Finally, do people who do go on to commit crimes get similar scores across groups? That 

is, if we look back on defendants of different races (or genders, etc.) who did commit a crime, 

did they receive similar risk scores? If, for example, white defendants who turn out to commit a 

crime look less risky up front and are thus less likely to be denied bail, white defendants who 

ultimately commit a crime might be more likely to make bail than black defendants who likewise 

commit a second crime. Kleinberg et al. (2016) call this “balance for the positive class,” while 

Chouldechova (2017), again using the usual descriptor, calls it the “false negative rate.”  

Chouldechova (2017) also combines the false positive and false negative rates as examples of 

“error rate balance.” 

Achieving fairness on all three measures is not just practically difficult; it is conceptually 

impossible if there are differences in the measured rate of reoffending across different groups 

(Chouldechova, 2017; Kleinberg et al., 2016).v This impossibility theorem is crucial to 

understanding the obstacles to developing a fair model. It is mathematically impossible to 

develop a model that will be fair in the sense of having equal predictive value across groups, and 

fair in the sense of treating members of groups similarly in retrospect. 

The COMPAS debate. A specific example helps unpack this problem, though predictive 

models of all types face similar issues.vi In 2016, ProPublica reporters analyzed a risk assessment 

instrument known as COMPAS, the Correctional Offender Management Profiling for Alternative 

Sanctions tool, designed by the for-profit company Northpointe (Angwin et al., 2016). The 

COMPAS model uses multiple variables and a proprietary (i.e., secret and unverifiable) 

algorithm to come up with the probability of rearrest for each defendant. Predictions about black 



LAYERS OF BIAS 

 

13 

defendants, ProPublica argued, systematically overstated the risk those black defendants posed. 

In fact, ProPublica found that of those who were not rearrested, 45% of black defendants had 

been flagged as high risk. By comparison, only 23% of white defendants who were not rearrested 

were flagged as high risk. This speaks to the second question raised above: Are people who do 

not reoffend treated similarly across groups? 

 

Figure 1. ProPublica’s analysis categorized defendants by whether they went on to be rearrested. 

There are clear differences in the “riskiness” categorization for black and white defendants with 

the same outcomes, as shown by the unequal height of the bars in this graph. 

 

ProPublica came to this conclusion by using the formulation in Figure 1, in which each 

dot represents ten people. ProPublica worked backward from the outcome, first grouping all 

defendants by the actual outcome, and asking whether defendants identified as “high risk” were 

actually rearrested after being released on probation. They then compared the proportion of “high 
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risk” defendants who were not rearrested. 

By analyzing the accuracy of the predictions by race, ProPublica concluded that 

COMPAS was nearly twice as likely to inaccurately predict that a black defendant was at high 

risk for rearrest as a white defendant. Figure 1 shows that of those who were rearrested, white 

defendants were more likely to have been classified as low risk than black defendants. Similarly, 

of those who were not rearrested, black defendants were more likely to have been classified as 

high risk than white defendants. White defendants who turned out to be risky were released and 

black defendants who turned out not to be risky were held. While no model will predict with 

perfect accuracy, ProPublica concluded that the model is racially biased because the predictions 

were inaccurate more often for black defendants than for white defendants. Therefore, the 

algorithm violated the second and third criteria described above, providing false positive and 

false negative rates that differed by race (Chouldechova & G’sell, 2017).  

In its response to ProPublica, Northpointe did something different: it worked forward 

from the risk score instead of backward from the outcome. It found that people with similar risk 

scores, whether black or white, had similar chances of getting rearrested. In other words, they 

compared the predictive value of the score across racial groups and found they were similar 

(Dieterich et al., 2016). 

Thus, Northpointe makes a technically valid argument using a different measurement, 

illustrated in Figure 2. They found that of those classified as high risk, the proportion who were 

not actually rearrested was roughly equivalent between white and black populations. Similarly, 

they found that of those who were classified as low or medium risk, blacks and whites had a 

roughly equal chance of being rearrested. Northpointe concludes that these equivalent 

proportions “exhibit accuracy equity,” or predictive fairness, which they argue should be the 
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assessment metric for fairness in risk models. Northpointe is using the first criterion described 

above: the predictive value of the model across different groups. This does not change the 

number of people in each group analyzed above. Instead, it rearranges them, comparing people 

who have the same risk score at the outset, rather than the same behavioral outcome. 

 

Figure 2. Northpointe’s analysis categorized defendants by their risk score, then measured how 

many of those in each category reoffended. The share of black and white defendants with the 

same risk score who go on to be rearrested is similar and thus, the bars are similar heights. 

 

To understand Northpointe’s rebuttal, note the substantial difference in the overall rate of 

rearrest for black and white defendants in this analysis: 51% of black defendants were rearrested 

versus 39% of white defendants. This difference means that models will predict a greater 

proportion of black defendants will be rearrested than white defendants, since models assume 

that the future will be like the past. Because the model predicts a greater fraction of black 

defendants than white defendants will be rearrested, a greater fraction of black defendants could 
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be misclassified as probable rearrestees.vii Recall, though, that in circumstances with large 

differences in rearrest across groups, it is impossible for a model to be fair on the first criterion 

as well as on the second and third criteria identified above (Chouldechova, 2017; Kleinberg et 

al., 2016). Thus, it is impossible for a model to be fair on both Northpointe’s and ProPublica’s 

terms. Unless groups have similar recidivism rates, the model cannot have both equal predictive 

validity and equal rates of false positives. 

Proxies for Race, Gender, and Class 

Since the ProPublica and Northpointe debate, there have been many outspoken concerns 

over racial bias in risk assessment models. Nevertheless, proponents of these models sometimes 

argue that if a model does not include race as a variable, it is race neutral (Friedman, 2018; 

NAPD, 2017). However, there are two major problems with this claim. First, many of the 

variables used in these models act as proxies for race. This is especially true for criminal history, 

a variable that seems highly relevant on its face but is strongly influenced by race (Hannah-

Moffat, 2013; Harcourt, 2015). We unpack this problem in more detail in the following section. 

Second, when a variable like race is excluded from a model, the estimates of the impact 

of other variables—that correlate with both the excluded variable and the outcome—will 

incorporate the effect of the missing race variable. For example, the model may include a 

defendant’s neighborhood or ZIP code, where one racial group predominates. Indeed, social 

scientists have had difficulty finding comparable black and white neighborhoods in order to 

study the consequences of poverty for child development (Perkins & Sampson, 2015), because 

neighborhood segregation is related to so many factors. In those cases, the defendant’s ZIP code 

will act in the model as though it is a partial proxy for race. In a society structured by racism and 

segregation, many variables commonly included in models, from location to employment to prior 
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police encounters, will be correlated with race. When the model is used to make predictions, 

estimates of the effect of different variables correlated with race will be used to calculate risk 

assessment scores, thus incorporating information about race into the assessment.  

This problem—that it is impossible to exclude race from the models—means that risk 

assessment instruments may not be able to overcome constitutional equal protection concerns. 

Even if the models do not include race or other “highest tier” protected classes, proxies for 

race¾ZIP code, income-level, education level and, perhaps most crucially, number of prior police 

encounters¾are still common. They will continue to include the effect of race, unless models 

omit all variables that are both correlated with the outcome of interest and with race.  

One methodological alternative is to directly consider protected variables such as race 

and gender in algorithms. However, this raises substantial issues for due process and equal 

protection. The COMPAS tool uses gender as a factor (Wisconsin v. Eric Loomis, 2016). Here, 

it is worth unpacking precisely how the COMPAS tool uses gender. Excluding gender, women 

and men with the same score have negative outcomes at very different rates: “female defendants 

with a risk factor of 6 recidivated about as often as men with a factor of 4” (Drö sser, 2017, para. 

10). Thus, without gender as a factor, the COMPAS tool fails the first statistical fairness 

criterion described above: “calibration within groups” or “test fairness.” A second alternative, 

described by Zliobaite (2017), develops prediction scores with protected variables included, then 

applies the model for one group to all members. Thus, researchers might use the predicted 

scores for white defendants regardless of defendant race. This approach provides a clear way to 

address omitted variable bias, but the scores would still need to be evaluated using the 

incompatible criteria described above. 

One of the few court cases to consider the constitutionality of risk assessment 
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instruments, Wisconsin v. Eric Loomis (2016), engaged only the due process implications of 

including gender as a factor in the COMPAS instrument, setting aside equal protection concerns 

because the defendant did not raise them. The court found that considering gender had value to 

both the justice system and defendants more broadly (p. 35). It is by no means clear that this 

approach will meet with the approval of other courts. There is a long history of using actuarial 

prediction to make legal and judicial decisions. In Craig v. Boren (1976), the Supreme Court 

rejected an Oklahoma law that set different age standards by gender for buying alcohol, despite 

evidence that gender was a relevant predictor of alcohol abuse, arguing that gender had been 

consistently rejected as an appropriate factor for legal consideration. 

When it comes to risk assessment instruments, there are factors beyond race and gender 

that could raise constitutional objections. As Starr explains, “the most widely used instruments 

incorporate much more detailed analyses of the defendant’s financial, housing, family, and 

employment history, current situation, and prospects” (Starr, 2015, p. 230). As we will see in 

unpacking the base layer of the model, this raises serious concerns about the extent to which 

individual defendants are being judged based on their identities and classifications in social 

groups. 

Predictive Accuracy 

 One of the strongest arguments in favor of risk assessment is that data-driven risk 

assessment models offer increased predictive accuracy over professional, clinical, or 

unstructured judgment in a variety of settings, including education, medicine, psychology, and 

criminal justice (Andrews et al., 2006; Grove et. al, 2000). Predictive accuracy means that the 

models correctly classify defendant risk level¾an important contributor to fair and efficient 

decision-making. After reviewing several studies to this effect, Desmarais, Johnson, and Singh 
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(2016) conclude there is “overwhelming evidence” that risk assessment instruments, including 

COMPAS, result in superior predictive accuracy to human judgment (Brennan et al., 2009; 

Desmarais, Johnson, & Singh, 2016, p. 206).  

 However, recent studies of untrained human judgment showed comparable performance 

between the predictive accuracy of the COMPAS tool and predictions produced by untrained 

participants (Dressel & Farid, 2018). Despite reported differences in predictive accuracy between 

risk assessments and human judgments, several studies found that most risk assessments on the 

market perform comparably in terms of AUC, a common measure of predictive accuracy. 

(Monahan & Skeem, 2016; Yang et al., 2010). There is no clear standard for the level of 

predictive accuracy needed to justify using models for high-stakes questions like liberty 

decisions (Yang et al., 2010).  

Interpretive Fairness 

While statisticians have focused on the aforementioned criteria for assessing the fairness 

of risk prediction scores, one often overlooked aspect of algorithmic fairness is the way risk 

scores are translated for judges. Judges rarely see the raw output of the model itself¾the 

percentage chance that someone will commit another crime or fail to show up for trial. Rather, 

risk assessment tools often group defendants’ raw risk scores into ordered categories for easier 

interpretation (i.e., low risk, medium risk, high risk). Whether accomplished by human decision-

making or technical processes, the categorization is itself an integral part of any risk assessment 

model and can distort assessment of risk. Thus far, fairness assessments have not developed 

criteria for deciding whether models fairly translate the risk into ordinal categories. 

There may be substantial interpretive issues with these categories, making it difficult to 

determine what a risk score actually means. One natural interpretation, which we call the intuitive 
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interpretation, is that ordered categories are similar sizes and cover the full spectrum of 

approximate risk levels. Thus, on a five-point scale, category one would mean a 0–20% risk of 

reoffending (or another outcome of interest), category two would mean a 21–40% risk, and so 

on. However, this is not the case for many, perhaps most, scales for which we have published 

data.  

The Pretrial Risk Assessment Tool (PTRA) developed for the Administrative Office of 

the U.S. Court converts risk scores into a five-point risk scale (Lowenkamp & Whetzel, 2009). In 

Table 1, we compare the intuitive interpretation of the five-point scale to the actual likelihood of 

the outcome (in this case, rearrest, violent rearrest, failure to appear, and/or bail revocation). 

Only in the case of the lowest risk level is the actual probability of any negative outcome within 

the intuitive interval for that score. In the highest risk level, 65% of defendants have no negative 

pretrial outcomes. In other words, only 35% of defendants classified at the highest risk level 

failed to appear for trial or were rearrested before trial. The probabilities of failure to appear and 

rearrest for all risk levels, even the highest, are within the intuitive interval for the lowest risk 

level. Even more concerning, technical violations make up an increasing share of the negative 

outcomes as the reported risk level rises. In the lowest risk level, 33% of reported negative 

outcomes are technical violations; by the highest risk category, technical violations represent 

42.8% (Lowenkamp & Whetzel, 2009).viii  

Further research on the PTRA confirms this mismatch between intuitive interpretations 

and actual risks. In a recent study on the PTRA, less than 20% of defendants in the highest risk 

category were rearrested for any crime, only 3.8% were arrested for a violent crime, and only 

4.9% failed to appear in court (Austin, 2017). In some cases, analysts report these actual 

differences deep in the appendices, treating the decision about how to convert predicted 



LAYERS OF BIAS 

 

21 

probabilities into categorical scores as a minor aspect of their work—despite the deeply 

unintuitive results it produces (VanNostrand & Keebler, 2009). 

 

Table 1. Intuitive vs. Actual Interpretations: PTRA Design 
Risk score Intuitive interpretation Actual violations Actual (excluding 

technical violations) 
Risk Level 1 0–20% 3% 2% 
Risk Level 2 21–40% 10% 6% 
Risk Level 3 41–60% 19% 10% 
Risk Level 4 61–80% 29% 15% 
Risk Level 5 81–100% 35% 20% 

Note. Adapted from “The development of an actuarial risk assessment instrument for US Pretrial 
Services” by Christopher T. Lowenkamp and Jay Whetzel, 2009, Federal Probation Journal, 
73(2), p.36. 
 

While the PTRA example is striking, it by no means stands alone. In a study of the PSA-

Court, the tool in widest use in state jurisdictions, the rate of rearrest on a violent charge for 

defendants classified as high-risk for violence was only 8.6% (Mayson, 2016). In Colorado’s 

Pretrial Assessment Tool, there are substantial gaps between the intuitive and the actual 

interpretations of risk categories (Pretrial Justice Institute, 2013). When the overall prevalence of 

the outcome is low, the difference between the actual versus intuitive interpretation of the risk 

score increases with each risk category. This poses risks to defendants. If, in the case of the 

PTRA study, judges and decision-makers observe a score of five and believe it means defendants 

are more likely than not to skip bail or be rearrested before trial, the categorization inflates the 

risk. In reality, a very small percentage of the defendants assessed in the PTRA study had 

negative pretrial outcomes—something that the categorization system obscures (Lowenkamp & 

Whetzel, 2009). 

Policy Recommendations for the Model Fairness Layer 
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Balancing different statistical measures of fairness requires courts and policymakers to 

decide which type of fairness is most important: accurate prediction or equalizing false positives 

and false negatives across groups. These questions cannot be answered by statisticians. However, 

since these tradeoffs are inevitable, they should be made explicitly. Defendants and defense 

lawyers should be able to analyze model fairness—and the criteria used to measure fairness—to 

make liberty determinations about their cases. Policymakers should debate the value of different 

criteria for fairness as they choose which models to adopt. 

In addition, risk assessment models should explicitly describe the process by which a 

predicted probability of failure to appear or a predicted probability of rearrest are translated into 

risk scores. Moreover, we need substantially more research on the ways judicial decision-makers 

interpret risk scores. Do they use the intuitive interpretation described above? Do they norm to 

the level of failure to appear or rearrest they observe in their own courtrooms? Or, do they use 

some other process such as blame avoidance to translate scores into policy outcomes? 

Researchers can help with this, but they need access to the categorization scheme and predicted 

probabilities in the models themselves to make effective assessments. Furthermore, they need 

access to the data used to create the model to assess concerns raised in the middle layer, to which 

we now turn our attention.  

Middle Layer: Data Quality 

Fundamental Problems 

The second layer in the debate about fairness involves whether or not the data risk-

assessment models draw from are biased. For both ProPublica and Northpointe, the measure of 

“risk” was whether the defendant was rearrested while on probation (Angwin et al., 2016; 

Dieterich et al., 2016). The use of arrest as a measure of criminality fundamentally assumes that 
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people who do the same things are arrested at the same rates. 

However, there is plenty of evidence that people of color, especially black people, are 

more likely to be arrested than whites for the exact same behavior. Black Americans are 

disproportionately likely to be stopped and searched by police, whether they are driving or 

walking (Epp, Maynard-Moody, & Haider-Markel, 2014; Gelman, Fagan, & Kiss, 2007; Goel, 

Rao, & Shroff, 2016; Harcourt, 2015). White and black Americans use marijuana and other 

drugs at similar rates, but black Americans are much more likely to be arrested for drug 

possession (Edwards, Bunting, & Garcia, 2013; Epp et al., 2014; Goel et al., 2016; Simoiu, 

Corbett-Davies, & Goel, 2016). This is a problem in the criminal justice system, but it is also a 

problem with criminal justice data. 

Imagine two identical young men. Greg is white and Jamal is black.ix They live on the 

same block, they take their children to the same neighborhood schools, they smoke marijuana 

with identical frequency, and they drive identical cars at identical speeds. Greg and Jamal 

commit the same crimes and have done so their entire lives. They should look identical to a risk 

assessment model. What the model knows about Greg and Jamal’s criminal histories, though, 

comes primarily from their arrest records. Arrests are the result of the combination of individual 

behavior and police decisions. If Jamal is more likely to get noticed, followed, stopped, searched 

and arrested by police—and the evidence suggests he is (Epp et al., 2014; Gelman, et al., 2007; 

Goel et al., 2016; Harcourt, 2015)—their identical behavior will translate into radically different 

data, with more arrests for Jamal. Thus, the model’s predictions will score Jamal as higher risk, 

even though he and Greg have lived identical lives. This disparity would be exacerbated if they 

lived in different communities with different levels of policing, since communities of color are 

often under greater surveillance than white communities (Goffman, 2014). From a statistical 
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perspective, the model would be completely correct in scoring Jamal as having a higher risk of 

rearrest. The problem is that being arrested is a racially unfair measure of whether a person is 

truly dangerous to the community. By using arrest as a measure of criminality, the model bakes 

in the fact that Jamal is more likely to be arrested because he is a person of color (Edwards et al., 

2013; Epp et al., 2014; Gelman, et al., 2007; Goel et al., 2016; Spencer, Charbonneau, & Glaser, 

2016). Racial bias in arrests leads to racial bias in risk scores. 

The same is true for other measures drawn from the criminal justice system. Defendants 

of color, especially black and Latino men, are treated more harshly throughout the criminal 

justice system (Kutateladze, Andiloro, Johnson, & Spohn, 2014), disproportionately prosecuted 

(Beckett, 2012; Western, 2007), less likely to be offered pretrial diversion, counseling, and other 

supportive programming (Schlesinger, 2013), and sentenced to longer terms (Stolzenberg, 

D’Alessio, & Eitle, 2013). From arrest to conviction to sentencing to recidivism, criminal history 

is a measure of criminal justice practices that systematically targets race-class subjugated 

communities (Soss & Weaver, 2017), not just a measure of individual behavior.  

 The magnitude and pattern of the bias in the data cannot be measured directly with the 

techniques used by ProPublica, Northpointe, or any of the others studying these models, 

including us. Even if we accept Northpointe’s argument that their risk assessment models make 

predictions that are equally likely to be right (or wrong) for black and white defendants, the 

models are built on data points that make people of color look riskier than whites, so the 

predictions are necessarily biased. To make matters worse, the predictions will seem correct. The 

model is trained on data generated by past police bias, and we are asking the model to predict 

events that are dependent on future police bias. There is a perfect circularity to the model 

building and assessment, masked by the technical complexity of the discussion. 
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The model is not predicting individual behavior, but an event influenced by police 

decision-making. Once Greg and Jamal are released on probation, where they continue their 

identical lives, Jamal is still more likely to be arrested than Greg. It looks like the model 

correctly predicts that Jamal is riskier, but both the prediction and the outcome are the result of 

racially biased law enforcement. 

This problem is not easily solved. Using arrests and other criminal justice data as an 

unbiased source of information on individual behavior would require us first to build a racially 

unbiased criminal justice system. This is implausible on any reasonable timeframe. More 

independent data efforts could allow us to identify the magnitude of the problem but would not 

eliminate policing-induced bias from individual-level tools. Ultimately, the problem of bias in 

the data is a serious threat to the entire endeavor of data-driven risk assessment. When both the 

data used to produce the risk assessment instrument and the data used to evaluate it come from 

the criminal justice system, quantitative risk assessments merely launder that bias. In other 

words, the legitimating process of quantitative assessment converts unequal data-generating 

processes into apparently objective data, without removing the fundamental problems (Goddard 

& Myers, 2017; Ward, 2015).  

Solvable Problems 

Aside from these fundamental problems, there are data issues with prediction tools that 

are more amenable to technical solutions. Most centrally, there are often problems with 

predictions in heterogeneous populations. Recall that the model used to evaluate Emily (as well 

as Greg and Jamal) predicts Emily’s risk based on data from other people: a sample. What if 

Emily (or Greg or Jamal) is simply very different from other people in the data? For example, 

crime patterns in the United States have changed dramatically over the last several decades. As 
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crime patterns change, we might expect the predictors of recidivism to change as well, requiring 

frequent updates to risk assessment instruments. Similarly, we might wonder whether predictions 

based on data from one jurisdiction generalize to the country as a whole. 

One of the simplest ways to improve prediction is to make the sample larger and more 

diverse, so predictions for individuals can be based on data about “similar” defendants. However, 

“similarity” is challenging to judge, and requires collecting additional data. Researchers with the 

Laura and John Arnold Foundation report that their tool’s predictions, while based on a 

particular set of data, are similarly accurate across multiple jurisdictions, though they have not 

released information that allows other researchers to validate these reports (Laura and John 

Arnold Foundation, 2018). Their tool is based on a large data set: over 1.5 million cases from 

300 jurisdictions (Laura and John Arnold Foundation, 2018). In contrast, some of the validation 

studies for Northpointe’s COMPAS tool are based on data sets as small as 2,328. The number of 

people with a specific combination of variables may be extremely small, or even zero. Using a 

population that small, the tool will be difficult to validate both for small populations and for any 

analysis considering multiple axes of marginalization. 

However, expanding the sample size comes with analytical problems relevant to the 

model fairness layer. For example, with a large enough sample size, models may show 

statistically significant differences between groups, even when the substantive differences are not 

large enough to seem important. In the PTRA model described above, it is unlikely that the 

difference in frequency of violations (rearrest or failure to appear) between risk level four (29%) 

and risk level five (35%) occurred by chance. With over half a million observations, the model 

has plenty of power to identify small non-random differences (Lowenkamp & Whetzel, 2009). 

Yet, it is not clear that judges should see a substantively meaningful difference between a 29% 
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and a 35% chance of a problem pretrial outcome. 

Some data fairness problems in this middle layer are solvable. The reality, though, is that 

all of our data are biased in ways that make defendants targeted by the carceral state look more 

dangerous, both to the initial risk assessment instrument and to those evaluating its fairness. The 

circular reasoning of predictive modeling is not new (Blackmon, 2008), and it will continue to 

pose tremendous obstacles to developing a fair version of data-driven risk assessment. 

Base Layer: Fundamental Conceptual Problems with the Fairness of Data-Driven 

Decisions 

These questions of algorithmic fairness and data quality affect all types of algorithms, 

from those used to select who sees particular advertisements on Facebook to those used in the 

criminal justice system. However, when predictive models are applied to core state decisions—

especially liberty decisions like pretrial detention or sentencing—they raise an even deeper set of 

constitutional, legal, and conceptual concerns about fairness: a third layer of this debate. Even if 

a risk assessment model was statistically fair and based on unbiased data, there is still a 

fundamental problem: it evaluates a defendant’s risk using data about other people. The risk 

assessment instrument uses information about a group of people that does not include the 

defendant, and provides a score based on others’ behavior. Is it fair to evaluate Emily’s or Greg’s 

or Jamal’s risk based on the behavior of a group they belong to, however narrowly tailored the 

demographic and behavioral group might be? For Emily, Greg, and Jamal, their risk scores are 

the result of other people’s behavior¾not theirs. Even though the scoring is based on their 

personal histories, the model itself and the scores it provides are calibrated based on the past 

behavior of other people (Mayson, 2018).  

As a constitutional matter, defendants are entitled to have their sentence based on what 
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they did themselves, rather than based on what people who share their social, demographic, or 

geographic group affiliations did. Statistical models that use group-based averages may produce 

more accurate predictions than decisions made with inadequate information or inconsistent 

criteria. Nevertheless, “the Supreme Court has held that this defense of gender and race 

discrimination offends a core value embodied by the Equal Protection Clause: people have a 

right to be treated as individuals” (Starr, 2014, p. 827). 

Data-driven risk assessment inevitably incorporates information about race, gender, and 

other protected categories. The specific factors most often considered exacerbate this problem. 

As Harcourt (2015) puts it, “The fact is, risk today has collapsed into prior criminal history, and 

prior criminal history has become a proxy for race” (p. 237). The inclusion of socioeconomic 

variables worsens this problem, as risk assessments then treat race and class inequality as a 

personal quality that makes a defendant riskier (Goddard & Myers, 2017). Risk assessment 

instruments directly include measures of housing stability, employment history, debt, and 

numerous other factors closely correlated with race and class (van Eijk, 2017). Thus, these tools 

directly encourage judges to treat defendants “more harshly because they are poor or uneducated, 

or more lightly because they are wealthy and educated” (Starr, 2014, p. 804). Moreover, they 

shift attention and resources from structural factors, like addressing racial inequality and poverty, 

to individual measures of those structural factors (Goddard & Myers, 2017; van Eijk, 2017).  

However, even a determined effort to exclude proxies for race, class, or other 

marginalized categories is not likely to be successful. As described above, omitting race from the 

set of variables in the original data set does not mean race is not included in the analysis; it 

merely induces remaining variables that are correlated with both race and the outcome variable 

to behave as if they are, in part, proxies for race (Barocas & Selbst, 2016; Dwork, Hardt, Pitassi, 
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Reingold, & Zemel, 2012; Pope & Sydnor, 2011). Thus, risk assessment instruments may not be 

able to overcome constitutional equal protection concerns. 

Regardless of the intent or apparent neutrality of the instruments, government agencies 

are also subject to the scrutiny of state and city constitutional and statutory guarantees, like those 

enacted in New York City, to assure they do not have a disparate impact on a protected class 

(N.Y.C. Admin. Code §14-151). Some of the concerns raised in the discussion of model fairness, 

and in the discussion of bias in the criminal justice system, mean that risk assessment models are 

likely to affect black and white defendants differently. If these risk assessments are racially 

discriminatory, either due to a flaw in the model or because the data are inherently biased, using 

them could result in a disparate impact. 

While very few of these issues have been litigated, they are important to fundamental 

questions about whether data-driven risk assessment can be fair. The Wisconsin v. Eric Loomis 

case is the closest any court has come to addressing this argument, as the defendant challenged 

the risk assessment tool’s recommendation of prison instead of probation. Because the court 

found that the sentencing judge had “explained that its consideration of the COMPAS risk scores 

was supported by other independent factors” and therefore, “its use was not determinative,” the 

court decision did not prohibit consideration of the risk assessment in sentencing decisions or 

require COMPAS to disclose underlying data or methodology of the risk assessment (Wisconsin 

v. Eric Loomis, 2016, p. 5). Loomis did, however, recognize the constitutional danger in relying 

solely on risk assessments in the decision-making process, prohibiting the use of risk scores as 

the decisive factor in liberty decisions (Wisconsin v. Eric Loomis, 2016). 

Additionally, Loomis cautioned courts using risk assessments that they are only able to 

identify a group of high-risk offenders and not a particular high-risk individual, that “an offender 
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who is young, unemployed, has an early age at first arrest and history of supervision failure, will 

score medium or high on the COMPAS Violence Risk Scale even though the offender never had 

a violent offense” (Wisconsin v. Eric Loomis, 2016, p. 29). Loomis resolves the problem that 

arises when risk assessment models provide information about groups rather than individuals by 

requiring judges to consider other factors in sentencing or pretrial release decisions (Wisconsin v. 

Eric Loomis, 2016, p. 31); though, as we argue below, this finding raises concerns about how 

human judgment and risk assessments interact.  

Secret Models, Secret Data, and Due Process 

The Wisconsin Supreme Court’s Loomis decision failed to remedy the fact that predictive 

models in criminal justice are typically secret. At a minimum, the data used to develop the model 

are secret; though sometimes, as with the Arnold Foundation’s Public Safety Assessment, the 

methods used to calculate the score are made public (Laura and John Arnold Foundation, n.d.). 

Loomis argued, “because COMPAS does not disclose this information, he has been denied 

information which the circuit court considered at sentencing” (Wisconsin v. Eric Loomis, 2016, p. 

21). The court held that since the defendant and the court saw the same information, the 

defendant was not entitled to information about how scores were calculated or evaluated.  

This is a troubling holding for anyone concerned about the discriminatory potential of 

risk assessment instruments. By allowing Northpointe’s trade secrets claim to stand, the Loomis 

court prevented judges, defendants, and researchers from vetting the algorithms and evaluating 

the fairness of both the top and middle layers. By keeping defendants from challenging their risk 

scores, these protections “signal . . . that the government values trade secrets holders as a group 

more than those directly affected by criminal justice outcomes” (Wexler, 2017, p. 5). They also 

suppress information to judges themselves, by preventing researchers and defendants from 
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providing fair and thorough evaluations of the risk assessment instruments.  

For example, ProPublica’s analysis of the COMPAS tool used the scores for over 10,000 

defendants in Broward County, Florida, over a two-year period (Angwin et al., 2016). ProPublica 

could not examine the fairness of the COMPAS score unless it was used by a public entity with 

available records. To generate that analysis, over 10,000 defendants needed to be assessed and 

sentenced using the COMPAS tool. These individuals formed an important pool for analysis, but 

the analysis would not have been possible without influencing their liberty decisions. This places 

defendants in the role of research subjects, but with none of the protections institutional review 

boards insist upon. If a scoring tool is found to be biased based on its actual application, the 

finding comes too late for thousands of defendants whose liberty decisions were affected by the 

biased tool. 

Courts need to ensure that researchers, defendants, and judges have access to information 

that allows them to understand the problems in specific risk assessment tools, since those 

problems will be quite different depending on the details of the data, methodology, and 

conversion to risk scores. Of course, determining what specific information is required for an 

adequate assessment is somewhat more complex. Companies, non-profits, and researchers 

creating risk assessment instruments have legitimate concerns about the privacy of the subjects 

they use to generate the model. Releasing that data publicly could lead to embarrassing, stressful, 

or damaging disclosures to which individuals have not consented. 

Kroll et al. (2016) provide a system for establishing transparent, replicable algorithms. In 

their system, algorithm designers disclose how decisions are made. They provide an example of 

the Diversity Visa Lottery, and suggest that designers should specify both the inputs and the 

mechanism by which those inputs are used to generate a score (Kroll et al., 2016). This is 
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uncommon but not unheard of in risk assessment. One of the most widely used tools, the Arnold 

Foundation’s Public Safety Assessment discloses the scoring formula on its website (Laura and 

John Arnold Foundation, n.d.). 

Still, these disclosures are not sufficient to evaluate the fairness of algorithms, even in the 

top layer. Researchers need access to judgments about specific individuals and the outcomes for 

those individuals after the liberty decisions are made. Disclosing this sensitive data publicly may 

be a problem, but anonymized versions can be released under a protective order to defendants 

(Wexler, 2017) or to researchers operating under the supervision of an institutional review board. 

Addressing the middle layer is even more challenging, since neither developers nor 

researchers have a reliable data source on individuals that is not compromised by biases in the 

criminal justice system. One partial solution is for stakeholders interested in fair algorithms to 

fund collection of alternative data sources, which can be used to assess the consequences of bias 

in criminal justice data. This does not fully resolve the problems raised in the middle layer, but it 

would be a first step towards examining the consequences of errors currently baked into risk 

assessment models. 

Transparency in both risk scoring and training data is a necessity for researchers to be 

able to vet risk assessment instruments. Instruments vary widely, and each one needs to be 

individually examined for fairness. The fairness of neither the top nor the middle layer can be 

examined without information about how the algorithm is constructed, the data on which it is 

based, and its consequences for different race, gender, and class groups. 

Human Judgment Is Also Biased 

Ironically, much of the advocacy for risk assessments stems from the need for 

transparency in criminal justice decision-making. In practice, we often do not know the 
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reasoning behind a judge’s decision. Research has indicated that there are three focal concerns 

judges typically have when making sentencing decisions: the defendant’s blameworthiness, 

potential dangerousness (i.e. recidivism risk), and practical/organizational constraints 

(Steffensmeier, Ulmer, & Kramer, 1998, p. 788). Often, judges do not have sufficient 

information to make informed predictions. They may also fall victim to many of the 

aforementioned problems with quantitative analysis.  

Like algorithms, human judgment is also based on shortcuts that consider social, 

demographic, geographic, and behavioral patterns (Banks et al., 2006; Eberhardt et al., 2006; 

Kang et al., 2011; Levinson, 2007; Levinson et al., 2010; Richardson & Goff, 2012). 

Steffensmeier et al. (1998) posited that judges often develop a “perceptual shorthand” that 

incorporates their own perceptions and stereotypes¾often based on protected 

characteristics¾into decisions. Humans also have difficulty making fair decisions when there are 

multiple considerations to weigh (top layer); humans are exposed to biased data, which may 

influence their perceptions of risk (middle layer); and humans apply their experiences of groups 

to their decisions about individuals (base layer). Indeed, there is substantial evidence that 

defendants of color are disadvantaged in pretrial and sentencing decisions made without 

reference to risk assessment models (Demuth, 2003; Kutateladze et al., 2014; Menefee, 2018; 

Steffensmeier & Demuth, 2000; Steffensmeier et al., 1998; Woolredge et al., 2015).  

In this context, risk assessment can offer increased transparency and standardization in 

pretrial recommendations, because the relevant factors under consideration are clearly 

enumerated and consistent (Lowenkamp, 2008; Lowenkamp & Whetzel, 2009; Summers & 

Willis, 2010). Cooprider (2009) reports similar advantages in that the standardization of 

decision-making processes “minimiz[es] arbitrariness, individual bias, and systemic disparity” 
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(p. 13). Additionally, risk assessment supports an “operational definition of justice” in that 

individuals with similar backgrounds and charges would receive similar bond amounts 

(Cooprider, 2009, p. 13). 

Since human judgment is also biased, many proponents of quantitative risk assessment 

tools claim their biased outcomes are likely to be an improvement over the current system 

(Corbett-Davies et al., 2016). If judges are making misinformed decisions or decisions based on 

their own implicit biases, then a statistical analysis may be an improvement to the status quo. 

However, there is only limited evidence that the biased results of quantitative models will be 

superior to the biased results of human judgment. While Desmarais et al. (2016) conclude that 

quantitative models are much more accurate than human judgment, a preliminary study 

comparing untrained human prediction with COMPAS found human judgment to be very slightly 

more accurate (67% correct, compared to 65% for COMPAS), with no difference in racial bias 

by either metric for algorithmic fairness (Dressel & Farid, 2018).x  

In addition, using quantitative risk assessment models does not eliminate the role of 

human judgment. Rather, the Loomis decision asks judges to consider the score as one aspect of 

an individualized decision. In effect, this layers the problems of human judgment on to the 

technical problems of algorithmic fairness, data quality, and translation from probability to risk 

score (Wisconsin v. Eric Loomis, 2016).  

Indeed, the presence of risk scores may change how judges make decisions. Rather than 

substituting the risk assessment instrument for their existing judgment about risk, it may shift 

judicial attention from deservingness or other factors to risk, arguably making demographic 

factors more, rather than less, salient. Starr (2014) explains that judges understand the challenges 

of predicting recidivism, and may therefore set recidivism aside in their decision-making. 
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Offered a risk assessment instrument, that same judge may place more weight on recidivism risk, 

believing that they now have a means to evaluate it well. In an experiment in which criminal law 

students were shown cases with and without risk scores, Starr (2014) finds that including 

predicted risk scores increased the weight participants gave to recidivism risk as opposed to other 

sentencing considerations. 

Proponents of risk assessment tools argue that they will make judges more willing to 

allow pretrial release (Laura and John Arnold Foundation, n.d.; Monahan & Skeem, 2016). The 

recent work of Kleinberg et al. (2016) shows through policy simulations that if risk assessment 

were implemented perfectly such that all judges followed its recommendations, more defendants 

could be released, while maintaining similar levels of measured recidivism and failure to appear 

and decreasing racial disparities. Other scholars have argued that risk assessment may play a 

central role in unwinding mass incarceration (Monahan & Skeem, 2016). In practice, when risk 

assessment is introduced, judges may still exercise discretion, and evidence about the efficacy of 

risk assessment in practice is limited and mixed.  

The logic connecting risk assessment to decreased pretrial detention is simple. Judges 

often worry about the risk of releasing someone (before trial or via a shorter sentence) who goes 

on to commit a serious or violent crime, both because they care about protecting their 

communities and because they worry about public backlash. A risk assessment tool offers a 

neutral alternative: if the judge follows the outcome suggested by the risk score, they can engage 

in what political scientists call “blame avoidance” (Weaver, 1986). The inverse is also true: a 

judge concerned with avoiding blame for a problem decision will be unwilling to release 

someone with a high risk score, even if the absolute risk of both failure to appear and violent 

recidivism is extremely low, as described in the PTRA study above (Lowenkamp & Whetzel, 
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2009). This is likely to be particularly appealing to “‘elected’ judges and prosecutors who must 

defend their decisions to an electorate concerned with security” (Hannah-Moffat, 2013). 

Thus far, some evaluations of risk assessment have in fact shown reduced pretrial 

detention. A randomized controlled trial of the Harlem Parole Re-entry Court that combined risk 

assessment with additional services found several improved outcomes, including lower rates of 

rearrest and reconviction (Ayoub & Pooler, 2006). Some evaluations of the Arnold Foundation’s 

Public Safety Assessment found that judges do, in fact, release more defendants when offered 

risk assessment tools (Laura and John Arnold Foundation, 2016; Schuppe, 2017). In Kentucky, 

though, after an initial drop in pretrial detention, judges eventually reverted to the rates of 

pretrial detention recorded prior to the introduction of the risk assessment tool (Stevenson, 

2018). Yet another implementation site, Lucas County, Ohio, found an increase in pretrial 

detention (Jones v. Wittenberg, 2017).  

Recent incidents raise questions about whether the logic of blame avoidance will hold as 

these tools become more popular. In San Francisco, a person with a low risk score was released 

and, five days later, committed a murder in the course of a robbery. Public outcry followed the 

release decision (Westervelt, 2017). The situation is similar to body-worn camera outcomes 

among police: they appeared to radically change police behavior in preliminary tests (White, 

2014). However, once cameras became commonplace and assimilated to existing political 

dynamics, later tests found no effect (Ariel et al., 2016; Yokum, Ravishankar, & Coppock, 2017). 

The value of risk assessment tools in increasing the frequency of release for low-risk defendants 

depends almost entirely on how they interact with local political dynamics and enable the logic 

of blame avoidance. 

There are other mechanisms to enforce transparency and reduce detention that do not 
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require homogenizing decisions with risk assessment instruments. For example, regulations 

could be implemented to require on-the-record, formulaic rationalization for pretrial decisions. 

These records would illuminate the focal concerns judges consider when making their decisions 

by requiring an explanation justifying each decision.  They could also be designed to prompt 

judges to address factors they might otherwise ignore. Researchers could also analyze these 

statements to uncover bias, by contrasting judicial considerations and decisions for otherwise 

similar members of different protected classes. Furthermore, it would provide a feedback loop 

for judges to identify implicit biases in their decisions, measure the accuracy of their predictions, 

and compare the severity of their decisions to other judges. Unlike risk assessment instruments, 

this type of data collection would increase judicial accountability and transparency to the 

public.xi  

Conclusion 

This article proposes a new framework for thinking about problems with data-driven risk 

assessment tools. Existing literature on the problems of algorithmic fairness typically focuses on 

one of the layers. Computer scientists, statisticians, and quantitative social scientists develop 

mechanisms for addressing problems of the top layer (Chouldechova, 2017; Corbett-Davies et 

al., 2017; Feldman et al., 2015; Kleinberg et al., 2016), while legal scholars focus on the 

constitutional concerns related to the base layer (Hannah-Moffat, 2013; Harcourt, 2015; Starr, 

2014). 

In considering the fairness of algorithms, courts and decision-makers should not be 

distracted by the lack of intentional bias or the promise of computer objectivity. Discriminatory 

outcomes are “almost always an unintentional emergent property of the algorithm’s use rather 

than a conscious choice by its programmers” (Barocas & Selbst, 2016, p. 671).  This makes it 
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“unusually hard to identify the source of the problem or to explain it to a court,” but it does not 

diminish the consequences of a biased algorithm (Barocas & Selbst, 2016, p. 671). Instead, 

courts and decision-makers should demand full evaluations of all three layers of bias. 

In every layer, different ideas about fairness make the discussion harder to untangle. As 

Northpointe argues, their COMPAS model is “fair” in the sense that considering the underlying 

differences in arrest patterns, the model is about equally accurate at predicting rearrest for white 

and black defendants (Dieterich et al., 2016). If we think rearrest is a good measure of 

dangerousness, and if we think the criminal justice system is equally fair for white and black 

people, then Northpointe’s model and the resulting risk scores are also fair. In contrast, by 

focusing on the disparate outcomes for white and black defendants scored by the model, 

ProPublica implicitly proposed a different notion of top layer fairness. 

The middle layer raises questions about the larger criminal justice system that produced 

the data. We cannot assume that predictive fairness among risk groups makes Northpointe’s 

model “fair” in the usual ways we mean when talking about justice. The problem of biased 

policing data in the middle layer is much bigger than one vendor’s model. The data used to build 

these models carries bias with it, and the models then learn and launder the bias. This is true for 

all criminal justice uses of data, as well as other algorithms that target ads, hire employees, and 

offer credit. 

Underneath these arguments about statistical fairness and biased data rests the 

fundamental conceptual problem of the base layer: Is it fair to alter the life chances and liberty 

outcomes of individuals because of their demographic, geographic, and social characteristics? 

Models must use data about other people to predict risk. This is particularly concerning in the 

criminal justice system, where racial inequalities are both dramatic and highly consequential 
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(Lerman & Weaver, 2014; Pettit, 2012; Soss & Weaver, 2017; Western, 2007). 

Resolving these problems is challenging, and offering comprehensive solutions is beyond 

the scope of this paper. Policymakers should evaluate risk assessment tools based on all three 

layers: algorithmic fairness, data bias, and the inherent justice of using group-based decision-

making. However, many potential solutions to criminal justice problems sidestep data evaluation. 

In considering solutions to bail reform, governments might adopt the PSA or a similar tool. They 

might also eliminate money bail entirely, limit the types of offenses bail gets set on, limit the 

amount of bail that can be set for certain classes of offenses, or provide resources to help 

defendants return to court (childcare, transportation, etc.). These and other solutions sidestep the 

issue of fixing risk assessment, while engaging the fundamental problems risk assessment is 

intended to solve.  

At every layer of analysis, it is clear that statistical and computer reasoning can clarify 

what is at stake, but it cannot decide the correct path. The process of constructing these models 

requires human judgment about what fairness means in mathematical terms, and when it is 

morally acceptable to judge people based on the behavior of others. Judges, policymakers, and 

politicians like to be able to point to numbers to justify their decisions. But even if the risk scores 

were unbiased (which they are not), the numbers do not speak for themselves. We have to use 

human insight and human judgment to decide what they mean and when we should use them. In 

doing so, policymakers and judges need to consider all three layers of bias, and develop legal 

frameworks that promote transparency, accurate measurement, and just decision-making. 
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scale rather than a probability. 
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v As we describe in the following section, there can be differences in the measured rate of 

reoffending, even when behavior is identical across groups. 

vi For an analysis of predictive validity in the National Council on Crime and Delinquency’s risk-

assessment tool used to support its structured decision-making program, see Schwalbe et al. 

(2006).  

vii People who are classified by the model as “high risk” but are not rearrested are called “false 

positives,” and their share of the total number of people is called the “false positive rate.” 

viii As we will see in the following layer, rearrest as an outcome measure is biased by unequal 

enforcement across racial groups in the criminal justice system; also, it does not differentiate 

among more and less serious types of rearrest, such as arrest for drug use versus arrest for 

violent crime. 

ix These names are taken from a well-known study of the effect of racism on employment 

opportunity (Lavergne & Mullainathan, 2004). 

x Note also that human judgment, like the model, is evaluated using the same biased data we 

critique in our discussion of the middle layer. 

 

xi A recent study was able to compare judges’ bail-setting practices and illuminated which ones 

over- or underused bail (Barry-Jester, 2018). If demographic data on the defendants were 

available, similar cases could be compared to identify if judges are making biased decisions 

based on a protected characteristic. 


