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Abstract
AI algorithms are increasingly influencing decision-making in criminal justice, including tasks such as predicting recidivism and
identifying suspects by their facial features. The increasing reliance on machine-assisted legal decision-making impacts the rights
of criminal defendants, the work of law enforcement agents, the legal strategies taken by attorneys, the decisions made by
judges, and the public’s trust in courts. As such, it is crucial to understand how the use of AI is perceived by the professionals
who interact with algorithms. The analysis explores the connection between law enforcement and legal professionals’ stated and
behavioral trust. Results from three rigorous survey experiments suggest that law enforcement and legal professionals express
skepticism about algorithms but demonstrate a willingness to integrate their recommendations into their own decisions and,
thus, do not exhibit “algorithm aversion.” These findings suggest that there could be a tendency towards increased reliance on
machine-assisted legal decision-making despite concerns about the impact of AI on the rights of criminal defendants.
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The introduction of artificial intelligence (AI) into the
American criminal justice system is transforming policing,
prosecution, defense, and judging (Baker et al., 2021).1 Law
enforcement is increasingly using AI to name suspects,
forecast crime, expose fraud, prevent traffic accidents, de-
termine cause of death, analyze DNA, detect gunshots,
recognize weapons, decipher license plates, identify potential
victims of crime, predict recidivism, anticipate crowd be-
havior, and uncover criminal networks (Rigano, 2019). Legal
professionals, such as judges, lawyers, and paralegals, use AI
to predict litigation outcomes (Katz et al., 2017), determine
bail (Angwin, Larson, et al., 2016; Dressel & Farid, 2018),
conduct eDiscovery (Dixon, 2020; Grossman & Cormack,
2011), synthesize federal court data (Adler et al., 2023), write
and review contracts (Rich, 2018; Yamane, 2020), analyze
case history law (Rigano, 2019), and summarize evidence
(Rigano, 2019). For several of these tasks, AI is becoming the
standard practice. At least 20 federal law enforcement
agencies—and local law enforcement agencies across
49 states—have access to facial recognition technology (Mac
et al., 2021). This technology is regularly used by almost half
of all police departments in cities with at least a million
residents (Goodison & Brooks, 2023). Additionally, 11 states

and 178 counties in other states use algorithms to assess
criminal risk (Movement Alliance Project & MediaJustice,
2024). Many new applications of AI to the criminal justice
system are on the horizon. For example, the U.S. government
is funding research to use AI to recommend specific lengths
of federal sentences (Brown, Pezewski, & Straub, 2021).

Law enforcement and legal professionals have noted the
many potential benefits of AI, such as the more consistent
application of the law across cases (Ward, 2019). This pro-
fessional community, however, is also aware of the potential
for misuse of algorithms, which may undermine the due
process rights of defendants, an especially vulnerable sub-
population. In particular, legal professionals have levied
substantial criticism at the State v. Loomis decision that gave
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developers of recidivism risk algorithms the ability to
maintain the secrecy of their code at the expense of criminal
defendants’ due process rights to understand the methodol-
ogy behind the algorithm’s recommendations (Freeman,
2016; Liu et al., 2019). The controversy surrounding the
Loomis decision suggests that the law enforcement and legal
community may have conflicting opinions about the in-
creasing integration of AI throughout the criminal justice
system. Concerns expressed by law enforcement and legal
professionals about the impact of AI on vulnerable
populations—particularly in the absence of safeguards and
standards for transparency—raise questions about whether
these professionals are willing to incorporate it into their own
workflows (Greenstein, 2022).

Although there is substantial literature on the ethics, ef-
ficacy, and fairness of using AI to assist law enforcement and
legal professionals (e.g., Alikhademi et al., 2022; Angwin
et al., 2016; Barabas, 2020; Dempsey et al., 2023; Farayola
et al., 2023; Miron et al., 2021; Rademacher, 2020; Surden,
2021; Taylor, 2023; Završnik, 2020) and some work as-
sessing how much trust the public places in algorithms to
make important decisions in the criminal justice arena
(Kennedy et al., 2022; Ozer et al., 2024; Zhang & Dafoe,
2020), this literature fails to specifically explore the per-
spectives of the professionals most impacted by the inte-
gration of AI, specifically subpopulations such as those
involved in the criminal justice system (Gerlich, 2023, 2024;
Mousavi Baigi et al., 2023; Zhang, 2023). Because the
professionals who increasingly wield AI in the criminal
justice system differ considerably from the general pop-
ulation in terms of education, demographic backgrounds,
training, and work experience, we follow previous research
that has emphasized the importance of specifically examining
their unique perspectives on the use of AI in their field
(Gerlich, 2023, 2024; Hannah-Moffat, 2015; Stevenson &
Doleac, 2019; Simmler et al., 2023). We build upon this
literature by empirically examining to what extent does the
legal and law enforcement community trust machine-assisted
advice and incorporate it into their decision-making in
comparison to advice received from human sources? This
question is an urgent one as the more criminal justice
stakeholders trust and are willing to incorporate algorithms’
advice into their professional decision-making, the more AI
will be used—and possibly misused—in practice.

Across three survey experiments, we assess the trust law
enforcement and legal professionals, such as paralegals,
lawyers, and judges, place in algorithms within the in-
creasingly common contexts of forecasting recidivism and
facial recognition matching for issuance of warrants, as well
as within the prospective context of recommending sentence
lengths. We choose the contexts of facial recognition and
recidivism algorithms because they involve the AI technol-
ogy most likely to be encountered by law enforcement and
legal professionals. We also investigate the context of AI-
aided sentence recommendations so we can explore how law

enforcement and legal professionals perceive algorithms that
they are unlikely to have yet encountered but are likely to
confront in the future. With this information, we not only can
assess trust in widely used AI applications in criminal justice,
but also predict how law enforcement and legal professionals
might respond to the introduction of new AI technology in
their field.

Our work incorporates the best practice methodologies
from research on trust. Our experiments analyze not only
stated trust in AI, but also behavioral trust, which indicates
whether respondents have enough confidence to use advice
from AI in specific factual situations. Additionally, unlike
previous research on this subpopulation, our experiments
include a benchmark for trustworthiness. Specifically, we
compare the trust that these professionals place in algorithms
to that placed in common human sources of advice.

Our findings indicate that although our respondents do not
explicitly express trust in AI, they are nonetheless willing to
use AI in professional contexts. The first experiment finds
that respondents incorporate advice from an algorithm more
than from their peers or an experienced judge when fore-
casting future offenses—a key component in bail, parole, and
probation decisions. Our second experiment finds that our
respondents rely on advice from algorithms more than
anonymous informants and eyewitnesses when issuing
warrants based on facial recognition technology. Our third
experiment finds that respondents use advice from an algo-
rithm to the same degree as advice from a judge when making
decisions related to sentencing after a conviction, although
they are most likely to rely on advice from prosecutors or an
experienced probation officer.

In sum, despite law enforcement and legal professionals’
statements expressing misgivings about AI to assist in key
investigatory and legal decisions, our respondents are willing
to use the advice of such systems in concrete situations as
much as or more than human sources of advice in every
scenario in which algorithms are already commonplace.
These findings suggest that—in spite of several high-profile
controversies about whether the use of AI in the criminal
justice process negatively impacts defendants’ due process
rights (Michaels, 2024; Sachoulidou, 2023)—algorithms are
likely to be increasingly incorporated into the workplace as
law enforcement and legal professionals demonstrate a
willingness to adopt their recommendations.

This research contributes to the scholarly field on the role
of trust in algorithms in professional settings by addressing
several key gaps in the academic literature. It introduces
novel scenarios involving a relatively unexplored population,
particularly within the judicial community, where AI’s role in
decision-making is critically relevant. Previous studies have
been criticized for not focusing on populations most impacted
by AI implementation, which this research rectifies. Addi-
tionally, the study differentiates between individuals’ stated
level of trust in AI and actual willingness to incorporate AI
into their decision-making, revealing a complex relationship
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between what people say and how they act. Despite long-
standing, vocal concerns about the use of algorithms in
sentencing, this study finds that people continue to rely on
algorithms for decision-making, regardless of their stated
trust.

1. Legal Professionals’ Trust in Algorithmic
Decision-Making

Previous studies have reached divergent conclusions about
trust in algorithms among the general public as well as
specific groups (Choung et al., 2022; Mousavi Baigi et al.,
2023). Some scholars note individuals’ algorithm aversion, in
which individuals trust algorithms less than humans (e.g.,
Dawes, 1979; Dietvorst et al., 2015, 2018, p. 114; Gogoll &
Uhl, 2018, pp. 97–103). Other scholars question the existence
of this algorithm aversion (Lee, 2018; Logg, 2016). Some
research suggests that individuals often prefer decisions made
by machines over humans (Gerlich, 2023, 2024; Kennedy
et al., 2022) or at least favor hybrid decision-making, in
which both types of decision-makers are used (e.g., Fry, 2018,
p. 71; Ramakrishnan, et al., 2014; Scharre, 2018). Moreover,
some studies show that individuals are unlikely to go against
algorithmic recommendations (Kennedy et al., 2022).
However, individuals often prefer their own judgment over
that of any other decision-maker, whether a human or ma-
chine (White & Eiser, 2010). In some cases, however, in-
dividuals may actually prefer algorithms over humans due to
the perceived impartiality of algorithms in making decisions
(Gerlich, 2024). Additionally, some scholars have concerns
about using algorithms—not due to their effectiveness—but
due to the fact that they may perpetuate racial bias (Angwin,
Varner, & Tobin, 2016) and their use in certain areas, such as
criminal sentencing, may raise ethical concerns (Taylor,
2023). None of these findings, however, necessarily carry
over to the subpopulation of law enforcement and legal
professions, as they differ markedly from the general public.

Understanding the extent this subpopulation trusts and
relies upon the recommendations generated by AI algorithms
is critical for several reasons. The use of AI in law en-
forcement and legal communities is growing rapidly (Maslej
et al., 2023, p. 291), with ideas for novel applications
emerging at a swift pace. This technology can have major
impacts on the lives of vulnerable and marginalized segments
of society (Angwin, Varner, & Tobin, 2016). For example,
previously unsolvable crimes may be brought to justice
(Brewster, 2023), criminal activity may be identified and
stopped before crimes are committed (McDaniel & Pease,
2021), cases may be processed more quickly (Chen et al.,
2022), criminal defendants may spend more or less time
behind bars (Ryberg & Roberts, 2022), and demographic
disparities in criminal justice administration can be increased
or decreased as a result of technological advances in AI (Ho
et al., 2023). Additionally, the incorporation of AI may

impact the way law enforcement and legal professionals
conduct their work. If these professionals distrust AI, then
they may be disinclined to use it and instead turn to human
decision-makers who also may prove to be inconsistent,
biased, or prone to mistakes. On the other hand, law en-
forcement and legal professionals’ overconfidence in legal
advice generated by AI may result in its unquestioned use
without accountability mechanisms in place. Moreover, trust
in AI may change the tenor of the relationships at the heart of
the criminal justice system and implicate important ethical
issues (see Taylor, 2023, for example, for ethical issues re-
lated to use of AI in sentencing). The use of AI in cases may
impact the level of trust that law enforcement and legal actors
have in one another or the duties, responsibilities, and advice
that lawyers and other legal actors owe to defendants
(Goodman, 2019). Finally, understanding trust in AI’s use in
law enforcement and legal settings is crucial as significant
distrust in legal tools and processes may undermine the le-
gitimacy of law enforcement and legal systems (Tyler, 2006,
p. 115).

Legal and law enforcement professionals’ trust in AI
depends—in part—on whether algorithms in criminal justice
have worked or are just (Surden, 2021), but the findings on
their impact are mixed. Some authors argue that the incor-
poration of AI has worsened pre-existing injustices in the
criminal justice system, such as racial bias and the treatment
of vulnerable populations (Angwin, Varner, & Tobin, 2016;
Dressel & Farid, 2018; but see Fry, 2018, pp. 66–68;
Okidegbe, 2021, 2022). Other scholars suggest that algo-
rithms may outperform judges who are inconsistent in their
decisions (Austin & Williams, 1977; Dhami & Ayton, 2001;
Kleinberg et al., 2017; Lin et al., 2020). Still, others find that
AI has “little impact on either the judge’s decision and
subsequent arrestee behaviour” (Imai et al., 2023). The in-
consistency of these findings makes it difficult to predict
whether AI engenders trust among law enforcement and legal
professionals.

The literature also fails to make clear whether any trust
these professionals place in AI in the abstract carries over to
the specific contexts in which legal professionals use AI in
practice. For example, a National Judicial College survey
finds that 65% of the 369 judges surveyed believe that AI is a
“useful” tool for dealing with bias in decision-making, but
“should never completely replace a judge’s discretion” (Firth,
2020). Additionally, the Thomas Reuters Institute (2023)
surveyed law firms and found that 82% of respondents think
ChatGPT and generative AI “can be readily applied to legal
work,” but only 51% indicate it “should” be used. Although
these surveys provide a useful overview of attitudes towards
AI among the legal community in the abstract, law en-
forcement and legal professionals may not necessarily hold
consistent positions about AI’s abilities both in general and in
specific instances.

Moreover, existing scholarly work concerning law en-
forcement and legal professionals’ trust in AI tends to
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concentrate more on their stated trust in AI rather than
whether they will actually use it in their professional ca-
pacities. The most common understanding of trust in the
social sciences comes from McKnight & Norman (1996),
who argue that trust is the “willingness to be vulnerable based
on positive expectations about the actions of others.” The
traditional way to measure people’s trust in a person, insti-
tution or system has been to ask them a Likert-style question.
However, just because individuals express trust or lack
thereof in AI does not necessarily mean they will or will not
rely on it in practice. Indeed, research has shown surprisingly
little correlation between stated trust in computational sys-
tems in Likert-style questions and people’s propensity to
actually use those systems or behavioral trust (Elhamdadi
et al., 2022; Xiong et al., 2019). Thus, understanding both the
stated and the behavioral trust, as measured in actual deci-
sions, that actors place in AI is critical, as the two forms of
trust may not necessarily align.

Additionally, much of this literature fails to provide a
counterfactual to the use of AI to make recommendations
regarding matters of justice. Studies indicate that survey
participants often discount advice from AI due to factors such
as reliance on their own knowledge or a general aversion to
algorithms (Jussupow et al., 2020; Kennedy et al., 2022).
However, these findings do not accurately represent the
counterfactual scenario to using AI advice, which in this
context would be better illustrated by considering advice
from other human sources. In other words, few scholars probe
the relative trust of law enforcement and legal professionals
in advice received from AI and from human actors through
comparative causal analysis (but see Gerlich, 2023, 2024).
Since law enforcement agents and legal professionals regu-
larly receive advice from human sources, such as their peers
and legal experts, and also receive feedback from the public
in the form of elections, advice from human sources is a
natural point of comparison to advice received from AI.
Although studies of relative behavioral trust in algorithms
exist, they examine the general public rather than our sub-
population of interest (Kennedy et al., 2022; Logg, 2016).

We posit that law enforcement and legal professionals may
be more willing to incorporate advice given by AI than a
human source into their decision-making regarding criminal
cases for several reasons. First, law enforcement and legal
professionals may trust AI in the criminal justice sphere
precisely because it is already integrated into many of their
workplace procedures. Any first-hand experience using AI in
practice may predispose these professionals to trust the
technology (Maslej et al., 2023, p. 291). With greater ex-
posure to algorithms in routine criminal justice cases, such as
those that determine the likelihood of recidivism, these
professionals may appreciate that algorithms work most of
the time or at least as well as human advisors. For example, in
technical systems with which people have extended inter-
action, such as autopilot systems or factory robots, trust in
such systems has been found to build over time, even

resulting in overtrust (Wagner et al., 2018). Further, en-
dorsement by the courts in cases such as Loomis “commu-
nicate to judges that the tools are in fact reliable” (Harvard
Law Review, 2017, p. 1536).

Second, law enforcement and legal professionals may trust
AI more than the general public trusts AI because they have—
on average—higher levels of education or experience. Some
public survey results about AI show that levels of trust vary
by education (Logg et al., 2018; but see Lee & Baykal, 2017;
Thurman et al., 2019). Thus, among a population that has a
higher average level of education than the public, we might
expect to see greater trust in AI.

Third, law enforcement and legal professionals may prefer
advice from AI to humans due to sheer self-interest or self-
preservation, a point made by Zhang (2023). For lawyers who
perceive that AI helps or hurts their clients or their profes-
sional practice, they may express more or less trust in its use.
However, this level of trust may vary by profession, as those
in law enforcement and paralegals may see algorithms as
undermining their traditional role as a key source of advice.
Thus, the use of algorithms may exhibit heterogeneous effects
depending on the category of professional.

Finally, law enforcement and legal professionals may
prefer advice from algorithms to humans because such advice
is viewed as more objective (Gerlich, 2024). For example,
critiques of judicial decision-making argue that judges decide
cases based not only on the law and facts but also on their own
biases (Lynch & Omori, 2018; Wooldredge et al., 2005),
including political preferences (Segal & Spaeth, 2002).
Moreover, the objectivity of judges’ decisions has been
questioned by the correlation between judges’ favorable
rulings and how close it is to lunchtime or even whether their
local football team won a recent game (Chatziathanasiou,
2022).

We investigate our hypothesis with three survey experi-
ments that probe how the law enforcement and legal com-
munity weigh advice received from different AI and human
sources within the context of specific criminal justice sce-
narios. Our survey experiments test whether these profes-
sionals are more likely to use advice from algorithms over
advice from human sources. We follow each experiment with
a text analysis of an open-ended question posed to our re-
spondents that explores their stated trust in the technology.2

2. Sample

For our sample, Surveys USA solicited 1,019 respondents
with experience in the law enforcement and legal fields who
participated in the survey experiment between October 14
and November 12, 2022. There are five categories of re-
spondents: law enforcement, paralegal, lawyer/law student,
judge, and other legal jobs (See, Supplemental Materials,
SM1, for a list of these “other” jobs). Since some of our
respondents have acted in multiple roles during their careers,
these professions sum to over 100. Although all our
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respondents have experience in law enforcement and the law,
it was not possible to narrow this sample further to only legal
professionals who, for example, exclusively practice criminal
justice law.3 We did not screen for experience with algorithms
in their job because interviews conducted prior to the survey
suggested that most legal professionals did not recognize
often-used tools in their practice as algorithms or AI.
Nonetheless, given that few people who work with these
systems in the future will have specialized expertise in how
algorithms work, we believe this provides a useful baseline
for understanding legal professionals’ reactions.

Table 1 shows that our sample is more highly educated,
male, and white than the U.S. general population, although
this skew aligns with the demographics in the legal field more
generally. For example, 82% of our respondents identified as
white and 44.8% identify as female, which is consistent with
demographic breakdowns for legal professionals in the U.S.
According to 2020 data from the American Bar Association,
about 86% of all lawyers identify as “non-Hispanic white”
and women make up about 38% of all lawyers (ABA, 2020).

3. Study 1: Trust in Risk Evaluation

The use of algorithms for estimating the risk of defendant re-
offense for decisions on setting bail, pre-trial detention,
probation, and sentencing is one of the most common and
controversial applications in criminal justice (Fry, 2018,
p. 65). Judges, probation officers, parole boards, and parole
officers must not only make decisions about the severity of
the crime but also the defendant’s probability of recidivism if
released. Defense attorneys, prosecutors, and—to some
extent—the paralegals who work with them use recidivism
forecasting to inform their legal strategy for or against spe-
cific bail amounts and sentence lengths. Correctional facilities
can even consider these forecasts when making decisions
about allocating resources and implementing crime preven-
tion strategies within jails and prisons. The decisions made by
these professionals inherently involve a prediction task about
the likelihood of future recidivism. As a result, these pro-
fessionals usually rely on algorithmic assessments about
defendants’ likelihood of reoffending found in presentencing

investigation reports (PSIs). This use of algorithms to predict
recidivism has defied many legal challenges, as shown by
Loomis and other cases (Michaels, 2024). Because of the
ubiquity and sensitivity of these algorithmic risk evaluations,
they have become a touchstone of many of the debates about
algorithm ethics, bias, and efficacy.

Despite the prevalence of risk assessments based on algo-
rithms, we know little about whether and to what extent law
enforcement and legal professionals trust them enough to in-
corporate them into their practice. Therefore, in ourfirst study,we
explore trust in such algorithms to forecast criminal recidivism.

3.1. Experimental Design

Our design builds on studies by Dressel and Farid (2018) and
Kennedy et al. (2022). Respondents view the profile of a
criminal defendant and predict how likely the defendant will
be to commit another felony within two years. Profiles came
from a database of 2013–2014 pretrial defendant records
from Broward County, Florida, which contains information
on the demographics of the defendant, whether they com-
mitted a felony in the past, and their risk scores from
COMPAS, which assigns scores of 1–10, with 1 indicating
the least risk of re-offense and 10 the highest (Dressel &
Farid, 2018). This public record information was compiled by
ProPublica (Angwin et al., 2016). Although in some cases
decision-makers would have far more detail about each de-
fendant, the amount of information presented in these profiles
is the minimum amount that is commonly provided in re-
cidivism forecasting (for survey item wording examples see
Supplemental Materials, SM2).4 The design of the profiles is
similar to those used by Kennedy et al. (2022), in that we
select 20 random profiles with COMPAS re-offense risk
scores between 3 and 8 to avoid obvious cases and pair them
down by removing extremely unusual profiles or obscure
violations in consultation with a field expert. From there, we
select 8 profiles at random. Using these profiles allows direct
comparisons between the responses of the general public in
previous research and the responses of the legal community in
our research. The defendant profiles read:

The defendant is a [male/female] aged [age]. They have been
charged with [offense]. This crime is a [misdemeanor/felony].
They have been convicted of [number of prior convictions] prior
crimes. They have [number of juvenile felony charges] juvenile
felony charges and [number of juvenile misdemeanor charges]
juvenile misdemeanor charges on their record.

Similar to the COMPAS algorithm, respondents are pro-
vided with the probability that defendants would commit
another crime in the next two years. Dressel and Farid (2018)
used this wording with online respondents (on MTurk) to
achieve similar accuracy to COMPAS.

After submitting forecasts, respondents are shown the
following paragraph, with the source of advice randomized:

Table 1. Summary Demographic Characteristics of Sample.

Respondent Type N Mean St. Dev. Min Max

Law enforcement 1,019 0.294 0.456 0 1
Paralegal 1,019 0.307 0.462 0 1
Lawyer 1,019 0.424 0.494 0 1
Judge 1,019 0.028 0.166 0 1
Other legal job 1,019 0.217 0.412 0 1
Female 1,019 0.448 0.498 0 1
White 1,019 0.820 0.384 0 1
Education 1,019 4.913 1.209 2 6
Party affiliation 986 3.866 1.974 1 7
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A(n) [previous survey of 286 people like yourself/judge with
more than 10 years of experience adjudicating criminal charges
of both adults and minors/algorithm5 developed by computer
scientists and criminal justice researchers, based on a statistical
analysis of thousands of past defendant records], [on average]
rated the defendant as [advice] likely to commit another felony
crime within the next two years. Previously, you forecasted that
the defendant was [Respondents’ previous forecast] likely to
commit another felony crime within the next two years. If you
would like to update your forecast, you can do so now. If not, just
enter the same numbers as you entered previously.

These three sources of advice draw from distinct the-
ories. The public survey represents the “wisdom of the
crowd” (Suroweicki, 2005). Law enforcement and legal
professionals usually receive advice from the public in-
directly, via elections and other forms of public feedback.
The experienced judge represents the role of expertise
(Ozer, 2023). Law enforcement and legal professionals
receive expert advice directly via training. The algorithm
represents AI as a supplement to human decision-making
(Fry, 2018, p. 71; Ramakrishnan et al., 2014; Scharre,
2018). Although discussion of AI as a replacement for
human decision-making abounds (e.g., Chen et al., 2022),
in practice AI generally serves as an aid to human judgment
rather than a replacement. The wording for the three
sources of advice was primarily driven by what we con-
sidered a minimal amount of information decision-makers
would likely have at their disposal. We attempted to avoid
any extraneous wording that might indicate past accuracy.
Treatments differ slightly in terms of their length, but there
is little evidence length independently influences experi-
mental responses (Taber et al., 2009). The forecasts were
the same for all three sources of advice.

For our dependent variable, we calculate two quantities
from the responses (Gino & Moore, 2007; Kennedy et al.,
2022; Logg, 2016; Poursabzi-Sangdeh et al., 2021; Yaniv,
2004). Absolute distance to advice is calculated as |ai – u2i|,
where ai is the advice regarding the probability the defendant
will recidivate and ui is the final respondent forecast after
seeing the advice. Weight of advice is calculated as |u2i
– u1i|÷|ai – u1i|, where ai is the advice related to the defen-
dant’s likelihood of recidivism, u1i is the respondent’s initial
forecast, and u2i is the respondent’s final forecast. Weight of
advice ranges from 0 to 1, where zero means that the legal
professional respondent gave no weight to the advice and
1 means the respondent completely aligned their forecast with
the advice. Both of these measures capture how the re-
spondent’s behavior, i.e., their forecasts, change based on
treatment assignment.

The results are pooled across defendant profiles and re-
spondents. Since we expect heterogeneity on both levels, we
utilize a multilevel problem of the form:

yi ∼ N
�
αi þ βðTreatmentÞ, σ2

�

αi ¼ α0 þ αprofile½i� þ αrespondent½i�

where yi is either the distance from the advice or weight of
advice, αi is the individual intercept, and β is the estimate of
the average treatment effect (ATE). The individual intercept is
a function of the overall intercept, α0, plus the random in-
tercept for the defendant profile and for the respondent.
Because there is no pure control condition, i.e., where no
advice is present, we use the treatment where advice is given
by an experienced judge as the baseline. This baseline is
chosen because judges are the standard decision-makers in
the context of bail or sentencing decisions, and are tasked, by
law, with making these decisions on the basis of such risk
(Barabas, 2020).

In addition to the ATE, we also check how differences in
respondents’ backgrounds might affect their responses. As
noted by Zhang (2023), it is important that studies related to
algorithm trust examine subpopulations of respondents who
are particularly affected by the use of algorithms. As such, we
subset our sample by professional category. We exclude
judges as a category from this analysis because our sample—
much like the general population of law enforcement and
legal professionals—has a small percentage of judges and,
thus, insufficient power to estimate moderation. We then
estimate the average treatment moderation effects (ATME)
using parallel within-treatment regression analysis (Bansak,
2021). This approach has the advantage of causal interpre-
tation, which is absent from conditional average treatment
effects (CATEs) estimated using treatment-by-covariate in-
teractions. In the multilevel situation, this has the form:

yi ∼N
�
α0ikl þ β0Si þ xiyi, σ

2
�

"i : Ti ¼ 0
yj ∼ N

�
α1jkl þ β1Sj þ xjyj, σ

2
�

"j : Tj ¼ 1

where S is the moderator of interest, i is the case where the
value of the treatment is 0, and j is the case where the
treatment is 1. Responses in each model are still modeled as
nested within respondent (k) and scenario (l). The ATME,
δPR, is estimated as δPR = β1 - β0 and the variance of the
ATME is Var(δPR) ∼ Var(β0) + Var(β1).

To better understand our survey results, we also ask re-
spondents an open-ended question following the experiment.
While the experiment details whether respondents alter their
responses in response to various sources of advice, it cannot
explain why respondents may or may not respond to treat-
ments. Open-ended items help uncover respondents’ ratio-
nales and thought processes, as well as shed light on the
distinction between respondents’ stated trust in using algo-
rithms and their behavioral trust. To evaluate these open-
ended responses, we use both structural topic modeling
(STM) and natural language processing (NLP) sentiment
analysis. STM uses unsupervised machine learning to
identify topics within preprocessed text and to assign words
to each topic (for text preprocessing and model details see
Supplemental Materials, SM3). STM then represents the text
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as a vector of proportions showing what fraction of words
belong to each topic and incorporates covariates of interest
into the prior distributions for document-topic proportions
and topic-word distributions (Roberts et al., 2014). We also
use Natural Language Processing (NLP) to uncover the
sentiment expressed by respondents. To do so, we employ
three state-of-the-art methods: (1) Stanza NLP sentiment
analyzer, which uses a convolutional neural network (CNN)
to classify the sentiment of sentences in the responses (Qi
et al., 2020); (2) Valence Aware Dictionary and sEntiment
Reasoner (VADER), which evaluates words within a n-gram
context to determine the valence as well as sentiment (Hutto
& Gilbert, 2014); and (3) TextBlob, which uses the sentiment
of the words in a sentence to develop a sentence score (Loria,
2018). To enhance the performance and robustness of these
methods, we combine them into an ensemble (Zhang & Ma,
2012).

3.2. Findings

Figure 1(a) shows the weight given to advice from all three
sources. Participants give significantly more weight to their
own judgment than advice from any other source, consistent
with prior research (Imai et al., 2023). The vast majority of
respondents, 79%, give less than 50% weight to the advice
provided in the experiment from algorithms, judges, and a
survey of the public (for tabular versions of all results see
Supplemental Materials, SM4). This result is also consistent
with Kennedy et al.’s (2022) findings from a similar experi-
ment on a national sample, where 72% give less than 50%
weight to the advice provided. In particular, legal professionals
are much more likely to trust their own judgment than advice
from a survey of the public (p < .001). More respondents give
50% or more weight to the advice received from the judge than
from the survey of the public, showing there is not much
behavioral trust in the “wisdom of the crowd.”

Of the three sources of advice, respondents gave the most
weight to the advice from the algorithm. This finding is il-
lustrated in Figure 1(b) and (d). In Figure 1(b), respondents’
final forecasts are six points further away from using the advice
when it originates from the survey of the public than when it is
from the judge (p < .001). Forecasts are about 1 point closer to
the advice provided by the algorithm than by the judge, but the
difference is not significant (p > .05). Kennedy et al.’s (2022)
similar experiment on a national sample found a 3.5-point
increase in the distance to advice when it came from the survey
of the public and a 2-point decrease in the distance when the
advice came from an algorithm, and both were statistically
significant (p < .05). Thus, the impact of advice from judges
and algorithms relative to the public survey is greater among
this sample of law enforcement and legal professionals than
among a national sample. However, there is less discrimination
among law enforcement and legal professionals between ad-
vice received from the judge and the algorithm than from the
survey of the public.

In Figure 1(d), which accounts for the respondents’ initial
guess in calculating the weight of advice, respondents give
about 12% more weight to advice from the judge than from
the survey of the public (p < .001). Respondents also give 6%
more weight to the algorithm than to the judge, and this
difference is statistically significant (p < .01). By comparison,
in Kennedy et al.’s (2022) experiment fielded on a national
sample, respondents gave about 7% more weight to the
judge’s advice than to the survey of the public (p < .001) and
6% more weight to the advice from the algorithm than to
advice from the judge (p < .01). In our survey, we find larger
differences between expert and crowd-based sources of ad-
vice among the law enforcement and legal community re-
spondents than Kennedy et al. (2022) found among a national
sample, although the difference between the weight of advice
given by the algorithm and the judge is quite similar in both
samples.

In sum, for both the law enforcement and legal profes-
sionals, advice from algorithms is preferred over advice from
judges, which in turn is preferred over advice from a survey of
the public. However, the results indicate greater differences in
opinion among law enforcement and legal professional re-
spondents regarding advice received from single experts
(judges and algorithms) than advice received from the public
survey. Additionally, Figure 1(c) and (e) demonstrate that the
type of law enforcement or legal background respondents
have makes no significant difference in the results. Thus, our
first experiment finds no detectable differences based on
particular professional categories.

To explore the relationship between stated trust and be-
havioral trust and to determine the rationale behind re-
spondents’ answers in the experiment, our open-ended
question directly following the first experiment asks re-
spondents: “Can you please elaborate on why you did or did
not trust the [survey’s/judge’s/algorithm’s] advice?” Our
topic analysis of this open-ended question uncovers two
topics, of which the highest word probabilities are presented
in Figure 2(a).

Topic one is cited more frequently by respondents in the
judge’s treatment group (Figure 2(b)). It includes not only the
term “algorithm” but also “trust.” The concurrence of these
two terms occurs frequently in the open-ended text questions,
as respondents decide whether to trust algorithmic decision-
making. One oft-stated comment is that it is hard to trust the
advice of an algorithm without a better understanding of its
architecture and training. For example, one respondent said,
“I never completely trust computer algorithms, What data
base? How did they create it?” Another frequently expressed
concern is that an algorithm cannot possibly predict the often-
irrational behavior of people. This concern was noted by a
respondent who indicated that “I would not trust an algorithm
to predict irrational human behavior like the decision to
commit a crime.” The overall results from the structural topic
model underscore the experimental findings that respondents
generally trust their own experience first and foremost, e.g., “I
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trust my experience more than an algorithm.” Advice from
other sources, including algorithms, is afforded less weight.

For the second topic, “crime” is the word mentioned most
frequently, followed by “people.” When we incorporate the
treatment group to which each respondent is assigned as our
covariate of interest, we find that this first topic is more highly
cited by respondents who received advice from the survey,
than from other sources (Figure 2(b)). Two other terms of note
in this first topic are “think” and “see,” which speak to re-
spondents’ tendency to weigh their own beliefs higher than
any other source. Respondents usually attribute their confi-
dence in their own judgment based on the length of time they
have worked in the criminal justice system, even indicating
the number of years they have worked in their profession. For
example, one respondent in the treatment group that received
advice from an experienced judge, states: “I have practiced
law for almost 40 years… We have a current district judge
who was in diapers when I passed the bar. I have more
experience and I believe better judgment then [sic] many of
them.”

Figure 2(c) depicts the sentiment expressed about each
source of advice. The results indicate that respondents

express slightly more positive sentiment toward advice re-
ceived from an algorithm than from either a survey of the
public or a judge (χ2 = 16.095; p = .041). Although re-
spondents’ opinions about algorithms run the gamut from
completely trusting to fully rejecting the algorithm’s pre-
dictions about human behavior, most legal professional re-
spondents express moderate skepticism about the algorithm’s
recommendations, generally trusting their own judgment
above that of the algorithm, while simultaneously exhibiting
slightly higher trust in an algorithm than in other sources of
advice.

Looking at these responses, the importance of analyzing
behavior and stated trust separately becomes apparent. The
open-ended responses show that respondents have mixed
feelings of trust and mistrust, with the algorithm receiving
both the most positive and the most negative assessments of
all the sources of advice. In contrast, the experiment dem-
onstrates that despite stated misgivings, respondents are more
likely to incorporate advice from an algorithm into their
decision-making than from any other source. This disconnect
between stated and behavioral trust is very apparent when we
home in on the responses of individuals in our sample. For

Figure 1. Behavioral trust in risk evaluation sources. Figures show the results across eight scenarios for all 1,019 respondents. Figure 1(a)
shows the distribution of the weight of advice for each treatment condition, broken down by whether the respondent in the scenario gave
more or less than 50%weight to advice from the various treatment sources. Figure 1(b) shows the results of the multilevel model on absolute
distance from advice, with the judge’s advice as the baseline source (the dotted zero line). ATE and standard errors are calculated across
1000 simulated draws from the coefficient distribution. Figure 1(c) shows the ATME of law enforcement and legal professional categories,
estimated through parallel regression. Figure 1(d) shows the results of the multilevel model for the weight of advice, with the judge as the
baseline condition. Figure 1(e) shows the parallel regression estimates of ATME for weight of advice.
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example, one respondent stated, “I didn’t trust the algorithm’s
advice because I have no idea what it’s calculating,” but in the
experiment gave 4.5% more weight to the algorithm’s rec-
ommendations than other advice sources. Another said that
they “do not think [the algorithm’s forecasts] are right,” but
gave them 29% more weight than average in their final
decisions. Still another said that “Algorithms aren’t super
reliable for human behaviors,” but completely changed their
initial predictions in the experiment to match the algorithm’s,
giving the algorithm’s advice 57% more weight than the
average respondent in this treatment condition. Conversely,
two respondents stated, “I mostly trusted the algorithm” and
“I trusted all of it,” yet these respondents gave 10% less
weight to the algorithm’s advice than the average respondent
in our experiment. Another said that “Algorithms are good”
but gave no weight to the algorithm’s forecasts whatsoever,
saying they went with their “previous experience within the
judicial system.” Our experimental results and open-ended
responses underscore the disconnect between individuals’

stated trust in algorithms and their behavioral trust in the use
of algorithms in practice, an important—but often ignored—
distinction.

Intriguingly, we find that the few respondents who state
they do trust algorithms do so for a single, major reason:
algorithms are accurate. Along this vein, respondents stated:
“I trust it because it is logical and clear; ” “I was able to trust
the algorithm’s advice because of the statistical analysis
which had been performed;” and “I trusted the algorithms
advice more than my own hypotheses, since the algorithm can
take in a great amount of data and analyze it for patterns and
probabilities.” Some respondents noted the accuracy of al-
gorithms in comparison to their own human judgement: “i
work around inmates who constantly come to jail for different
crimes and from what i have seen is why i did trust the al-
gorithm’s advice.” Some also believed that algorithms are
more accurate than their own judgment, making statements
such as “My responses, before the algorithm advice, was
100% subjective. The algorithm, I assume, is reasonably

Figure 2. Text analysis of open-ended evaluations of source of advice. Figure 2(a) shows the results of topic modeling. Figure 2(b) shows the
differences in topic mentions among treatments or advice sources. Figure 2(c) shows an ensemble sentiment analysis of responses regarding
the sources of advice.
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objective. I trust expert opinion more than my own guess.”
This belief that algorithms are at least as accurate, if not more
so, than human judgment forms the basis of trust in their use.

4. Study 2: Trust in Facial Recognition

The use of facial recognition for the identification of criminals
is another controversial use of AI (Van Noorden, 2020).
Algorithms may produce inaccurate facial recognition, which
has led to individuals being falsely accused and convicted and
has raised a myriad of worries regarding its misuse (Fry,
2018; Hill, 2020; Responsible AI Collaborative, 2024).

Despite concerns regarding the accuracy of facial recognition
algorithms, its use in criminal investigations is growing. Facial
recognition software is now available to law enforcement in nearly
every U.S. state, and it is estimated that images of about 50% of
U.S. adults are in the facial recognition databases used by these
programs (Responsible AI Collaborative, 2024). This technology
has even expanded to composite usewith otherAI technologies. A
recent investigation revealed that in 2017, detectives in Northern
California constructed a face from DNA found at the scene of a
crime and then ran the generated face through facial recognition
software (Mehotra, 2024). While this instance is the first known
use of this composite technology, reporting by Wired found that
law enforcement representatives were largely open to this novel
usage, despite the lack of evidence of its efficacy.

The alternatives to facial recognition, however, are also
generally not considered reliable. Humans have highly so-
phisticated abilities to recognize faces, yet eyewitness identi-
fication is often not considered trustworthy (O’Neill Shermer,
Rose, &Hoffman, 2011). Having eyewitnesses identify suspects
by looking through mugshots is considered problematic since
participants feel they need to positively identify at least one of
the pictures (Wells, 1988). Anonymous tips, though often
sought by police, can be even less reliable and are usually only
allowed for evidentiary searches when there is additional cor-
roboration or include significant verifiable details (Bates, 2000).

In this second study, we test law enforcement and legal
professionals’ trust of facial recognition software versus other
types of human identification for supporting the issuance of a
warrant to search a suspect’s home. Even though law en-
forcement officials are usually the professionals who directly
use facial recognition technology, legal professionals, such as
lawyers and paralegals advise their clients about its use, and
judges must decide whether to trust the advice of this
technology when determining whether to issue a warrant.
Because facial recognition technology informs the work of
various categories of law enforcement and legal profes-
sionals, it is important to understand their behavioral and
stated trust in its recommendations.

4.1. Design

To evaluate the degree to which respondents trust facial
recognition versus other standard sources to identify a

suspect, we provide respondents with the following scenario,
randomizing the source of suspect identification:

Investigators have gone to a court requesting a warrant to search
the home where a suspect in a robbery investigation lives. Put
yourself in place of the judge, and answer how likely you would
be to issue this warrant. [An anonymous informant saw sur-
veillance footage of the crime on TV/An eyewitness to the crime
looked through a book of mugshots/A facial recognition program
evaluated surveillance footage of the crime] and says they are
75% (probable) sure they recognize the suspect. Investigators
believe the suspect resides at the address for which they want the
warrant. If you were the judge, how likely would you be to agree
to issue the search warrant?

Respondents rate their likelihood of issuing this warrant
on a five-point scale from “extremely unlikely” to “extremely
likely.” This rating is normalized to range from 0 to 1 so that
the resulting analysis estimates the proportion change in
support on this scale. Here again, instead of measuring trust in
terms of stated trust, we measure how their behavior on this
question changes with assigned treatment condition.

Since this is a single vignette, estimation of the average
treatment effect (ATE) can be done using ordinary least
squares (OLS) regression with the treatments entered as
dummy variables (Gerber & Green, 2012). We set the
anonymous informant as the baseline since it is generally
considered the least reliable of the human sources of iden-
tification and provides the closest human analogue to a facial
recognition program using similar input data. As with Study
1, we test for moderation by the respondents’ professional
category using parallel regression.

4.2. Results

Regardless of the source of advice, respondents were gen-
erally split on issuing a warrant. About 42% said they were
unlikely or very unlikely to issue a warrant, while about 48%
said they were likely or very likely to issue a warrant. Figure 3
displays the results comparing sources of identification, with
Figure 3(a) showing the ATE estimates. The identification by
the anonymous informant is the least persuasive source. Both
facial recognition and eyewitness identification generate
greater support for issuing a warrant (p < .05). For both facial
recognition and eyewitness identification, there is about 5%
higher support for issuing the warrant. The results do not
show, however, a significant difference between advice from
the eyewitness and the facial recognition technology’s
identification—the coefficients are nearly identical. This
finding suggests that facial recognition technology is as
trusted as eyewitness identification—a source that, while
problematic, is generally likely to result in a warrant being
issued.

Figure 3(b) shows once again that there is not a significant
difference in treatment effects among respondents with
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Figure 3. Support for issuing warrants based on different sources of suspect identification. Figures show results from the suspect
identification scenario across all 1,019 participants. Figure 3(a) shows the ATE estimated by an OLS regression on support for issuing a
warrant with the informant who identified the suspect from a video as the baseline (dotted zero line). Figure 3(b) shows the ATME estimates,
done by parallel regression, for different legal backgrounds.

Figure 4. Text analysis of open-ended evaluations of witness identification sources. Figure 4(a) shows the results of topic modeling.
Figure 4(b) shows the differences in topic mentions between treatment arms. Figure 4(c) shows the differences in topic mentions by
treatment arms and by respondents’ likelihood of issuing a search warrant. Figure 4(d) shows an ensemble sentiment rating in responses
about the sources of identification.
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different professional backgrounds. The closest to a statis-
tically significant difference in effect is between lawyers and
paralegals with regards to facial recognition—lawyers seem
to be somewhat more likely to use facial recognition
identification—but this does not reach conventional levels of
significance, so we cannot reject the null hypothesis.

As with Study 1, we use text analysis of an open-ended
question following the experiment, asking respondents “Why
did you think the [source]’s information was sufficient or
insufficient to issue a warrant?” The results of the textual
analysis are displayed in Figure 4. The STM identifies three
topics. The frequent terms used in Topic 1 reveal doubts about
the ability of the source to correctly identify the suspect, the
terms in Topic 2 indicate greater confidence, and the terms in
Topic 3 demonstrate conflicting opinions or uncertainties
regarding the reliability or accuracy of the source’s judgment.
The STM suggests differences in the qualitative responses
given by respondents (Figure 4(a)) and depending upon their
treatment group (Figure 4(b)). Respondents in the facial
recognition group are slightly less likely to cite Topic
1 words, such as they “need” more “evidence” to be “sure”
about whether to issue a warrant and much less likely to cite
Topic 2 words, indicating respondents in this group are less
likely to believe there is “good” “probable” “cause” to issue a
“search” “warrant.” In contrast, individuals in the facial
recognition group are more likely to use Topic 3 words, which
indicate ambiguity, such as “sufficient” and “insufficient”
“information.” An interaction of these topics with treatment
groups and the experiment’s dependent variable finds that
respondents in the informant and facial recognition group
who cite Topic 2 frequently are most likely to issue a warrant
(Figure 4(c)). Notably, despite the hemming and hawing over
confidence in facial recognition, respondents in this experi-
mental group who cite Topic 3 frequently are highly likely to
issue a warrant. This finding suggests that while respondents
voice some doubts about the ability of facial recognition
software to correctly recognize a suspect, they are still willing
to place their trust in the software. The ensemble NLP
(Figure 4(d)) analysis bolsters this interpretation, finding no
major differences among the sentiments expressed towards
the various sources.

Some open-ended responses suggest that a portion of the
individuals receiving the facial recognition treatment think
that the current software is reliable. Examples of this per-
spective include: “facial recognition don’t lie,” “It [facial
recognition] is more accurate than a person,” “Because facial
recognition works,” “Facial recognition technology is in-
sanely good now,” and facial recognition is “hard to beat.”
Even respondents who expressed doubts, however, still said
they were likely to issue a warrant. Respondents who made
statements like “I would want something more,” “not until it’s
efficient,” and “I don’t trust the data. It can be biased on race”
still indicated they were likely to issue the warrant based on
facial recognition software—the same as most of the more
supportive responses above.

5. Study 3: Trust in Sentencing Guidance

For our final study, we evaluate the degree to which law
enforcement and legal professionals trust advice from al-
gorithms regarding the length of sentencing of defendants.
This study differs from the evaluation of recidivism risk in
Study 1 and the issuance of a warrant in Study 2, as it involves
advice on punishment after a final judgment of culpability has
been reached, as opposed to forecasting and identification.
Placed in the context of Agrawal et al.’s (2018) dichotomy
between forecasting and judgment, this experiment places the
evaluation of the algorithms in a qualitatively different
context. It also differs from our other experimental treatments
in that this AI technology has been developed but is not yet
deployed in the criminal justice system. Considering the pace
at which AI is being introduced into pre-existing processes in
the criminal justice system, we believe it is important to
explore whether law enforcement and legal professionals are
willing to trust new technological innovations that impact
their work.

We choose the context of AI recommendations for
criminal sentence lengths for several reasons. First, although
our respondents are unlikely to have encountered AI sen-
tencing recommendations, it is likely they will do so in the
not-too-distant future. The National Science Foundation has
funded research on the use of AI to recommend specific
lengths of federal criminal sentences (Brown, Pezewski, &
Straub, 2021). As the current federal sentencing guidelines
already operate as an algorithm, albeit one that does not use
AI, the incorporation of AI into sentencing is not farfetched.
Indeed, several nations are currently experimenting with
algorithms that recommend sentence lengths: Malaysia has
piloted the use of an algorithm to recommend sentence
lengths for rape and drug convictions (Chandran, 2022) and
New Zealand is exploring the use of an algorithm to rec-
ommend sentences for assault offenses (Rodger et al., 2023).
Second, this context is comparable to that of recidivism
predictions and facial recognition in that it is likely to provoke
controversy, as any potential biases in the algorithm can
conceivably heighten demographic disparities in outcomes
among defendants. Third, research finds that a representative
sample of the American public trusts sentencing decisions by
AI to the same degree that they trust lower-stakes decisions,
such as the issuance of consumer refunds (Chen et al., 2022).
Assessing whether American law enforcement and legal
professionals would similarly trust this novel technology
allows us to forecast whether this subpopulation would be
likely to adopt it—and other new and potentially contro-
versial uses of AI—into their professional decision-making.

5.1. Design

Like Study 2, this third study uses a single vignette. The
respondents are first provided with a scenario of a defendant
entering a guilty plea. The respondents are then given state
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sentencing guidelines for the crime and are advised by a
randomized source that the defendant should receive a lower
sentence. The base group is advice from the probation officer
since this source of advice is often required for sentencing
evaluation in large counties, providing a realistic baseline for
evaluation. The crime, sentencing guidelines, and recom-
mendations are structured along actual guidelines and sce-
narios studied in previous work (Tiede, 2007, 2009). The
wording is as follows:

A defendant has entered a guilty plea to conspiracy to transport a
controlled substance (cocaine). The defendant has no past
criminal history and the defendant accepted responsibility for this
crime. The state’s sentencing guidelines suggest a range between
5 and 15 years, although the judge has discretion to go below or
above this range. [The prosecutors in the case/A judge with more
than 10 years experience who evaluated the case/An algorithm
developed by judges and computer scientists evaluated the case
and/A probation officer who evaluated the case] suggested that
the defendant was low risk for recidivating and recommended a
2-year sentence. How long would you sentence the defendant to
prison?

Respondents could choose a sentence between 1 and 20
years. The absolute value between the sentence chosen and
the advice provided serves as the dependent variable. As
before, this measure is normalized between 0 and 1 so that
results can be interpreted as the proportionate change in the
distance from advice. As with the other experiments, the goal
is to see how the respondent’s response to this outcome
question changes with the treatment condition, rather than
asking directly about trust. Since this study—like Study 2—is
a single vignette, analysis of the ATE is calculated using
standard OLS regression. Analysis of moderation by legal

experience is done using parallel regression. We again follow
our experimental results with textual analysis of respondents’
answers to an open-ended question.

5.2. Results

Results suggest that views of algorithms relative to other
sources of advice differ when it comes to recommending a
sentence, even though this task involves evaluation of risk,
for which respondents showed a relatively high level of trust
in algorithm-generated advice in Studies 1 and 2. Figure 5(a)
shows no statistical difference between advice from the
probation officer and the prosecutor. For both types of advice,
respondents gave nearly identical sentences and were closer
to the advice from these sources than from other sources. In
contrast, when the judge provides the advice, respondents’
sentences are generally higher and further away from the
advice. This difference is statistically significant, at least
when compared to the probation officer baseline. The dis-
tance from the algorithm’s advice is also significantly higher
than the distance from the probation officer’s advice, though
it is quite like the sentences given under the judge condition.
Figure 5(b) shows that there is not significant moderation by
the respondent’s legal background.

There are several possible explanations for this result.
First, similar to the distinction suggested by Agrawal et al.
(2018), legal professional respondents’ trust in algorithms for
making forecasts and giving probability estimates may not
carry over to the making of judgments themselves. Second,
the prosecutor and probation officer may have been seen as
adversarial sources, such that their recommendation for
lighter sentences carries more weight under the “value of
biased information” (Calvert, 1985). Third, as the use of AI to
recommend sentence lengths is not yet standard in the

Figure 5. Distance from proposed sentence based on source of advice. Figures show the results from the sentencing scenario across all
1,019 participants, based on the source of the sentencing advice (probation officer, prosecutor, judge, and algorithm). Figure 5(a) shows the
ATE of distance from the advice with the probation officer as the baseline category (the dotted line at zero). Figure 5(b) shows the ATME
estimates, done by parallel regression, for different legal backgrounds.
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American criminal justice system, respondents may remain
more skeptical of its accuracy and fairness.

An analysis of responses to an open-ended question also
reveals skepticism as to the use of algorithms as a source of
advice in sentencing. In this open-ended question (Figure 6),
we ask respondents for the basis of their sentencing decisions.
Topic modeling (Figure 6(a)) finds that most respondents rely

on the facts of the case, defendants’ willingness to take
“responsibility” for their actions, and the “risk” of recidivism
(Topic 1). However, respondents also rely on sentencing
“recommendation[s],” especially those made by “probation”
officers and “judge[s].” Respondents also refer to the de-
fendant’s “history” and “prior” offenses; and sentencing
“guidelines,”which are all conventional factors of sentencing

Figure 7. Text analysis of open-ended evaluations of algorithms increasing use in sentencing and bail decisions. Figure 7(a) shows the results
of topic modeling. Figure 7(b) shows the differences in topic mentions by varying legal occupations. Figure 7(c) shows an ensemble
sentiment rating of respondents’ opinions about algorithms.

Figure 6. Text analysis of open-ended evaluations of sources of sentencing advice. Figure 6(a) shows the results of topic modeling. Figure 6(b)
shows the differences in topic mentions between treatment arms.
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(Topic 1). Additionally, respondents are likely to vary the
“time” they recommend according to the defendant’s use of
“drug[s]”, particularly “cocaine.” Respondents rarely men-
tion algorithms in these responses and their references to
these topics do not differ significantly between treatment
groups (Figure 6(b)).

At the conclusion of our experiments and subsequent
open-ended question, we seek to establish a baseline attitude
among our sample towards the use of AI in the criminal
justice system. To do so, we ask all members of our sample to
comment on the trend that “algorithms are increasingly being
used to advise on sentencing and bail decisions” (Figure 7).
Our results show that many respondents express concern that
algorithms are not as “good” as “human[s]” in weighing
“factors” and “think[ing],” although they acknowledge that
algorithms can be “helpful” (Figure 7(a), Topic 2). We also
find that respondents express more negative sentiment to-
wards the involvement of algorithms in the criminal justice
system than positive sentiment (Figure 7(b)) with no sig-
nificant difference among legal professionals of different
types (Figure 7(b) and (c)). Respondents argue that algo-
rithms miss the human element, with one respondent stating
that the algorithms in sentencing are “just another tool to use
but should not replace our human intuition or empathy.” This
skepticism toward using AI in sentencing mirrors historical
criticisms invoked when federal and state sentencing
guidelines were first introduced in the United States in the
mid-1980s, a more rudimentary type of algorithm itself.
Criticisms at that time focused on the ills of replacing human
discretion with formulaic sentencing guidelines (Tiede, 2007,
2009). This stated criticism did not stop the incorporation of
algorithms in federal sentencing guidelines then, and our
results suggest it is not likely to halt the proliferation of AI
throughout the criminal justice system now.

6. Conclusion

As hundreds of thousands of criminal cases are currently
impacted by the use of algorithms in the United States and as
the use of AI in other areas of legal decision-making is likely
to expand, research into the attitudes of professionals most
likely to deploy this technology is important. The decisions in
these cases not only influence individual litigants but also
public trust in law enforcement and the courts. Legal deci-
sions involve a tremendous amount of discretion delegated to
public officials, such as police, prosecutors, public defenders,
and judges. Increasingly, portions of this decision-making are
being delegated to machines that employ powerful algo-
rithms. Our results suggest that law enforcement and legal
professionals may accept the encroachment of AI on their
responsibilities as it becomes more routinely used and en-
dorsed by courts.

Our studies seek to understand not only whether legal
professionals express trust in algorithms, but whether they are
willing to use them in practice compared to advice received

from other human sources. Unlike other studies, we conduct
our survey experiments exclusively with law enforcement
and legal professionals, engaging their expertise and expe-
rience in evaluating factual cases found within the criminal
justice system. Our study is one of the first to compare the
willingness of law enforcement and legal professionals to
incorporate advice received from algorithms to that of other
human sources.

In our first experiment on forecasting recidivism, law
enforcement and legal professionals generally value their
own experience to make judgments about the factual sce-
narios provided, confirming past research that finds a bias
towards trust in one’s own judgment. Additionally, respon-
dents value advice received from an algorithm somewhat
over that of a judge, and far more so than advice from a survey
of the public. Text analysis of responses to an open-ended
survey question reveals that respondents’ opinions are
grounded in both their own judgment and the facts of the case,
including information about the defendants, while expressing
mixed sentiment towards algorithm advice.

In the second experiment, legal respondents value facial
recognition and eyewitness identification for the justification
of a warrant more than an anonymous informant. This result,
as with the result of the first experiment, does not reveal
algorithm aversion. In fact, our respondents equally value
identification from facial recognition as much as from an
eyewitness. The open-ended responses provide a more
tempered approach to AI deployment, however, as some
respondents express concerns that facial recognition may be
biased.

In the third experiment, law enforcement and legal pro-
fessionals value advice from a judge and an algorithm
equally, but to a lesser degree than advice from a probation
officer or prosecutor. Although respondents do incorporate
advice from the algorithm into their sentencing recommen-
dations to the same extent that they incorporate advice from
an experienced judge, they simultaneously express concern
that algorithms are not sensitive enough to evaluate indi-
vidual circumstances in decisions concerning the imprison-
ment of defendants and suggest that sentencing
determinations need human input. This same concern about
missing the “human element” in sentencing is similar to
concerns raised when sentencing guidelines were introduced
at the federal and state level in the 1980s and 1990s, which
took discretion away from judges. Respondents also, how-
ever, expressed appreciation for the objectivity with which an
algorithm might calculate criminal sentences as opposed to
the subjective and possibly biased calculations by judges.
Again, this justification for using algorithms was also present
in the debates advocating the introduction of sentencing
guidelines in the past.

Overall, these results indicate that in some circumstances
where the use of algorithms is already commonplace, law
enforcement and legal professionals do not exhibit algorithm
aversion and, instead, demonstrate a willingness to rely upon
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advice given by algorithms. These professionals do, however,
remain skeptical of novel uses for AI in the criminal justice
system. The same reasons given for this skepticism, however,
are also expressed about more commonly used AI technology
that respondents arewilling to incorporate into their work. Fears
about algorithms’ accuracy, bias, opacity, and lack of humanity
undergird distrust in the use of AI in commonplace scenarios in
the criminal justice system, such as predictions of recidivism risk
and facial recognition, as well as novel ones, such as sentence
length recommendations. As the use of AI becomes more
widespread throughout the legal system, we should expect it to
be increasingly embraced in practice, if not in principle.

A limitation of our sample is that it is not comprised
exclusively of criminal justice professionals who are likely to
incorporate AI into their daily workloads, such as detectives
and judges. We recommend that future research works within
this narrower sampling frame if possible. Our work is also
limited by its experimental design. Future work should test
the robustness of these findings by comparing them to ob-
servational data on the actual incorporation of algorithms into
the work of legal and criminal justice professionals. Finally,
we encourage researchers to explore this topic in countries
outside the U.S. to examine whether these findings hold true
across different populations, ensuring that the results are not
simply a cultural artifact specific to American society.

Despite the lack of algorithm aversion, legal professionals
in our sample place significant weight on their own judgment
and demonstrate a nuanced understanding of AI, including
awareness of its potential for unethical behavior. These
findings suggest that while law enforcement and legal pro-
fessionals may not blindly adopt AI into their work, they are
unlikely to allow it to fully replace human decision-making. If
these professionals value both their expertise and the ob-
jectivity AI offers, there is potential for AI to enhance legal
decision-making—provided concerns about injustice and
bias are carefully addressed. However, as this research in-
dicates, even when individuals acknowledge the ethical risks
of AI, they may still rely on it for guidance in critical de-
cisions. Therefore, policymakers must recognize that tech-
nical and legal guidelines are essential to ensure the ethical
and just use of AI in the criminal justice system, even if
professionals express awareness of its potential ethical
pitfalls.
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Notes

1. Definitions of what counts as artificial intelligence (AI) or not can
be very tricky. Russell and Norvig (2010, p. viii) define the field
of AI as “the study of agents that receive precepts from the
environment and take actions.” This is quite broad and includes
everything from statistical forecasting models and expert systems
to generative AI. The main problem being that there is no
agreed-upon definition of what counts as “intelligence.” This has
led to a joke amongst engineers that, “Whatever we had yesterday
is not AI. Whatever we developed today is.” As a result, we use
the terms “algorithm” and “AI” interchangeably.

2. This research was approved by the Institutional Review Board or
Committee for the Protection of Human Subjects (CPHS) at the
University of Houston, and the authors certify that the study was
performed in accordance with the ethical standards laid down in
the 1964 Declaration of Helsinki and its later amendments.

3. We explored the possibility of conducting more focused surveys
on particular subgroups, but found doing so to be prohibitively
expensive. We also considered focusing on those who had some
interaction with algorithmic decision-making systems. As dis-
cussed, there is little indication that these decisions affected the
results, given the lack of heterogeneity in responses.

4. In Dressel and Farid (2018), this set was sufficient for workers on
Amazon’s Mechanical Turk (MTurk) to achieve equivalent ac-
curacy to the COMPAS recidivism risk algorithm.

5. In our vignettes, we default to the term algorithm or computer
program due to the difficulties of defining AI as mentioned in
footnote 1. Previous studies have used this term as individuals are
more able to identify the term algorithms as opposed to AI (Logg,
2016). This delineation also provides consistency with other
social science literature.
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