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Abstract  
The adoption of algorithms across different jurisdictions have 
transformed the workings of the criminal justice system, par-
ticularly in predicting recidivism risk for bail, sentencing, and 
parole decisions. This shift from human decision-making to 
statistical or algorithmic tool-assisted decision-making has 
prompted discussions regarding the legitimacy of such adop-
tion. Our paper presents the results of a systematic review of 
the literature on criminal recidivism, spanning both legal and 
empirical perspectives. By coalescing different approaches, 
we highlight the most prominent themes that have garnered 
the attention of researchers so far and some that warrant fur-
ther investigation. 
 

Introduction    
 

The desire for evidence-based sentencing has led to the 
adoption and use of risk scores in determination of criminal 
sentencing decisions. Risk scores are generated using differ-
ent kinds of parameters, including socio-economic and de-
mographic ones (Southerland 2021). Some academics, law-
yers and judges see these developments as heralding a new 
era of progressive reform.  Many of the arguments raised by 
such scholars, including the desire for greater objectivity, 
promptness, and efficiency in administration of justice, par-
ticularly by way of curtailing the incarceration rates, have 
often persuaded policy makers and courts to employ statis-
tical and algorithmic risk assessment tools (RATs). (Starr 
2014). These tools are now used in many areas of the crim-
inal justice system like predictive policing, surveillance, bail 
related decision making, and sentencing. RATs are particu-
larly used for recidivism prediction, which is the estimation 
of an individual’s risk of reoffending or failing to appear in 
court (Hamilton 2021). 
 RATs’ promise of objective methods and standards to 
mitigate misguided decision making is especially pertinent 
given recent findings which suggest that judges may harbor 
implicit biases against particular communities (Rachlinski 
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et al. 2008). However, the use of RATs and empirical meth-
ods in law is much more contested because law, unlike other 
domains like medicine or business, lacks a “uniformity of 
purpose” (Rachlinski n.d.). Therefore, it is difficult to estab-
lish singular truths in law, like profit maximization or 
healthy populations, which complicates the ideas of right or 
wrong. This also makes it difficult to spell out a normative 
future and therefore the ability of empirical methods to dis-
pel wrongly held myths in law (Rachlinski n.d.).  
 RATs pack within them a mixture of legal and empirical 
knowledge (Eaglin 2017). As one may notice from this pa-
per, both empirical and legal scholars have attempted to un-
pack some of the opportunities and consequences such tools 
offer. We bring together both legal and empirical perspec-
tives containing a range of divergent and common themes 
on the topic. We approach the review of both streams of lit-
erature systematically by answering the following three re-
search questions: 
 

1. What are the concerns regarding the deployment of 
RATs in recidivism decisions? 

2. What are the arguments in favor of employing 
RATs in recidivism decisions?  

3. What solutions have been proposed to address con-
cerns regarding RAT use for recidivism predic-
tion? 

 
 A majority of papers we reviewed examine various con-
cerns surrounding the use of risk assessment tools. These 
concerns have resulted in many more works scrutinizing the 
concerns for their validity. As one may notice from the first 
and second research questions, our review is structured in a 
manner reflecting this evolution of the literature. The third 
question on proposed solutions highlights the current state 
of knowledge given the concerns. We synthesize findings 
from literature indexed in five academic databases and the 
multi-stage review process as detailed in the methodology 
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section. The literature in the sample is predominantly from 
law, computer science and economics. To the best of our 
knowledge, this is the first multidisciplinary systematic re-
view of literature on RATs. 

Methodology 
The relevant papers for review were chosen in three stages. 
Stage I, Identification, involved choosing relevant academic 
databases and formulation of keywords for the search pro-
cedure. We used “Algorithmic bias && Recidivism” and 
“Algorithm && Recidivism” as the search keywords for 
identifying legal literature. HeinOnline, Westlaw and 
JSTOR (US studies alone) databases were used for finding 
legal literature. Scopus and WoS were used for finding rel-
evant empirical literature and truncated keywords - “Algor* 
and Recid*” were used to obtain papers that we broadly 
classify as empirical literature. Truncated keyword search in 
the legal databases returned over two thousand results, while 
the extended keywords returned single digit results in the 
empirical databases, making a uniform approach infeasible. 
The following table presents keywords and the correspond-
ing total results from each database. 
 

Keywords Database Results 

“Algorithm && Recidivism” 

HeinOnline 1663 

Westlaw 515 

JSTOR 479 

“Algorithmic bias && Recid-
ivism” 

HeinOnline 147 

Westlaw 97 

JSTOR 27 

“Algor* and Recid*” 
Scopus 171 

WoS 51 

         Table 1: Search keywords across databases 

 At the second stage, Screening I, we filtered papers by 
scrutinizing their titles and abstracts to check for their ap-
propriateness in answering the three research questions 
mentioned earlier. We also removed duplicate and irrelevant 
records across databases at this stage, resulting in a total of 
37 papers for the keywords “Algorithmic bias && Recidi-
vism”, 79 for “Algorithm && Recidivism”, and 63 for “Al-
gor* and Recid*”. 
 In the third and final stage, Screening II, we comprehen-
sively analyzed entire texts of the selected papers for further 
filtration. 20 papers were selected under the keywords “Al-
gorithmic bias && Recidivism”, and 42 under the keywords 

“Algorithm && Recidivism” for the legal literature. No re-
sults were removed at this stage from the empirical list. This 
methodological approach led to a total of 126 papers. 
 Figure 1 is a distribution of selected papers published be-
tween 2000 and 2022. As one may notice, there is a clear 
increase in the academic literature on RATs after 2016. Two 
major events may have contributed to this. In 2016, ProPub-
lica had published an article wherein it accused COMPAS 
of racial bias against Black defendants. In the same year, the 
Wisconsin Supreme Court had also delivered the decision in 
State v. Loomis. In this case, the court ruled against the de-
fendant stating that the results of the algorithmic tool which 
was employed to assist in the determination of sentencing 
were not the sole determinative factor but were only one 
amongst the many factors taken into consideration for reach-
ing the final determination. It was also held that the inclu-
sion of algorithmic scores were not violative of the due pro-
cess rights. Both the events may have triggered interest 
among scholars to work on diverse issues in the area. In 
2022, we also observe a decline in the total number of pa-
pers. It is primarily attributable to a decline in the legal pa-
pers as there has been a slight increase in the published em-
pirical papers. 
 The legal and empirical findings relating to each of our 
three research questions are presented in the next 3 sections. 
In the legal and empirical subsections, we have thematically 
grouped and synthesized findings based on similarity of ar-
guments. We also ordered the subsections according to con-
text for reader’s ease of understanding. 

Concerns 
RATs and algorithms in general are often portrayed as tech-
nological instruments that are objective and value neutral. 
Since they are generally lacking human frailties, they are 
considered as superior decision makers. However, empirical 
evaluations of COMPAS, a RAT used in the US criminal 
justice system, have challenged these assumptions of unbi-
asedness and subjected algorithms to deeper empirical and 

Figure 1: Distribution of selected papers from 2000-2022 
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legal scrutinizes. Legal scholars have also extensively 
worked on enumerating the concerns associated with the de-
ployment of RATs in the criminal justice system arising out 
of biased input data and disproportionate outputs along with 
the legal issues that might follow. The following section dis-
cusses the legal concerns and the technical limitations of 
employing RATs, highlighted in the literature. 

Legal Findings 
The concerns highlighted in the legal papers can be classi-
fied into three diverse categories - input data bias, primarily 
resulting from the use of biased data sets; output data bias, 
discernible from the outcomes generated by the tool; and 
lastly, the legal concerns, arising out of their employment in 
decision-making. It needs to be highlighted that 70 percent 
of the legal literature we reviewed through the outlined 
methodology focused on the concerns stemming out with 
the usage of RATs. 

Input Data Bias 
Input data bias may arise because of using training data rid-
dled with historic bias, resulting in overrepresentation of 
persons from certain demographics in the data fed into the 
model. The application of an offender’s immutable traits, 
the reliance on group aggregate data in place of individual-
ized assessments, and consideration of the offender's crimi-
nal history for making recidivism predictions may further 
contribute in augmenting the inherent bias present in the 
data fed into the algorithms.  

Employing Immutable Traits. Numerous studies (N=24) 
have revealed how risk-assessment tools can reinforce and 
exacerbate the inherent societal biases present in the datasets 
utilized to train the algorithms.  These biases may be a con-
sequence of the higher rates of arrests among individuals be-
longing to certain populations, often including persons be-
longing to lower socio-economic strata or people living in 
minority neighborhoods, the data being acquired from arrest 
records based on policing decisions [(Zavrsnik 2021), (Kehl 
et al 2017), (Jones 2021), (Mbadiwe 2018), (Hamilton 
2021), (Rizer & Watney 2018), (Shi 2022), (Okidegbe 
2021), (Villasenor and Foggo 2020), (Thomas and Ponton-
Nunez 2022), (O’Brien 2021), (Starr 2014), (Bagaric et al. 
2022), (Southerland 2021), (Rankin 2021), (Gravett 2021), 
(Lewis 2022), (Anderson 2020), (Cyphert 2020), (Wisser 
2019), (Dalakian 2019), (Deskus 2018), (Mayson 2019), 
(Starr 2016)].  Okidegbe (2021) highlights how underrepre-
sentation of racially marginalized communities belonging to 
lower socio-economic status from the training datasets or 
during the construction of the algorithm can result in a 
“group’s marginalization in pretrial governance”.  

Utilizing Group Data. Another serious limitation associ-
ated with the use of algorithmic tools that has garnered the 
attention of authors (N=11) is use of generalized aggregate 

data of groups with similar characteristics as the benchmark 
in determination of criminal sentencing, as opposed to fo-
cusing on the immediate criminal act or an individual’s per-
sonal conduct for evaluating the recidivism risk [(Eckhouse 
et al. 2019), (Donohue 2019), (Starr 2014), (Wisser 2019), 
(Novokmet et al. 2022), (Slobogin 2013), (Monahan and 
Skeem  2016), (Gravett 2021), (Okidegbe 2021), (Souther-
land 2021), (Thomas and Ponton-Nunez 2022)]. Starr 
(2014) & Gravett (2021) have touted the use of group data 
instead of individualized information as patently unfair. 
Southerland (2021) also explains how digital profiling can 
arise when the punishment for a crime committed by a par-
ticular individual is determined based on his similarity or 
affiliation to a certain group. Thomas & Ponton-Nunez 
(2022) point out how judicial discretion is lost in the quest 
for minimizing divergence from a pre-defined criteria in the 
form of group aggregate data severing the possibility of con-
sidering the diverse particularities exclusively related to an 
individual’s crime and conditions in the determination of 
sentence. 

Inclusion of Criminal History. The static criminal history 
fed into the algorithmic models may be entrenched with per-
petual racial bias affecting the objectivity of the algorithmic 
tool predicting recidivism. There might be a possibility of 
arrest data being biased against people of color based on the 
policing decisions, choosing to ignore the immediate culpa-
bility of the individual in question. Anderson (2020), 
Zavrsnik (2019), Monahan and Skeem (2016), Okidegbe 
(2022), Jones (2021) and Tonry (2019) highlight how the 
use of biased and historically inaccurate information fails to 
tackle the actual crime committed and shroud inequitable 
outcomes meted out to the marginalized communities. Gra-
vett (2021) and Collins (2018) explain how the failure to fo-
cus on the immediate crime in question by resorting to past 
criminal history of an individual can also have serious ram-
ifications on the determination of the sentencing range. 
O’Brien (2021) also points to the challenges that a formerly 
incarcerated person may face, including loss of employ-
ment, livelihood and change in family dynamics.  

Output Bias 
The pertinence of algorithmic tools has also been called into 
question based on their output performance. Several authors 
have elaborated on transparency, accuracy and reliability 
challenges associated with the application of these tools and 
it may be worth discussing them separately. 

Transparency. Lack of transparency in algorithmic deci-
sion-making in the criminal justice system is one of the pri-
mary concerns indicated by the legal scholars. Several au-
thors (N = 12) have labelled the risk-assessment tools as a 
‘black box’ owing to ambiguities related to their design, 
weightage assigned to the variables, datasets used and the 
lack of timely validation [(Donohue 2019), (Seglias 2021), 
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(Brenner et al 2020), (Deskus 2018), (Wisser 2018), (Cy-
phert 2020), (Eaglin 2019), (Kehl et al. 2017), (Thomas and 
Ponton-Nunez 2022), and (Novokmet et al. 2022)].  
 Intellectual property protection like copyright and trade 
secrets also present additional hurdles in examining and un-
derstanding the working of the proprietary algorithms used 
in decision-making, especially for the defendants and their 
respective counsels [(Mbadiwe 2018), (Adler et al. 2020), 
(Rizer 2021), (Villasenor & Foggo 2020), (Gravett 2021), 
(Wexler 2018), (Carlson 2017), (Rizer and Watney 2018)]. 
An example on this point is the invocation of the trade se-
crets protection argument by the Northpointe to prevent 
screening of its algorithm during the Loomis case. 

Reliability. Differing standards of reliability or validity in 
forecasting the behavior of the offender is another concern 
inviting extensive scrutiny. Data trained on the unique char-
acteristics of a particular population may not be suitable for 
widespread application across different jurisdictions, as 
highlighted in numerous studies (N=5). Slobogin (2013), 
Rankin (2021), Eaglin (2019), Carlson (2017), Hamilton 
(2021) and Zavrsnik (2019) note how RATs are equipped 
with the ability to calibrate correlations, but seldom delve 
into the authenticity of the causations.  
 The interaction between human judges and ADM tools 
have also been observed to produce divergent results. There 
are apprehensions that judges may override the recommen-
dations of the ADM systems altogether (“algorithmic aver-
sion”) or rely on the findings of the tools completely without 
exercising their discretion (“automation bias”) [(Rizer & 
Watney 2018), (Ludwig & Mullainathan 2021), (Thomas & 
Ponton-Nunez 2022), (Stevenson 2018)]. Interpretation of 
risk-level categorizations in algorithmic tools also raise 
questions regarding the reliability of these tools [(Adler et 
al. 2020), (Jones 2021), (Hamilton 2021)]. Novokmet et al. 
(2022) explain how the factors and the criteria for the calcu-
lation of risk scores vary across different tools. The employ-
ment of algorithmic tools has also been observed to contrib-
ute to higher rates of mass incarceration (Collins 2018) and 
nullified subjectivity Zavrsnik (2021).  

Accuracy. Accuracy concerns in risk-score calibration is 
another major shortcoming in the adoption of algorithmic 
tools in criminal justice applications [(Slobogin 2013), 
(Zavrsnik 2021), (Deskus 2018), (Tonry 2019), (Wisser 
2019), (Gravett 2021), (Novokmet et al 2022), (Mbadiwe 
2018)].  
 Eaglin (2017) elucidates how developers make normative 
decisions while constructing a tool which may not always 
be in the best interests of the state. Hamilton (2021) high-
lights how lack of validation studies can result in failure to 
measure absolute accuracy, necessary to accept a tool’s per-
formance. Meanwhile, Villasenor and Foggo (2020) high-
light how subjecting an individual to substantially inaccu-
rate information can trigger due process concerns. 

Legal Challenges 
Legal challenges to the employment of RATs may be clas-
sified into three categories: those posing a challenge to the 
equal protection clause, those infringing the due protection 
clause and those giving rise to fairness concerns. 

Equal Protection. The equal protection clause in the US 
Constitution necessitates the law to treat everyone equally. 
Further, this doctrine also mandates the requirement of a le-
gitimate purpose for employing non-suspect classifications 
by the state. Resorting to the use of suspect class variables, 
including race, ethnicity and gender in algorithms used for 
sentencing is likely to face elevated scrutiny. An equal pro-
tection challenge can also lie in the absence of explicit sus-
pect-class classification, provided a defendant can prove 
that the algorithmic tool produces racially disparate impact 
accompanied with discriminatory intent. Equal protection 
analysis also mandates showing that the use of risk assess-
ment tools is narrowly tailored to justify its adoption by the 
state [(Kehl et al. 2017), (Rizer 2020), (Thomas & Ponton-
Nunez 2022), (Brenner et al 2020), (Dalakian 2018), 
(Wisser 2019), (DiBenedetto 2019), (Krent and Rucker 
2021), (Slobogin 2013), (Starr 2014), (Muenster 2022)]. 

Due Process. Due process clause in the U.S Constitution as-
sures the right to a fair trial and requires the defendant not 
to be sentenced on substantially inaccurate information. The 
underlying algorithms employed in the risk assessment 
based on proprietary models do not allow any examination, 
thereby tactically guarding themselves from due process 
claims [(Kehl et al. 2017), (Rizer 2020), (DiBenedetto 
2019), (Krent and Rucker 2021), (Slobogin 2013)]. Novok-
met et al. (2022) also highlights due process concerns that 
may arise as a result of the usage of RATs, and staunchly 
opposes their employment in the sentencing stage, as they 
could lead to denying the right to a fair trial. Some scholars 
also argue that due process requires the explainability of al-
gorithmic models, which is necessary for interpreting the 
evidence presented against oneself in a criminal sentencing 
[(Brenner et al. 2020), (Wisser 2019)].  

Fairness. Algorithmic tools have the potential to augment 
and propagate bias that may have permeated during the cu-
ration of the datasets employed to train the algorithms. 
There is also controversy surrounding the competing no-
tions regarding the definition of algorithmic fairness. The 
most prominent example being the 2016 Propublica study, 
addressing the prevalent racial bias in the risk assessment 
tool COMPAS. While Propublica criticized COMPAS by 
showcasing that people of color were more likely to receive 
higher risk scores under the predictive parity conception, the 
tool developer Northpointe exalted the tool’s neutrality by 
relying on equalized odds criteria (Washington, 2019). 
 Several scholars (N = 6) have examined the implications 
of employing algorithmic tools for fairness, noting that it 
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may be impossible for an algorithm to meet different stand-
ards of fairness, since they rely on different base rates for 
gauging recidivism [(Mbadiwe 2018), (Rizer and Watney 
2018), (Hill II 2021), (Brenner et al. 2020), and Ludwig and 
Mullainathan 2021)]. O’Brien (2021) and Zavrsnik (2021) 
have also worked on the tradeoffs between fairness-accu-
racy and fairness-equality and concluded that achieving all 
the conditions simultaneously may be statistically impossi-
ble. Succinctly put, there is still an ongoing debate for iden-
tifying a universal definition for fairness, as it depends on 
the clear-cut objectives expected from an algorithm (Kehl et 
al. 2017).  

Empirical Findings 
Notions of fairness, accuracy and bias have mathematical 
expressions. Mathematical representation makes quantita-
tive estimations of the deviation from defined objectives 
possible for both humans and algorithms, enabling a com-
parison of their performance.   
 Dressel & Farid (2018), in a seminal experimental analy-
sis found that non-experts can make defendant recidivism 
predictions close to COMPAS’ predictions. These results 
and ProPublica’s 2016 findings of COMPAS’ higher false 
positive and lower false negative prediction rates for Black 
defendants are the empirical arguments most relied on by 
critics to maintain that algorithms can be biased and perform 
no better than human decision makers (Angwin et al. 2022). 
Hamilton (2019) builds on this research concluding that 
COMPAS systematically over classifies women into high-
risk groups.  
 Dressel and Farid (2018) also report other findings from 
the experiment which were formative arguments against the 
use of algorithms. First, the vignette experiments demon-
strate that lay persons, with little criminal justice experience, 
when provided with 7 defendant features, make predictions 
with similar false negatives and positives for Blacks and 
whites as COMPAS - racial machine bias (Angwin et al. 
2022) therefore, was also found among lay persons (Dressel 
& Farid 2018). 
 Second, Dressel & Farid (2018) report that a logistic re-
gression classifier with just 2 features viz., age and number 
of prior convictions, performs as good as COMPAS, which 
uses 7 features - conjecturing that COMPAS is no more 
complex than a simple linear predictor. A more powerful 
ML algorithm does not improve their results - questioning 
algorithmic prediction of criminal justice outcomes. These 
well received findings, emerging during a surge of race dis-
courses in politics, has led to a back-and-forth on the specif-
ics. 
 Stevenson & Slobogin (2018), through partially reverse 
engineering COMPAS’ VRRS, find that age, not race or 
others, is the most dominant factor in explaining variation in 
COMPAS scores. Younger defendants have nearly twice the 

score of older defendants. Youth, as is encoded in COM-
PAS, is only treated as a potential criminal risk variable, un-
like in a courtroom where a judge can also ideally see a 
young defendant’s diminished culpability. Stewart (2022) 
argues in a similar vein that multiple sub groups (along iden-
tity or seemingly irrelevant traits) can be formed for fairness 
constraints and that single partitions might be too restrictive. 
However, no fairness constraint can be satisfied across dif-
ferent partitions of subgroups, making some level of bias in-
evitable. 
 T. Greene et al. (2022) draw attention to technical choices 
in RAT design during their development that can lead to in-
consistent predictions. Conceptualizing this as “predictive 
inconsistency”, they propose methods that can identify how 
specific choices in design can influence a particular predic-
tion. These methods enable questioning RAT predictions 
while clarifying its political and legal legitimacy (T. Greene 
et al. 2022).  

Arguments in Favor 
The concerns raised in Dressel & Farid (2018), Angwin et 
al. (2022) and Hamilton (2019) invited a slew of responses. 
Limitations of Dressel & Farid’s (2018) methodology and 
replications and extensions of the original experiment ar-
rived at different conclusions. With new evidence, these cri-
tiques together call for a reanalysis of the original results. In 
pointing out the limitations, critics of the original experi-
ment also make the case for adoption of algorithms in iden-
tified settings. The sub-section on empirical findings first 
summarizes methodological critiques that probe if the con-
clusions of Dressel & Farid (2018) are generalizable before 
addressing black-boxes and racist algorithms. The sub-sec-
tion on legal findings then discusses legal papers highlight-
ing the benefits achieved with the implementation of RATs 
for forecasting recidivism, in the form of efficiency, con-
sistency and minimizing judge-made bias.  

Empirical Findings 
Methodological Critiques of the Dressel & Farid (2018) 
Experiment 
Bansak (2019) observes that there is large variation in the 
proportion of correct responses made by individual 
MTurkers (0.38 to 0.80) in the Dresel and Farid (2018) ex-
periment and highlights that this resulted in an analysis 
based on an average of participant responses. Though par-
ticipants achieve mean and median accuracy of 0.62 and 
0.64, these averages conceal the unreliability of individual 
estimates. Employing a predetermined single probability cut 
point in analyzing pooled estimates for multidimensional 
decision making is also undesirable (Bansak 2019). An ex-
ample in this regard is a decision space that has more than 2 
options - imprisonment, supervised release, or no incapaci-
tation. When probabilistic outputs are used, a comparison 
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finds that statistical machine learning (ML) algorithms out-
perform human predictions (Bansak 2019). In a replication 
study, Lin et al. (2020) found that providing participants 
with immediate feedback on their predictions improved 
their accuracy through the experiment as they experienced 
learning. Additionally, when the defendant pool had a low 
base rate of rearrest, human participants performed worse 
than existing risk assessment tools (COMPAS and LSI-R) 
and logistic regression models without feedback, unlike in 
Dressel and Farid (2018) where the base rate was 48% (Lin 
et. al. 2020). Algorithms are also able to outperform humans 
in ranking accuracy (AUC) and when more predictive infor-
mation is made available (Lin et al. 2020). Therefore, the 
results observed in Dressel & Farid (2018) seem like a spe-
cific occurrence and less reflective of general and real con-
ditions.  
 In another modified replication, Biswas et. al (2020) find 
that using a balanced defendant pool with equal Black and 
white profiles results in lower accuracy, but relatively fairer 
responses in terms of false negatives and positives when 
compared to Dressel & Farid (2018) responses. Here, using 
a logistic regression model on balanced data results in sig-
nificantly fairer predictions despite a slightly lower accu-
racy. 
 Both the Dressel & Farid (2018) experiment and method-
ological critiques assume that individuals in vignette exper-
iments are similar to judges making informed judgments. 
An overreliance on this mode of investigation can prove dis-
advantageous, if later research finds incongruence between 
this method and findings. 

Racial Bias in Algorithms  
Vincent & Viljoen (2020) conclude that, while scrutiny for 
bias in RATs is necessary, there exists no evidence that such 
tools are based against individuals of colour. Specific instru-
ments could be faulty, but generalized calls for banishing 
algorithms are unfounded. The mathematical principles be-
hind maximising recidivism prediction has revealed the sys-
tematic biases in the justice system because social groups 
scoring higher on an unbiased instrument do so partly be-
cause of higher arrest rates for those groups (Vincent & 
Viljoen 2020). 

Black Box Character of RATs  
Black-box RATs are either proprietary models or ML meth-
ods that generate uninterpretable outputs - both restrict 
knowledge of inner mechanisms (Rudin 2019). Black-boxes 
present legal challenges on explainability, transparency and 
accountability as racial bias has been found in tools em-
ployed in other high-stakes decision making sectors (Ober-
meyer et al. 2019). While no authors argue in favor of using 
black-box RATs, many present nuanced arguments on the 
topic. Most currently employed RATs are interpretable sta-
tistical regression models, therefore not black-boxes of the 

second kind (T. Greene et al. 2022). Rudin (2019) recom-
mends that policy makers must stop accepting unexplaina-
ble models and researchers should stop trying to explain 
such models. Using uninterpretable black-boxes for high-
stakes decisions can be unsafe. Interpretable ML models can 
be used in such cases without common misconceptions like 
interpretability decreases as prediction accuracy increases 
(Rudin 2019).  

Legal Findings 
We could identify eight legal studies that discuss the bene-
fits realized with the application of RATs in criminal justice 
settings. Desmarais et al. (2021) argue that the performance 
of RATs must be scrutinized with reference to the status 
quo, and not an ideal scenario that may have never existed. 
They argue that RATs offer an efficient and reasonable basis 
for decision-making in comparison to the current judge-
made decisions, wherein cognitive assumptions and inher-
ent implicit biases of judges may affect the decision-making 
process. Desmarais (2021), Rizer (2021), Hunter et al. 
(2020) and Dalakian (2018) expound how RATs are rela-
tively more reliable than human-made decisions, as they are 
devoid of any generalizations or extraneous considerations. 
Bagaric and Wolf (2018) also highlight how judge-made de-
cisions have been found to be biased against marginalized 
communities, a concern that can be resolved using algorith-
mic tools which are uninfluenced by instinctive bias of any 
sort. 
 Consistency of results observable in relation to similar 
crimes is another factor that can propel their further use in 
sentencing applications. Bagaric and Wolf (2018) endorse 
the employment of RATs by stressing how they can uphold 
the rule of law by providing a mechanism for doing away 
with arbitrary and opaque sentencing decisions by human 
judges. They further highlight how the application of algo-
rithmic tools can minimize the decision-making time as 
computer models can process large swathes of data quicker 
in comparison to human judges. Hunter et al. (2020) draws 
attention to the speed and the efficiency with which a sen-
tencing determination can be fetched by an algorithmic 
tool.  
 Pre-trial detention in the absence of bail hearings has been 
touted to be one of the prominent drivers of mass incarcera-
tion. Dalakian (2018), Hamilton (2021), Lowden (2018), 
Rizer (2021) and Slobogin (2021) elucidate how the appli-
cation of RATs seems to have had a significant effect in 
curbing the growing numbers of prison population by bring-
ing down the duration of incarceration period for offenders 
during the pre-trial phase, without affecting public safety. 
 Bagaric & Wolf (2018) and Dalakian (2018) also try to il-
lustrate how the use of RATs can significantly curtail gov-
ernment revenues directed towards servicing prisons due to 
mass incarceration. They argue that application of RATs can 
further contribute in selecting the combination of factors and 
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variables deserving higher weightage in the determination 
of recidivism. Lowden (2018) also cites the example of 
Mecklenburg County, wherein the Public Safety Assess-
ment (PSA) tool was introduced and it emphasizes the ben-
efits attained in cases of money bail, especially for indigent 
defendants having limited means to secure their release be-
fore trial. 

 Proposed Solutions 
Legal papers have proposed numerous solutions for address-
ing and mitigating the observable concerns of RAT assisted 
judicial decision-making. These range from the need for 
public participation in the construction of tools to providing 
training to decision-makers, and increased transparency. In 
the technical literature, there is increasing realisation that 
mere exclusion of defendants’ race is no solution for algo-
rithmic bias concerns, as race is correlated with many other 
variables (Dressel & Farid 2018). Technical solutions to al-
gorithmic problems primarily focus on the algorithm to im-
prove performance metrics. These methods can be broadly 
classified into pre-processing, in-processing and other meth-
ods. The following subsections elaborate on these proposals. 

Legal Findings  
Mitigation of Input Bias 
Ludwig and Mullainathan (2019) attribute the fallacy of the 
algorithmic tools on the humans (or the designers) responsi-
ble for constructing it and propose making appropriate de-
sign choices for the former to work as a viable option. Rizer 
& Watney (2018), Adler et al. (2020), Washington (2019) 
and Garrett & Monahan (2020) suggest tool developers to 
supply design information to the public including the input 
factors considered, the criteria for the inclusion of variables 
and the weightage assigned to the factors in the algorithmic 
model. Further, these papers direct attention to the notion of 
assigning risk level labels and the inconsistency that might 
arise in the absence of a well-defined framework for the al-
location of risk scores across the different Risk Assessment 
Tools. Southerland (2021) proposes a radicalized idea of ac-
counting for race in the inputs and the outputs of the RATs 
by opting to be race-conscious in order to eradicate racial 
discrimination in the predictions. Humerick (2020) also en-
dorses affirmative action in this regard by acknowledging 
and explicitly incorporating race as a “plus-factor” in the 
RATs. 
   Okidegbe (2021) and Garrett & Monahan (2020) propose 
public participation as one of the solutions to mend input 
bias problems. They stress how adequate representation 
combined with deliberation from members of all communi-
ties during the tool creation (including ensuring diversity in 
the training data) and implementation stages can ensure 
democratic inclusion in the algorithmic governance frame-
work. Hill (2021), in addition to lending support for the 

above point, proposes minimizing the role of developers and 
government officials in making policy decisions concerning 
the range and levels of risk categories. Okidegbe (2022) of-
fers a solution to the persisting social discrimination in the 
pretrial system by replacing carceral knowledge sources 
(such as, police arrest data) in the input datasets with 
knowledge about the most impacted groups in the criminal 
justice framework, also termed as ‘community knowledge 
sources’. 
 Mayson (2018) acknowledges the associated concerns 
arising out of judges’ cognitive bias, while highlighting the 
futility of algorithmic tools exhibiting racial disparities and 
pushes for measures that can aid in eliminating the social 
inequality pervading throughout the functioning of the crim-
inal justice system. Tonry (2019) suggests doing away with 
predictive sentencing, or minimizing its use due to lack of 
any empirical or moral proof of its effectiveness.  
  Against the background of the first ever legislation on AI 
regulation, the EU’s AI Act and its consequent adaptation in 
the realm of risk-assessment instruments, Van Dijck (2022) 
underscores the significance of human oversight for correct-
ing biases resulting from the employment of RATs.  

Mitigation of Output Bias 
Several papers [(Kehl et al. 2017), (Villasenor & Foggo 
2020), (Bagaric et al. 2022), (Dibenedetto 2019), (Slobogin 
2021), (Wisser 2019), (Gravett 2021) and (O’Brien 2021)] 
have advocated for increased transparency to address the 
systemic biases ascribed to the usage of algorithmic tools. 
Eaglin (2017) enumerates three levels of opacity plaguing 
the algorithmic tools and proposes measures to counter them 
by ensuring transparency for tool developers and criminal 
justice actors; providing accessibility regarding the con-
struction choices by establishing democratic accountability; 
and incorporating interpretability measures in statistical 
modeling. 
   Quite a few papers [(Rizer 2021), (Rizer & Watney 2018) 
and (Carlson 2017)] have also contextualized the daunting 
challenge posed by trade secret laws in preventing access to 
the algorithms employed in the RATs. Villasenor & Foggo 
(2020) subscribe to the idea of granting access to the propri-
etary algorithms with proper safeguards while also ensuring 
trade secret protection. Carlson (2017) stresses how carving 
out an exception for trade secrets under the Freedom of In-
formation Act (1967) has resulted in frustrating the vision 
of the legislation and recommends an amendment to the leg-
islation for necessitating disclosure from private companies 
developing RATs. On the other hand, Wisser (2019) pro-
poses moving away from privately-owned algorithms to 
government-owned algorithms to address the impediments 
posed by the trade secrets. Further, the author also suggests 
demanding public explanation in the written format from the 
algorithm designers about the working of the algorithm. 

1298



  Jones (2021) posits scrutinizing the data for ensuring accu-
racy and reliability of the datasets employed to train the al-
gorithm. Anderson (2020), Wisser (2019), O’Brien (2021), 
and Garrett & Monahan (2020) highlight how providing ad-
ditional training to judges to get them acquainted with the 
inner workings of algorithmic tools can lead to improved re-
sults, thereby addressing reliability concerns. Guaranteeing 
the involvement of judges in the decision-making process 
and stipulating explanation on deviating from the tool rec-
ommendations can also aid in bolstering acceptance by the 
public (Rizer & Watney 2018). Further, they also argue that 
presenting the risk information in a comprehensible manner 
along with a structured decision-making framework can aid 
in effectively regulating their use.  
  Conducting validation studies to infuse accountability into 
the decision-making process, and facilitating auditing and 
impact studies by third parties can also contribute to rigor-
ous evaluation of the tools as proposed by some of the pa-
pers [(Kehl et al. 2017), (Villasenor & Foggo 2020), (Baga-
ric et al. 2022), (Rankin 2021), and (Gravett 2021)]. Vil-
lasenor and Foggo (2020) recommends preservation and 
storage of the data regarding the defendants and the algo-
rithms used for the assessments for allowing future analysis 
whenever necessary.  
   Periodic evaluation and review (Hunter et al. 2020), us-
ing RATs as cognitive assistants in determining sentences 
(Donohue 2021), opting for a multidisciplinary approach 
combining legal and empirical sciences (Hamilton 2021), 
and ensuring consistency in the outputs by minimizing the 
interference of proxies (Villasenor and Foggo 2020) are 
some of the other suggestions articulated to tackle the output 
bias concerns posed by the RATs.  

Empirical Findings 
The technical solutions identified here, importantly, do not 
solve the problem of structural discrimination that could be 
responsible for the significantly different between-group 
base rates (Vincent & Viljoen 2020). It also fails to address 
the concerns of poor convertibility of social science and le-
gal concepts to clearly defined data science variables on 
which algorithms work (C. Greene 2022). On the other 
hand, these solutions implicitly acknowledge the limitations 
of algorithmic methods and propose computational or other 
technical approaches to align technological advancements 
with moral values like fairness or unbiasedness. This is 
achieved in the literature through debiasing or bias mitigat-
ing strategies or by facilitating better interpretability. 

Pre-Processing Methods  
Duwe (2019) suggests pre-processing techniques like mod-
ifying input variables to create single predictors from multi-
ple variables that are independently not significantly predic-
tive. Using multiple measures beyond the AUC to estimate 

fairness and testing multiple classifiers before employing a 
particular one is also suggested here.  
 Johndrow and Lum (2019) and Calmon et al. (2017) pro-
pose algorithmic solutions to pre-processing. The former, 
using a probabilistic approach, suggests an algorithm to 
make variables independent of sensitive attributes and the 
latter presents an algorithm that transforms original data and 
reduces group discrimination when classifiers such as lo-
gistic regression and random forests are trained on this new 
data. Both methods don't impair accuracy metrics signifi-
cantly.  
 Skeem and Lowenkamp (2020) test multiple algorithms 
inputting racial information at varying degrees. They find 
that providing information regarding race improves both al-
gorithmic accuracy metrics as well as fairness metrics. They 
argue that there are inherent trade-offs between competing 
values (like crime prevention and racial justice) in algorith-
mic (and human) decision making and algorithms make 
such trade-offs apparent. Therefore, they argue that policy-
makers should choose an algorithm based on the trade-off 
they find most acceptable. Ma et al. (2022) proposes a new 
algorithm responding to the need for interpretable systems 
in high-stakes decision making. They develop a new algo-
rithm which is a single decision tree ML algorithm structure 
instead of the more complex (and less interpretable) deci-
sion tree structures more prevalent in the literature. This new 
algorithm achieves fairness and accuracy metrics similar to 
more complex ML algorithms, and provides higher inter-
pretability (Ma et al. 2022). 

In-Processing Methods 
In-processing methods address fairness during model crea-
tion. Biswas & Mukherjee (2021) address a common viola-
tion of an assumption that enables such techniques - prior 
probability shifts. Prior probability shifts occur when struc-
tural distributional changes are present in training and test 
data, especially within population subgroups. The authors 
develop an algorithm (CAPE) which accounts for such shifts 
and are able to ensure fair classification.   
 In another bias mitigation strategy to improve fairness of 
ML models, a combination of parity in generalized false 
positive and negative rates while maintaining sub-group cal-
ibration is proposed by Karimi-Haghighi & Castillo (2021). 
Their results show that this procedure can substantially re-
duce generalized false positive rate disparities across multi-
ple groups, but the decline in bias is achieved at the expense 
of increased inequalities in other metrics.  
In Zhang & Ramesh (2020), instead of a regularization 
method to avoid bias, they develop Fair-A3SL, an algorithm 
which directly induces the structure of the ML model and 
optimizes for multiple fairness measures. They demonstrate 
that the approach reduces structural model bias and gives 
interpretable fairer predictions for COMPAS and other da-
tasets.   
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Other Methods 
Methods other than pre-process and in-process techniques 
are a diverse set of technical approaches for equally diverse 
goals ranging from improving interpretability of ML models 
to improving fairness metrics of these models. 
 Meyer et al. (2022) propose an innovative solution by 
flipping the script on risk assessment. They develop models 
to estimate the risk the US criminal justice system poses to 
defendants by predicting the likelihood that the system de-
livers a lengthy sentence based on factors that may be le-
gally immaterial. Such a tool enables defendants to bring to 
the judge’s knowledge the unjust treatment by an 
RAT.  Through the limitations and value choices inherent in 
developing such a model, the authors inform the discourse 
of the same limitations and choices existing for RATs cur-
rently used on individuals. 
 Another approach to technically improving fairness in 
ML models borrows from developments in causal inference 
techniques that use potential outcomes instead of observed 
outcomes used in RATs. This approach problematizes the 
influence of RAT predictions on ensuing outcomes (Mishler 
et al. 2021). Coston et al. (2020) suggest a novel method for 
evaluating RATs that takes into account the effects of inter-
ventions while projecting outcomes based on past data. To 
make sure that projections represent the risk under historical 
policy rather than the multiple decision options available, 
they propose using causal inference techniques. Building on 
this research, Mishler et al. (2021) develops approximate 
counterfactual equalized odds (approximate cEO), a fairness 
criterion which proposes an alternative to the widely used 
criteria based on observed outcomes. Since risk assessment 
predictions can themselves influence downstream out-
comes, cEO is a novel method that seeks to reduce the mis-
leading effects of predictions on outcomes. cEO allows us-
ers to negotiate between fairness and performance, employ-
ing equalized odds as the best suited fairness criteria to re-
duce discriminatory disparate impact. To apply such a crite-
rion to existing RA tools, making counterfactual fairness 
easily applicable to most extant RA tools, the authors also 
propose a post-processed predictor that displays favorable 
convergence properties.  
 In Van Berkel et al. (2019), the authors propose a scalable 
method to identify fair predictors that are socially acceptable 
by majority vote. They propose this because of the lack of 
ground truth in predictor selection which makes it a subjec-
tive task in the construction of equitable algorithms. They 
suggest that the role of selecting predictors should be with 
the society instead of private parties or other stakeholders.  
 Additionally, there are methods in the algorithmic fair-
ness literature like Cabrera et al.’s (2019) FAIRVIS. FAIR-
VIS is a novel tool for auditing ML models. It addresses per-
formance disparities within populations which is often over-
looked in ML models trained for overall accuracy. The tool 
contains an integrated subgroup discovery mechanism and 

visual analytics system. In a simulation on COMPAS data, 
the authors confirm that the Black male subgroup has a very 
high base rate of recidivism and the highest False Positive 
Rate relative to other subgroups. The accuracy metrics here 
also matched that of white males. Such comparisons inform 
users to rework their models to produce more equitable re-
sults. 

Discussion 
Algorithms were adopted in criminal justice systems with an 
expectation of neutrality and today judges in eleven US 
states and an additional 178 countries use some form of risk 
assessment. Neutrality of such algorithms however were 
probed across disciplines partly due to the desired sanctity 
of judicial systems in society. However, most of such exam-
inations have been limited by their methods of investigation 
and/ or disciplinary boundaries. We recognise this isolation 
in two simultaneously evolving strands of scholarship and 
one of the primary aims of this review is to map this disjunc-
tion.   
 Systematic review of the legal papers makes it evident 
that the literature on the legal side focuses on diverse con-
cerns regarding use of algorithmic tools in the criminal jus-
tice system. They primarily discuss concerns relating to re-
inforcement of the inherent existing societal biases in the in-
put data employed to train the algorithms, issues observable 
in the output generated, and legal issues inviting challenges 
before a court of law.  Legal papers attempt to provide some 
solutions and workarounds to address some of the high-
lighted concerns. The importance of public representation in 
the construction and implementation of algorithmic tools 
and providing training to judges on the working of RATs are 
some of the other important workarounds suggested. A few 
of the legal studies also highlight the benefits of adopting 
algorithmic tools in the criminal legal system. Speed, effi-
ciency, consistency, and addressing inherent human biases 
are some of the positive dimensions highlighted in the legal 
literature. 
 As noted, the empirical literature was spurred by Dressel 
and Farid’s (2018) experiment and ProPublica’s findings on 
COMPAS. The literature does not prescribe imprudent em-
ployment of algorithms. However, there is a disproportion-
ate anchoring (and use of diverse methods) to investigate 
technical features and fairness implications. This also im-
plies that there is limited empirical research on topics like 
comparative predictive accuracy of algorithms and humans 
or the effects of algorithm-human interaction. Future empir-
ical research should shift away from the excessive focus on 
pushing up RAT prediction metrics. Evidence from human-
automation studies suggest that optimizing an automated 
aid’s performance will not always lead to best performance 
of the “human-automated team” (Sorkin & Woods 1985). 
Judges have also been found to misinterpret RAT outputs 
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(Yacoby et al. 2022) and machines to slightly bias individu-
als towards predicting no recidivism (Grgic-Hlaca et al. 
2019). Algorithmic and human predictions also specifically 
depend on the characteristics of the data. Future studies on 
the goodness of either, should be wary of making broad 
claims from one exercise. Research employing diverse 
methods and data for each concern may reveal different per-
spectives. 
 RATs place excessive focus on individual psychology for 
criminal behavior, diverting attention from structural factors 
and societal responsibility. The fixation of the literature on 
whether algorithms are racially unfair sidelines research into 
other input features that make them unfair. Technical re-
search in recent years has progressed to provide algorithmic 
solutions to algorithm generated problems, but second order 
algorithmic solutions risk the creation of problems anew. 
With this characterization, we may ask, if algorithmization 
of judicial systems is inevitable (Volokh, n.d.) then how can 
we ensure that using them does not mechanically edge soci-
ety towards what’s undesirable. As fast paced technical ad-
vancements already make promising developments in pre-
diction beyond ML models, comprehensive evaluations of 
such systems need to keep up to avoid the perils of techno-
solutionism (Shih et al. 2019). 
 Both legal and empirical scholarship discuss transparency 
concerns. Lack of transparency around the model design, 
variables, and training data have raised questions and rec-
ommendations from the legal scholars. The technical litera-
ture has discussed different methods to make black-box al-
gorithms interpretable and the inefficiencies of these meth-
ods. Another common theme emerging from both strands of 
literature are reliability concerns associated with the use of 
algorithmic tools. Lack of a standard risk level categoriza-
tion and human-machine interaction have been highlighted 
by legal scholars as giving rise to confusing standards of re-
liability.  
 A key issue for future research likely to be of interest to 
legal academics, and of enormous practical significance, is 
the roles of lawyers via-a-vis in the proliferation of RATs. 
Research on gauging legal practitioners’ perspective when 
it comes to incorporation of algorithmic decision-making in 
judicial functions can also immensely contribute in extend-
ing the literature on this topic. Future work could also con-
sider exploring tangible solutions to address the use of a sin-
gle composite score for determination of different outcomes 
(for instance, failure to appear and risk of reoffending) by 
RATs. Finally, issues of variable choice, inability to draw 
clear causal models and inconsistencies in prediction are 
some of the open issues which need to be tackled by the 
technical literature.  

Limitations 
While we are able to answer our broad research questions, 
we acknowledge the constraints resulting from our method-
ological choices. Here we discuss specific limitations of our 
approach and note formative studies that could not be in-
cluded due to methodological constraints.  
 Our search keywords have been framed to focus solely on 
acquiring papers related to algorithmic RATs, overlooking 
other methodological dimensions of risk assessment. Some 
RATs predate algorithmic and statistical methods. While it 
is imperative to study and actively derive from earlier schol-
arship on such tools, our paper has a more narrow agenda. 
Our principal concern is to review the interdisciplinary 
scholarship that has risen after ProPublica published Ma-
chine Bias and the literature existing shortly preceding it.  
 There have been quite a few empirical studies focussing 
on the interactions between human judges and risk assess-
ment tools, which couldn't be included. For example, Pruss 
(2023) conducted an interview-based impact evaluation of 
RATs after implementation in Pennsylvania and observed 
that judges frequently ignore the recommendations offered 
owing to organizational factors, including systemic issues 
related to information dissemination by the tools. Experi-
mental evidence from Green and Chen (2019) and Fogliato 
et. al. (2021) also raises concerns regarding fairness and ef-
ficacy of RATs. Both studies argue that employing RATs 
and achieving objective judgements will require deeper 
evaluations of RAT-human interaction beyond maximizing 
algorithm accuracy due to disparate human behavior while 
interacting with RATs. Brayne & Christin (2020) conducted 
an ethnographic fieldwork to assess the effects of deploy-
ment in a criminal court and police department at varying 
stages of the criminal justice system. Their findings showed 
instances of professional resistance arising out of concerns, 
including fears of managerial surveillance, devaluation of 
professional experience and deskilling arising out of tech-
nocratic oversight and reliance on big data analytics. How-
ever, these findings could not be included in our results due 
to the methodological constraints. 
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