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The Effect of Race, Gender and Priming on LLMs’ Conviction Predications

ABSTRACT:

Large Language Models (LLMSs) could help overcome fundamental shortcomings in justice systems, by enhancing
access to justice, supporting legal professionals, and ultimately promoting fairness and efficiency across legal
frameworks. The hope that LLMs could improve judicial processes is tempered by concerns over Al fairness, with
evidence of LLMs echoing biases deeply embedded in human cognition. This study audits the performance of two
LLMs in the legal domain, specifically evaluating how a defendant's race and gender influence conviction predictions.
It further tests models’ sensitivity to implicit biases, measuring explicit versus implicit racial conditions using
suggestive names, as well as the priming effect in Al, by introducing positive or negative context before the main
prompt. We present findings from an experiment (N=17,324) in which we asked OpenAI’s GPT-4 and 40 to predict
conviction probabilities on a scale from 0% to 100%. Our overall 45 prompts were designed around a hypothetical
criminal case scenario that had been used in prior studies with human judges, where we manipulated defendant
attributes across a 3(gender) x 5(race) x 3(priming) experimental design. Our results demonstrate a small yet
systematic influence of race and a clear priming effect in both tested models. Findings point to progressive bias,
suggesting that both models may have undergone algorithmic debiasing.

Keywords: Artificial intelligence (Al), Large Language Model (LLM), priming effect, algorithmic fairness, Al bias,
Bias auditing.



INTRODUCTION

The potential of Large Language Models (LLMs) continues to unfold, with Al applications being increasingly
integrated into specialized fields, including high-stakes domains such as healthcare, human resources, and social
welfare. LLMs are poised to disrupt the legal sector by automating and streamlining traditional legal tasks, such as
legal research (Armour et al., 2022; Susskind & Susskind, 2023), as well as performing advanced and emergent tasks
like case analytics and determining the scope of copyrights (Hacohen & Elkin-Koren, 2024). LLMs are anticipated to
enhance justice systems’ fairness, efficiency and broaden access to justice. Specifically in the context of dispute
resolution and judicial decision-making, LLMs offer promise in augmenting decision quality by expanding the
constraints of human ‘limited remedial imaginations’ (Menkel-Meadow, 1996) guiding and channeling judicial
discretion, and potentially mitigating biases deeply rooted in human cognition. For example, LLMs’ ability to identify
underlying patterns in judicial opinions (Rice, 2019), presents an opportunity to uncover detrimental social trends and
steer judicial discretion toward more equitable and informed decision-making. The use of algorithms to guide the
discretion of legal experts is not new. A notable example is the Correctional Offender Management Profiling for
Alternative Sanctions (COMPAS) tool used by courts in the United States to determine risk of reoffending and make
pretrial release decisions.

Despite their transformative potential, LLMSs raise significant ethical, social, and regulatory challenges. Among these
concerns, Al bias stands out, alongside privacy risks such leakage of protected data, the spread of misinformation and
hallucinations, and legal issues, such as copyright infringements associated with models’ training and deployment
(Bender et al., 2021; Weidinger et al., 2022). Such concerns stress the need to constantly measure and evaluate LLMs
to mitigate risks that could lead to significant harms. Of those risks, this paper focuses on algorithmic biases. Al bias
refers to systematic errors in LLM models that result in unfair outputs, affecting certain groups, often protected
minorities (Angwin et al., 2016). Al biases have been heavily studied and found to result from various sources,
including biased training data, flawed algorithms, or inappropriate model design (Barocas & Selbst, 2016; Mehrabi et
al. 2021). Al bias has also been studied as algorithmic fairness, commonly understood as equalizing error rates across
groups within the population, or alternatively, eliminating the impact of protected attributes on LLM predictions
(Corbett-Davies et al., 2023). In the judicial context, Al biases have been extensively explored from both a theoretical
and normative perspective (Barocas & Selbst, 2016; Chander, 2017; Abu-Elyounes, 2020; Zarsky, 2016; Citron, 2007)
but less from an empirical perspective. Some empirical scholarly research has focused on assessing LLMs
performances broadly, not necessarily relating to biases. This line of research demonstrates the competency of LLMs
across a wide array of legal-tasks, including preparing legal questions or complaints in securities cryptocurrency class
action lawsuits (Trozze et al. 2024), assisting in drafting legal papers (Perlman, 2022), and exhibiting legal reasoning
capabilities (Guha et al., 2023).

Algorithmic fairness in the legal domain—particularly testing LLMs and whether they are skewed towards certain
groups in the context of criminal justice—remains empirically underexplored. Moreover, the limited work that has been
done in this field predominantly focused on less advanced algorithms, and on explicit biases derived from physical
cues (Angwin et al., 2016), rather than implicit or latent cognitive effects such as names or priming. This paper, OSF
preregistration: https://osf.io/zc42x asks to fill that void. Specifically, we investigate LLMs performance in the
criminal justice domain and examine models’ sensitivity to race and gender in predicting conviction probabilities.
Additionally, we examine the impact of priming Al on conviction predictions, namely, how does feeding the model
with additional information prior to the main prompt, with either negative or positive information concerning the US-
Black population, impacts predictions. We utilize a 3(gender) x 5(race) x 3(priming) factorial design and compare
performance by ChatGPT-4 and 40 models. We manipulated defendant’ gender (Male, Female, none) and race (Black,
White, explicit, implicit, none) and included three priming conditions: negative, positive and no prior information.
Overall, our study employs 45 prompt scenarios (N=17,324) among GPT-4 (n= 8,505) and GPT-40 (n= 8,819), that
are based on a criminal case hypothetical developed by Sommers and Ellsworth (2001) and Rachlinski (2009). Our
findings underscore the necessity of addressing algorithmic biases in the legal domain, and contribute to the broader
discourse on the ethical deployment of LLMs in high-stake decision-making realms.

PRIOR WORK

LLMs’ Biases


https://osf.io/zc42x

In machine learning, bias refers to pre-existing information, that serves as a prerequisite for intelligence (Bishop,
2006). The detrimental effects of Al bias manifest as systematic errors leading to unfair or prejudiced predictions
against certain groups. In coining the phrase that “algorithm is only as good as the data it works with” Barocas &
Selbst (2016) identify several sources of Al bias, including unbalanced or biased training data, miss-labeling,
algorithm’s design, and use of proxies. Indeed, despite their immense potential, one of the alarming features of LLMs
is that they echo preexisting socioeconomic, racial and gender disparities inherited from their training data, algorithmic
errors or semantics, possibly amplifying these biases given the models’ impartial fagade. Research on algorithmic
biases dates back to as early as 1950, when a centralized system for medical residency assignment discriminated
against couples who wished to stay geographically close (Barocas et al., 2023). More current examples of Al bias are
widespread and include for instance, algorithms sensitivity to visual cues, such as the effect of attire on human-
resources-related (HR) algorithms (Harlan & Schnuck, 2021). Particularly with regard to gender and racial biases
which are the focal point of this study, several known example of biases are job opportunity ad optimization algorithms
that was found to operate in a gender-discriminatory manner (despite being designed to be gender-neutral) (Lambrecht
& Tucker, 2019) and facial recognition systems discriminating against certain genders and skin tones (Buolamwini
& Gebru, 2018). Among studies of algorithmic fairness, some specifically examine Al performance in tools assisting
expert decision-making. For example, medical diagnosis application was found to exhibit racial bias (Obermeyer et
al., 2019) and a credit decision algorithm was found to discriminate against women (Knight, 2019). One prime
example of Al bias in the legal domain is COMPAS tool used by courts in the United States to determine risk of
reoffending and make pretrial release decisions. Notably, the tool was found to discriminate against African-
Americans, i.e., assigning greater risk of recidivism to African-American compared with Caucasian offenders
(Angwin et al. 2016).

LLMs’ (implicit) Biases

Whereas mitigating biases arising from explicit consideration of sensitive characteristics is relatively straightforward,
identifying and addressing biases stemming from implicit effects is a harder task. Scholarly research on algorithmic
bias suggests that errors, or failures of large language models, can mirror human cognitive biases in subtle ways (Jones
& Steinhardt, 2022). In their seminal work, Caliskan et al. (2017) demonstrate that much of these effects are rooted in
the semantics derived automatically by Al through the application of word embedding techniques. Authors argue that,
by exposing Al models to human language — thus, human knowledge — the model inevitably inherit human-like
prejudices embedded in language. Their research, involving word representation algorithm, finds for example that
musical instruments, compared with weapons, are more closely associated with pleasant than unpleasant words,
suggesting latent biases by Al (Caliskan et al., 2017).

Indeed, imprints of human racial and gender prejudice in Al performance have been documented. Specifically, Al
racial biases have been reported in with relation to names, with studies showing for example that algorithms tend to
favor European American names over African American names in various contexts (Caliskan et al., 2017, replicating
Greenwald’s et al., 1998), including hiring decisions (Caliskan et al., 2017 replicating Bertrand and Mullainathan
2004). Other studied that test the impact of suggestive names on predictions in modern LLMs, find mixed results as
to racial and gender biases (Wan et al., 2023). LLMs exhibit a range of cognitive effects, including priming. Shaki et
al. (2023) study found priming effect in ChatGPT-3, specifically in prompts where the stimulus was explicitly
presented, i.e., when the stimulus word was incorporated in a sentence and shown in parenthesis. That is, compared
with conditions where the stimulus word was subtly presented in a question, in which case the effect was smaller, or
where the stimulus was simply placed in a prompt without providing any context, in which case no priming effect was
found. In their analysis, authors rule out knowledge of priming effect in training data as an explanatory factor, as well
as randomness. Authors speculate that the mechanisms behind this cognitive effect operate in ways that resemble the
effect in human, in the sense that stimulus words result in certain information being (statistically) more accessible to
the model, than other. Given LLMs autocomplete functionality, authors suggest that priming effect in Al results from
the model’s statistical relations between words, which is stronger in associated words compared with unassociated
words (Shaki et al., 2023).

LLMs performance in the legal domain

A strand of empirical scholarship has assessed Al performances in the legal domain, demonstrating the competency
of LLMs across a wide array of legal-tasks such as assisting in drafting legal papers (Perlman, 2022) and exhibiting
legal reasoning capabilities (Guha et al., 2023). Research also points to underperformance of foundation models in the
legal context (Chalkidis et al., 2020), including errors in statutory reasoning resulting from imperfect prior knowledge
(Blair-Stanek et al., 2023), weak legal reasoning capabilities in the context of cryptocurrency securities cases (Trozze



et al. 2024) and taxes (Nay et al., 2024), and variance in performance across models (Guha et al., 2023). Standing out
is a recent study on legal hallucination in LLMs, i.e., model’ responses that are inconsistent with legal facts. The study
found great variance in performance across several parameters including task's complexity, with authors pointing to
overall poor performance in complex legal tasks as legal research and reasoning in all tested models (GPT3.5, PaLM?2
and Llama 2) (Dahl et al., 2024). These studies however do not look at Al biases in the judicial context, which has
been primarily explored from a theoretical perspective (Barocas & Selbst, 2016; Chander, 2017; Abu-Elyounes, 2020;
Zarsky, 2016). The one notable empirical study on algorithmic fairness in the judicial context, was done on COMPAS
(Angwin et al., 2016), a risk assessment tool that, while influential, is less advanced than modern LLMs in terms of
computational complexity and general-purpose functionality.

Mitigating Al Biases through auditing

Algorithmic fairness is critical because of Al’s increasing agency on wide array of tasks ranging from hiring decision
to medical diagnosis and determining criminal sentences by courts. Mitigating algorithmic bias calls for effective Al
governance, which involves establishing guardrails to ensure the ethical operation of Al. Such governance practices
include, inter alia, ensuring quality of models’ training, validation and testing data, requiring transparent
documentation of the above and conducting ongoing testing and evaluation to monitor biases (Pasquale, 2015).
Specifically, bias auditing has been recognized as a promising method to ensure the ethical and legal operation of Al
systems (Raji & Buolamwini, 2019). In this paper we take the approach of auditing biases (in applications post release
stage) by designing a systematic testing of outputs generated by ChatGPT-4 and 4o, to evaluate the models’
performances (Mokander et al., 2023; Sandvig et al., 2014) in the criminal justice domain.

METHODS

To assess LLMs performance in the criminal justice domain, we designed an experiment eliciting ChatGPT prediction
of conviction probabilities on a range from 0%-100% in a criminal case scenario (requiring a minimum and maximum
value.) We conducted the experiment (N=17,324) with two LLM models: GPT-4 (n=8,505) and GPT-40 (n= 8,819)),
manipulating race, gender and priming conditions. Models’ temperature was left at the default value (1). Prompts were
automatically generated in a branching structure and processed in batches, each in a single-turn session. See Appendix
D for code outline and procedure. We prompted the models with a criminal case scenario based on Rachlinski (2009)
and Sommers and Ellsworth (2001), involving a bench trial in which the prosecution charges a defendant with
battering a teammate. The prompt design included a description of the defendant injuring a victim, claiming self-
defense. The case was anonymized and stripped of masculine cues: sport type was modified to track and field team,
as well as defendant body measurements, to fit both common-case Male and Female description. A full prompt
description can be found in appendix A. To capture variability in model outputs and assess the impact of race and
gender, we implemented a 3x5x3 design resulting in 45 vignettes that we run 196 times per condition (8,820 prompts
per model.) We conducted 196 repetitions per condition to stabilize estimates of conviction probabilities given the
stochastic variability of large language model outputs. Pilot runs indicated a standard deviation of ~7 percentage points
at the condition level. Using a precision-based approach, a target 95% confidence interval width of £1 percentage
point indicates that 196 repetitions per condition are needed to estimate condition means reliably. This allows us to
detect subtle differences, which, though small, could have meaningful real-world consequences given the scale of the
U.S. justice system, potentially affecting thousands of people once such tools are deployed. Our choice of 196 thus
represents a pragmatic compromise balancing precision, computational feasibility, and alignment with standard
practices in human-subject research. We anticipated ChatGPT to have built-in safeguards to prevent certain uses,
resulting in outputs that do not provide a conviction probability range as requested. For those instances, we incorporate
a procedure where we prompt again, insisting on a range.

Due to the multimodal distributions and unequal variances observed in the model outputs, all analyses were conducted
using both classical parametric tests and variance-robust alternatives to ensure transparency and reliability. We did
not apply data transformations or normalization procedures, as these (e.g., log or Box-Cox transformations) would
have altered the substantive meaning of the outcome variable, conviction probability on a 0-100 scale, and introduced
interpretive difficulties. Welch’s ANOV A was used for omnibus comparisons across race, gender, priming, and signal
type, as it adjusts both the F statistic and denominator degrees of freedom under heteroscedasticity. For pairwise
contrasts, Games—Howell tests were employed, which are robust to unequal variances and unbalanced samples.
Welch’s two-sample t-tests were used for targeted comparisons, including race bias and cross-model differences
between GPT-4 and GPT-40. Regression analyses were estimated using ordinary least squares with HC3



heteroskedasticity-robust standard errors (MacKinnon & White 1985; Long & Ervin 2000), and block-level effects
were evaluated with robust Wald joint tests. Finally, down-sampling checks confirmed that coefficient magnitudes
and significance patterns remained stable, demonstrating that results were robust to sample size differences. It is worth
noting that we assume no ground truth (a “right” conviction probability), and therefore the study focuses on
consistency rather than accuracy: we assume that, in the absence of racial or gender disparities, there will be no
statistically significant differences in the mean conviction probabilities across race or gender groups or between
models.

Manipulated variables:

Our manipulations included defendant’s race and gender categories as well as three priming conditions, as follow.

1. Race conditions included:

Explicit mentioning of defendant’s race in body of scenario description (White, Black or none.)

For the implicit race condition, as in many previous experiments measuring discrimination (Kline et al., 2022; Bertrand
& Mullainathan, 2004), we signaled race using racially distinctive names and included gender-neutral names as a
control.

2. Gender conditions were explicitly stated in defendant’s description (e.g., Female, Male and none.)

3. To further assess the impact of race on Al-based judicial decision-making, a priming manipulation was designed
to elicit the concept of race. We prompted the models with either a positive or negative connotation statement
regarding race in a distinct prompt, prior to asking about conviction probability.

Each prompt (vignette) was conducted independently as a separate query. A full description of vignette conditions
provided in appendix B (defendant description) and appendix C (priming text.)

Measured variable:

Immediately following the hypothetical, we asked the model to assess chances of defendant being convicted on a
range, eliciting both maximum and minimum values. We asked: “...if this were a bench trial, on a 0% to 100% scale,
what is the probability of defendant being convicted?”” A full prompt description is provided in appendix A.

Hypotheses:
Hypothesis 1 - Impact of Race and Gender on Conviction probabilities:

Our preregistration specified a general marginalization prediction (H1), anticipating more favorable outcomes for
White male defendants. For analytic clarity and alignment with domain-specific theory, this general hypothesis was
disaggregated into separate race (1A) and gender (1B) directional predictions.

1A: we expect lower conviction probabilities for White defendants compared to Black defendants

Our primary hypothesis is based on prior research showing racial discrimination in the US criminal justice system
against the Black population. Given the documented heuristics in the criminal justice systems and assuming these will
influence the models performances, we hypothesize that LLMs will exhibit variance in conviction probabilities across
race categories, and exhibit bias against Black defendants (race-between category differences).

1B: we expect lower conviction probabilities for Female defendants compared to Male defendants

Despite the prevalence of biases against Females, in the context of criminal justice we expect a bias in favor of women,
meaning lower conviction probabilities for Females compared with Male (gender-between category differences.) This
intuition rests upon studies on the role of gender in criminal justice system, finding that women are more likely to
receive preferential treatment (Spohn, 1990; Kruttschnitt 1984), including in convictions (Farrington & Morris 1983).

Hypothesis 2 — sensitivity to implicit race signals:

We expect similar conviction means for implicit explicit-race categories

We expect significant differences between priming conditions, with both positive and negative priming affecting the
model similarly, and distinct from the no-priming condition. Although it is counterintuitive to suspect that LLMs
would be agnostic to the type of priming (positive vs. negative), prior research, including Shaki et al. (2023), suggests
that priming in Al behaves differently than in humans. Thus, we expect both positive and negative priming to have a
similar effect on the model’s predictions, distinct from the impact of no priming.

Hypothesis 3 — we expect significant priming effect on LLM predictions

We expect differences between priming conditions with negative and positive priming effecting similarly, and distinct
from no-priming condition” impact. Although this hypothesis seems counterintuitive based on prior studies of priming
in humans, it aligns with Shaki et al. (2023), who found that priming in Al behaves differently than in humans.



Hypothesis 4 — we expect GPT-40 to yield conviction probabilities that are more clustered

We hypothesize that differences in how each model (GPT-4 and GPT-40) processes identical prompts will reflect the
differences in their respective training datasets and algorithmic improvements. Specifically, we expect GPT-40 to
show improved performance compared to GPT-4.

RESULTS

After cleaning our data and removing missing entries, our sample included 17,324 valid entries (N=17,324; GPT-4
(n= 8,505) and GPT-40 (n= 8,819). A descriptive analysis of GPT-4 and GPT-40 revealed uniformly high baseline
mean conviction probabilities (70.8%-74.7%), with both models showing a consistent tendency for White defendants
to receive slightly higher conviction probabilities than Black defendants under priming conditions. Although the racial
gaps are modest — typically 1 to 4 percentage points for both GPT-4 and GPT-40 — they appear systematic, suggesting
that race exerts a subtle but persistent influence on both models’ outputs. Importantly, racial discrepancies were
somewhat more pronounced in GPT-4, whereas GPT-40 showed smaller but still consistent gaps. Gender differences
were negligible across conditions, with conviction probabilities for males and females largely overlapping. See
descriptive statistics in Table 1. Figures 1-3 below illustrate these patterns.

Table 1: Summary Statistics of Conviction Probabilities by Priming Condition, Race, and Gender
Panel A. GPT-4

Priming Race | Gender | N Mean | SD | Min | Max
Condition
NA NA Female | 195 | 748 | 542 |60 |90

NA Male 195 | 743 | 5.62| 45 | 95
NA NA 195|759 |491|55 |90
Black | Female | 392 | 74.3 | 5.69 | 55 95
Black | Male 392 | 748 |5.36 |50 |90
Black | NA 391|749 |517 |50 |85
White | Female | 390 | 74.4 | 5.15 |55 | 95
White | Male 392 | 751 |554 |30 |90
White | NA 392 748 |5.01|60 |90
Negative NA Female | 194 | 71.0 | 6.90 | 52 | 90
NA Male 196 | 70.5 | 568 | 52 | 80
NA NA 177 1 69.9 | 752 |40 |90
Black | Female | 380 | 68.2 | 7.23 |15 | 90
Black | Male 376 | 678 |7.70 |50 |90
Black | NA 384 | 68.2 |7.29 |40 |85
White | Female | 390 | 69.4 | 6.38 | 50 | 85
White | Male 384 1699 |7.04|40 |85
White | NA 387 | 70.2 | 754 |19 |85
Positive NA Female | 192 | 68,6 | 7.50 | 50 | 85
NA Male 190 | 69.7 | 7.22 |45 | 85
NA NA 166 | 67.9 | 8.35|45 | 85
Black | Female | 356 | 66.6 | 8.20 | 45 | 90
Black | Male 337 | 672 |[875|32 |90
Black | NA 351|656 [898 |30 |85
White | Female | 371 | 69.7 | 7.07 | 45 | 90
White | Male 368 | 69.7 | 7.56 |30 |85
White | NA 372 1696 |6.94 |45 |90

Panel B. GPT-40
Priming Race | Gender | N Mean | SD | Min | Max
Condition
NA NA Female | 196 | 75.6 | 6.44 | 30 | 85




NA Male 196 | 76.0 | 7.16 | 22 87
NA NA 196 | 76.9 | 5.64 | 50 90
Black | Female | 392 | 75.1 | 7.31 | 22 90
Black | Male 392 | 754 | 6.76 | 22 90
Black | NA 392 | 759 |578]| 35 90
White | Female | 392 | 75.8 | 5.69 | 45 90
White | Male 392 | 76.4 | 595 20 90
White | NA 392 | 759 |5.88 |25 85
Negative NA Female | 196 | 73.2 | 7.81 | 30 | 87
NA Male 196 | 73.2 | 9.05| 15 90
NA NA 196 | 77.1 | 5.77 | 40 90
Black | Female | 391 | 72.8 | 7.34 | 20 90
Black | Male 392 | 737 |7.11]20 90
Black | NA 392 | 734 |7.18]| 30 90
White | Female | 392 | 73.8 | 7.25 | 20 90
White | Male 392 | 749 |7.40| 22 90
White | NA 392 | 748 |6.83 | 30 90
Positive NA Female | 196 | 74.6 | 6.96 | 30 85
NA Male 196 | 74.4 | 8.81 | 20 90
NA NA 196 | 76.3 | 6.39 | 20 90
Black | Female | 392 | 71.5 | 9.57 | 20 90
Black | Male 392 | 73.4 | 793 |20 85
Black | NA 392|739 |7.85]|20 90
White | Female | 392 | 74.6 | 6.55 | 40 95
White | Male 392 | 759 | 5.75| 40 90
White | NA 392 | 748 | 7.60 | 22 90

Figure 1 A: Conviction probabilities by Priming Condition, Per Model
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Figure 1 B: Conviction probabilities by Priming Condition, Per Model
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Figure 2: Conviction probabilities Density by Race, Per Model
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Figure 3 A: Mean Differences in Conviction probabilities, Per Model
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Figure 3 B: Mean Differences in Conviction probabilities, Per Model
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To assess heteroscedasticity, we conducted Levene’s and Brown—Forsythe tests for equality of variances across
experimental conditions.

Table 2. Levene’s and Brown—Forsythe Tests for Equality of Variances: Overall Results by Model

Model | Test Center F value | Df num | Df denom | p value | Sig

GPT-4 | Levene (mean) 10.16 | 44 8460 <0.0001 | ****
Brown-Forsythe (median) | 7.28 44 8460 <0.0001 | ****

Count 8,505

GPT-40 | Levene (mean) 4.01 8774 NA < 0.0001 | ****
Brown—Forsythe (median) | 3.81 8774 NA < 0.0001 | ****

Count 8,819

Results of Levene’s and Brown—Forsythe tests are presented in Table 2, indicating significant variance heterogeneity
for both GPT-4 and GPT-40. Factor-specific analyses showed pronounced heterogeneity across priming conditions in
both models, with additional differences by race and gender; by contrast, variance across signal types was modest in
GPT-4 and absent in GPT-40 (see Table S1 in Tables of Results). To address this heteroscedasticity, we supplement
classical ANOVAs with variance-robust methods (Welch’s ANOVA, Games—Howell tests, Wald tests with robust
corrections, and regressions using HC3 robust standard errors). Results were consistent across approaches, reinforcing
the robustness of the findings.

Analysis do not support our first hypothesis. Race: Welch’s t-tests confirmed significant racial disparities in both
GPT-4 and GPT-4o0, with White defendants receiving higher predicted conviction probabilities than Black defendants
(A = 1.3-1.6 points, p < 0.0001). Welch’s ANOV A supported a significant omnibus race effect (GPT-4: F(2, 4567) =
44.06, p <0.0001; GPT-40: F(2, 4632) = 34.37, p < 0.0001), and Games—Howell post-hoc tests confirmed the White—
Black gap. Classical two-way ANOVAs yielded similar results (GPT-4: F(2, 8496) = 46.61, p < .001; GPT-40: F(2,
8810) = 36.01, p < .001), with Tukey HSD confirming the White—Black difference. These results indicate that the
observed racial disparities are stable and not driven by violations of normality or variance homogeneity. See Tables
S2-S6 in Tables of Results. Gender: Differences were minimal. GPT-4 showed no significant gender effect, while
GPT-40 exhibited a small but significant effect (A = 0.8—1.1 points), with N/A gender slightly higher than females.
Classical ANOVAs showed similar patterns: GPT-4 indicated no main effect (F(2, 8496) = 0.77, p = 0.464), and GPT-
40 had a significant main effect (F(2, 8810) = 22.69, p < 0.001) with small pairwise differences (see Tables S7-S12
in Tables of Results). Race x Gender interactions were nonsignificant in GPT-4 (F(4, 8496) = 0.50, p = 0.73) but
significant in GPT-40 (F(4, 8810) = 8.68, p < 0.0001), indicating that gender differences in GPT-40 were modulated
by race (Table S13-S14 in Tables of Results).

Descriptively, conviction probabilities were stable across explicit, implicit, and no-race conditions, in both models
(~71% in GPT-4 and ~74% in GPT-40), confirming our second hypothesis. Welch’s ANOVAs showed small



differences across explicit, implicit, and no-race conditions (GPT-4: F(2, 4611.3) = 8.63, p < 0.001; GPT-40: F(2,
4663.2) = 6.26, p = 0.002), driven entirely by the no-race condition. classical ANOVAs produced similar results, with
small but significant main effects of signal type (GPT-4: F(2, 8502) = 8.07, p < 0.001; GPT-40: F(2, 8816) = 6.41, p
= 0.002). Tukey HSD post-hoc tests confirmed that the effect was driven entirely by the no-race condition, which
showed slightly higher conviction probabilities than both explicit and implicit conditions (all p < 0.006), while no
significant differences were observed between explicit and implicit conditions (GPT-4: p = 0.96; GPT-40: p = 0.65).
Robust regression controlling for race, gender, and priming found no independent effect of signal type (p > 0.64), and
effect sizes were negligible (<1 point). Thus, signal type had no meaningful impact on predicted conviction
probabilities once other factors are considered. These results show that signal-type differences are statistically
detectable but substantively negligible. See Tables S15-S19 in Tables of Results.

Both models showed sensitivity to priming, supporting our third hypothesis, with predicted conviction probabilities
decreasing under negative and positive priming relative to no-prime (~5-8 points in GPT-4; ~2—4 points in GPT-40).
Formally, Welch’s ANOVA confirmed priming as the strongest predictor (GPT-4: F(2, 5395) = 901.15, p < 0.0001;
GPT-40: F(2, 5831) = 63.31, p < 0.0001), supported by classical ANOVAs (GPT-4: F(2, 8502) = 743.65, p < 0.001;
GPT-40: F(2, 8816) = 56.03, p < 0.001). Games—Howell and Tukey HSD post-hoc showed that both negative—no-
prime and positive—no-prime contrasts were highly significant in both models (GPT-4: A = -5 to —6.5, p < 0.0001;
GPT-40: A=-1.6t0 -1.8, p <0.0001). The difference between positive and negative priming was negligible in GPT-
40 (p = 0.22) and small yet significant in GPT-4 (A = —0.8, p < 0.001). Taken together, these results indicate that
priming substantially lowered conviction probabilities, especially in GPT-4. Full reports in Tables S20-S22 in Tables
of Results.

As for the differences between models, descriptive statistics show that GPT-4 exhibits slightly greater variability (SD
= 7.48) than GPT-40 (SD = 7.19). Welch’s t-test indicated that GPT-40 produced systematically higher conviction
probabilities than GPT-4 (A = 3.86, 95% CI [-4.07, -3.64], t(17,224) = -34.55, p < 0.0001). These results support our
fourth hypothesis, that GPT-40 exhibits more clustered outputs, with greater consistency and smaller variance than
GPT-4, while also tending toward slightly higher conviction probabilities overall. Table 3 and Figure 4 below illustrate
these model-level patterns.

Table 3: Summary Statistics and Welch Two Sample t-test Results by Model

Metric / Test GPT-4 | GPT-40 | Value

Mean 70.84 | 74.70 —

Standard Deviation (SD) | 7.48 7.19 —

Minimum 15 15 —

Maximum 95 95 —

Count 8,505 | 8,819 —

Mean Difference (A) — — —3.86

t-value — — —34.546
Degrees of Freedom (df) | — — 17,224

p-value — — < 2.2e-16 ****
95% Confidence Interval | — — [-4.072, -3.635]

Figure 4: Conviction Probability Distribution by Race, Per Model
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Regression analyses and robustness checks

To evaluate predictors simultaneously and account for covariation among factors, we estimated OLS models with
HC3 standard errors as shown in Table 4 below. Results confirm the main patterns observed in hypothesis tests: strong
and consistent effects of priming and race, modest gender effects, and no independent contribution of signal type.
Further analysis reinforcing these findings are reported in Tables of Results, including a downsampling with 50
repetitions per condition, to confirm that statistical significance was not an artifact of the large number of repetitions.
All test produced consistent patterns (Tables S23-S24 in Tables of Results).

Table 4: Regression Coefficients with HC3 Robust Standard Errors

Predictor GPT-4 (B, SE) GPT-40 (B, SE) Combined (B, SE)
Intercept 73.718 (****, 0.236) | 74.311 (**** 0.265) | 72.060 (****, 0.184)
Race: White 1.430 (****, 0.281) 1.597 (****, 0.306) 1.507 (****, 0.209)
Race: N/A 1.803 (****, 0.359) 1.286 (***, 0.387) 1.526 (****, 0.267)
Gender: Male 0.255 (ns, 0.306) 1.053 (***, 0.320) 0.674 (**, 0.224)
Gender: N/A ~0.114 (ns, 0.304) 1.251 (****, 0.314) 0.584 (**, 0.222)

Priming: Negative

5,518 (**** 0.166)

~1.810 (****, 0.178)

3.654 (**** 0.123)

Priming: Positive

6.557 (**** 0.182)

“1.587 (**** 0.182)

~4.020 (**** 0.131)

Signal Type: Implicit

0.052 (ns, 0.168)

~0.078 (ns, 0.168)

—0.021 (ns, 0.120)

Race: White x 0.163 (ns, 0.410) —0.041 (ns, 0.417) 0.049 (ns, 0.295)
Gender: Male

Race: N/A x -0.255 (ns, 0.488) -1.010 (ns, 0.555) -0.651 (ns, 0.373)
Gender: Male

Race: White x 0.486 (ns, 0.405) -0.826 (*, 0.418) -0.184 (ns, 0.294)
Gender: N/A

Race: N/A x —0.111 (ns, 0.511) 1.037 (*, 0.496) 0.516 (ns, 0.362)
Gender: N/A

Model = GPT-40 | - - 3.904 (**** 0.108)

(baseline=GPT-4)




DISCUSSION

As for race and gender discrepancies, findings do not support our first hypothesis; small but consistent differences
were indeed found in conviction probabilities across racial groups but in an unexpected direction: in favor of Black
defendants. White defendants receiving higher convictions probabilities on average demonstrates a bias against White
defendants compared to Black defendants, in both LLM models (GPT-4: Black mean 69.88% vs. White mean of
71.46%; GPT-40: Black mean 73.95% vs. White mean of 75.21%.) While a ~2% difference in conviction probabilities
might seem insignificant, it could have meaningful consequences at scale. Under one plausible deployment scenario,
if LLM outputs were used as direct inputs into judicial decision-making, a ~2% difference could affect thousands of
people. For example, given approximately 15 million criminal cases filed in U.S. state courts each year (National
Center for State Courts [NCSC], 2024), and conservatively assuming that only ~5% involve bench trials, a ~2%
difference would correspond to roughly 15,000 defendants per year. Specifically on gender, our results show that
ChatGPT-4 is agnostic to gender, but in ChatGPT-40 minor differences were found in favoring female defendants.

Our results confirm our second hypothesis, showing that LLMs capture information using proxies and detect subtle
cues in prompts, even when information is not provided explicitly. While we cannot confirm this directly, as we did
not test race or gender classification per se, our results demonstrate that implicit and explicit race descriptions yield
nearly identical conviction probabilities in both models. This aligns with broader literature on the complexity — and
inability — to anonymize data, given natural language processing models’ ability to capture semantics latent within
language (Caliskan et al., 2017; De-Arteaga et al., 2019). This reinforces the need for transparent models allowing for
full performance evaluations (Pasquale, 2015). These findings support the critique against the 'fairness through
blindness' approach by demonstrating that, while it may seem appealing, it is not the answer. It has been previously
suggested that ‘eliminating bias means eliminating information' (Caliskan et al. 2017) and that attempts to de-bias
word embeddings, such as by removing certain words, do not effectively address the problem.

Our results partially support our third hypothesis and our intuition on priming, as we found statistically significant
differences in ranges between no-priming and any-priming condition group. Results show that having any information
(negative or positive) provided prior to conviction-query prompt significantly reduces conviction prediction ranges,
in both models and across groups, though the effect of priming is more pronounced in GPT-4 compared to GPT-40.
The finding that both negative and positive priming have an effect in a similar direction warrants further investigation
and we acknowledge that our priming prompt’s text, designed to represent negative-positive priming, may have not
been effective. Specifically, different scenarios and primers should be analyzed systematically to assess the impact of
additional information prior to main query. Given that prompt engineering’ is in its infancy, we cautiously suggest the
following explanations for our results on priming: first, our results could simply reflect the models’ sensitivity in the
sense that any slight change in prompt yields significant changes in outputs. Second, since LLMs function as an
“autocomplete” mechanism, prompting the model with prior text related to the subsequent query may change its
response due to the primer triggering related-text associations. However, given that we did not find differences
between negative and positive priming, our results suggest that priming in Al may differ from human priming in that
the primer does not always yield a ‘corresponding’ effect (e.g., a negative primer should lead to a negative effect and
vice versa). It may also suggest that any de-biasing policies, if implemented in the models, might be designed to
counteract or correct the effects of priming.

Our findings support our fourth hypothesis as to the differences between models, with ChatGPT-40 exhibiting
smaller variance and higher conviction ranges on average. One of the challenges in conducting this study was the lack
of ‘ground truth’ to compare models’ performance against. For comparison, in the field of medical diagnosis, a highly
sensitive area where Al is being utilized, there is potential to refine and enhance models because there is 'right or
wrong' answers. This enables post-hoc accuracy assessments. In a legal context, when all else is equal but for differing
defendant attributes which bear no legal relevancy, we expect similar conviction probabilities. Therefore, variance
was used as a proxy for consistency, with lower variance indicating higher consistency and therefore better
performance. Measuring consistency, in turn, directly ties into accuracy and reliability, addressing key vulnerabilities
in the adoption of generative Al in highly sensitive domains like judicial decision-making.

These results should be interpreted with caution. They are encouraging because we observe an averaging effect in
LLM outputs, with aggregate conviction probabilities remaining similar across conditions. That said, the observed
trend — a slight but consistent bias against White defendants — is surprising, as it does not align with real-world data,
which we assume constitute the models’ training data. Numerous studies, as well as recent data, show racial biases in



the U.S. criminal justice system against the Black population (United States Sentencing Commission Nov. 14, 2023;
The Pew Charitable Trusts, Racial Disparities May 16, 2023; Innocence Project, Race and Wrongful Conviction). It
is therefore instructive to compare our findings with those reported for COMPAS, a deterministic, rule-based risk
assessment tool optimized primarily for predictive accuracy. COMPAS has been shown to exhibit bias through
identifiable mechanisms: historical disparities in training data (e.g., arrest rates), proxy variables correlated with
systemic racism (e.g., geography), and outcome definitions (rearrest as a proxy for crime) — all of which yielded
systematically higher false positive rates for Black defendants (Angwin et al., 2016). By contrast, LLMSs are generative
systems with diverse algorithmic objectives, which are evaluated not only on accuracy but also on elements of fairness
and normative reasoning (Liang et al., 2022). Their biases arise from various, less transparent sources (Barocas &
Selbst, 2016), and their behavior is less predictable and does not necessarily replicate historical human biases, as
evidenced in our results. These architectural and design differences make bias in LLMs more difficult to detect — often
emerging in places one would not anticipate — and harder to remediate, requiring continuous rather than one-off
mitigation.

We cautiously speculate that our results derive, in part, from debiasing policies and therefore invoke a more expansive
policy debate, predating generative Al, concerning the nature of technology as merely mirroring reality or constructing
it. Prior research on ChatGPT models demonstrating left-leaning political views, or bias towards progressive views
(Rozado, 2023; Rutinowski et al., 2024), could explain the observed trend against White defendants. Further work
should analyze the legality — and desirability — of LLMSs debiasing policies. Do current anti-discrimination doctrines
allow for machine-learning algorithms to tamper with outputs and incorporate race-aware constrains? Assuming the
answer is yes, does it hold if such policies yield discriminatory results? What should be the policy considerations
around deploying Al models, specifically by government actors?

A comprehensive policy analysis of progressive algorithmic design exceeds the scope of this work, but several points
are worth noting. Bent (2019) argues that race-aware fairness constraints can, in some contexts, be justified as a form
of voluntary affirmative action — for example, when employers detect that past discrimination distorts algorithmic
outputs and adopt ex ante measures to counteract those effects. A similar logic should apply in criminal justice, when
developers seek to prevent predictive tools from reinforcing historical inequities. Yet Bent also cautions that certain
constraints are legally vulnerable: group fairness requirements mandating equal prediction rates across racial groups
may be viewed as unlawful racial classifications, whereas individual-based approaches, such as counterfactual
fairness, are more likely to withstand constitutional scrutiny. Beyond legality, desirability remains contested. More
recent work suggests that algorithmic fairness constraints can at times harm the very groups they intend to protect,
with rigid adherence to progressive principles risking inequitable outcomes (Chohlas-Wood et al., 2023). This tension
between raw data disparities and alignment-driven adjustments illustrates why broad, categorical fairness
commitments may be counterproductive and why more context-specific approaches are needed.

The devil is in the details. Any future analysis of progressive algorithms should look into the specific intent and
measures of the implemented debiasing policies. Anecdotally, when we asked ChatGPT-40 for its fairness metrics
and debiasing policies, the response received was that “OpenAl has implemented debiasing policies in ChatGPT
(including versions GPT-4 and GPT-4-turbo) aimed at reducing harmful bias, though it does not publicly disclose
specific technical details on the precise fairness metrics or models used.” It further detailed that “although OpenAl
does not specify which exact fairness models are deployed, it's reasonable to infer that group fairness and individual
fairness metrics play a significant role, based on general trends in Al fairness research” (ChatGPT-40 response from
September 25, 2024). The response we received points to one of the key difficulties in conducting this study: our
struggle in interpreting the results. It stresses the importance of opening the ‘black box’ to be able to evaluate training
datasets and embedded policies and to allow performance assessment that will foster trust in Al as a co-pilot in
sensitive domains such as legal decision-making. It further calls for market driven approach, given the lack of
incentives for companies to disclose their systems, and the market failure surrounding that critical point (O’Neil,
2016).

CONCLUSION

Our experiment seeks to test algorithmic fairness in the legal domain, specifically in light of defendant characteristics
such as gender and race, as well as prompting manipulation. The rationale behind this is the increasing use of Al tools
in justice systems worldwide and the need for audits to mitigate the risk of bias. By comparing conviction probabilities
across different population groups and within models, we uncover discrepancies that deviate from the known societal



trends. To our surprise, our results did not reflect the existing biases in the justice system, as one might expect given
the models’ reliance on historical data. Instead, they exposed a progressive bias correction. In doing so, our results
suggest a world where ChatGPT is the architect of reality, not merely its mirror. While there is comfort in knowing
that ChatGPT has the potential to correct harmful human behaviors — such as historic and institutionalized
discrimination — one might also question whether such abilities are desirable, and under what circumstances they
should be applied.

In conducting this experiment, we encountered two intertwined challenges. First, there is no "ground truth", meaning
no definitive or "right" conviction probabilities to compare the GPT models’ results against. Second, the closed nature
of ChatGPT, a design choice, makes it difficult to analyze or draw conclusions about the factors that explain our
results. The absence of a “right” conviction rate, combined with the lack of transparency regarding ChatGPT’s training
dataset, the weights assigned to different sources, and the soft or hard-coded policies the models are based upon, limits
our ability to assess the processes underlying conviction predictions. These constraints highlight the main challenges
in deploying Al in sensitive domains like the legal field. That being said, this work contributes to the growing body
of research on algorithmic fairness and enhances our understanding of the potential and pitfalls of utilizing large
language models (LLMs) in judicial contexts. Our findings underscore the need for in-depth discussions on
progressive bias policies, as well as the development of robust evaluation metrics aimed at mitigating algorithmic
biases and promoting ethical Al in high-stakes domains like the legal system.

Limitations

As with any study, we acknowledge several methodological limitations. First, we note an element of randomness in
LLMs, meaning that even with the exact same prompt, different outputs could be generated in separate attempts.
Similarly, due to the high sensitivity of LLMs to prompting, as reflected in our results, even slight variations in the
prompt could result in different predictions. In our study, we reported the first answers produced and cannot assess
whether subsequent responses differed. To mitigate this limitation, we focused on eliciting conviction probabilities
rather than a single numeric value, using a large sample size. Nonetheless, given the high importance of supporting
judicial decision-making, further research should aim to minimize randomness even more. One approach could be to
explore deterministic models that prioritize consistency over efficiency in the cost-accuracy trade-off. Another
relevant extension would be prompt engineering. Our study highlights the importance of experimenting with different
prompting techniques to assess how prompt format affects discrepancies and performance. We further acknowledge
that we did not directly verify whether the models recognized or interpreted identity cues. Future work should include
explicit prompts, attention analyses, or probing techniques to better assess causal effects of these manipulations.
Further, our study is primarily quantitative and centers on conviction predictions; therefore, our discussion of the
underlying reasons for the observed bias is hypothesis-generating rather than conclusive. Future research should
incorporate qualitative analyses of model reasoning to better uncover the mechanisms driving these trends — an
especially important direction in the legal domain — where explainability is critical for legitimacy and trust. Future
research could also expand the comparative analysis by incorporating additional manipulations, such as including
victim characteristics, jurisdictional factors, and case scenarios (e.g., public-private, criminal-civil, or varying levels
of severity). Additionally, future studies could explore the performance of different LLM models and, perhaps most
importantly, work on developing evaluation criteria in the absence of a definitive “ground truth.” Finally, our study
relies on repeated draws from large language models, which do not equate to independent human participants.
Nonetheless, because each output is stochastically sampled from the model’s conditional probability distribution given
the prompt, these draws can be meaningfully treated as independent realizations. A growing body of work employing
“silicon samples” (i.e., samples drawn from language models) demonstrates that LLM predictions are, in certain
instances, interchangeable with human behavior (Binz & Schulz, 2023; Dillion et al., 2023), including in legal settings
(Choi et al., 2021; Katz et al., 2024). Such studies suggest that repeated model outputs approximate independent,
human-like observations, sufficient for meaningful inference (Argyle et al., 2023; Aher et al., 2023). With that said,
to further strengthen independence, we implemented several design choices. First, we systematically varied input
conditions (e.g., vignette features) to introduce natural variation and mitigate correlations across repetitions. We also
tested two model architectures (GPT-4 and GPT-40) to assess whether observed patterns are robust across models
with different weights. Second, within each model, the temperature was set to 1 to introduce moderate randomness.
Temperature controls the randomness of model outputs: lower values make responses more deterministic, while higher
values allow more variation. Setting temperature to 1 ensures that repeated runs of the same prompt are not
deterministic, thereby increasing the effective independence of repetitions. Finally, prompts were processed in batches
using single-turn sessions (i.e., without conversational history), minimizing contextual carryover. While our analysis



provides a robust view of language models’ behavior in certain scenarios, generalization to other models or contexts
should be made with caution.
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