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Abstract

Large language models are increasingly used
for Legal Judgment Prediction (LJP), raising
concerns about demographic bias inherited
from pre-training corpora and historical legal
records. We investigate how fairness robust-
ness changes under model adaptation in LJP
through a controlled counterfactual evaluation
across gender, ethnicity, and intersectional de-
mographic groups. Using 23 demographic vari-
ants over encoder-based models and generative
LLMs, we evaluate demographic sensitivity,
counterfactual instability, and bias propagation
under zero-shot, few-shot, and fine-tuned set-
tings. Experiments show that model adaptation
substantially affects fairness. Fine-tuning of-
ten improves predictive performance while si-
multaneously increasing demographic sensitiv-
ity and propagating biased supervision signals
into downstream judicial predictions, whereas
few-shot prompting generally produces smaller
propagation effects. We further show that legal-
domain specialization does not reliably guaran-
tee fairness: legal-domain encoders span both
highly robust and highly sensitive behavior af-
ter fine-tuning, and a legal-domain LLM is
highly sensitive under few-shot prompting yet
comparatively robust after fine-tuning under
counterfactual perturbation.

1 Introduction

Legal Judgment Prediction (LJP) seeks to auto-
matically infer judicial outcomes, such as charges,
applicable statutes, or sentencing decisions, from
legal texts like case fact descriptions, plaintiff com-
plaints, and court summaries. LJP has become a
central task in legal NLP due to its potential to
support judicial decision-making and improve ac-
cess to legal services. Recent advances in large
language models (LLMs) have improved the per-
formance of these systems, enabling them to better
capture the reasoning patterns underlying legal de-
cisions through large-scale pre-training (Chalkidis

et al., 2020) and adaptation to legal tasks (Niklaus
et al., 2025; Li et al., 2025; T.Y.S.S et al., 2024).

Despite the gains in predictive performance,
LLM-based legal systems remain vulnerable to bi-
ases inherited from large-scale training corpora and
historical judicial records. Prior work has shown
that language models can learn, reproduce, and am-
plify demographic stereotypes and unequal treat-
ment patterns across social groups (Gallegos et al.,
2024; Delobelle et al., 2022). In legal contexts,
such biases are particularly concerning because ju-
dicial predictions directly affect rights, sentencing
outcomes, and public trust (Washington, 2018). If
identical case facts lead to different predictions
solely due to changes in demographic attributes
such as gender or ethnicity, the system is relying
on factors that should be legally irrelevant. This
raises concerns that LJP systems are potentially
reinforcing biases embedded not only in historical
legal records but also in the broader world knowl-
edge and social stereotypes encoded within LLMs
during pre-training.

Existing research on fairness in legal judgment
prediction has largely focused on developing bench-
marks, evaluation protocols, and datasets for mea-
suring judicial bias and inconsistency (Zhang et al.,
2024; Wang et al., 2021; Zhang et al., 2025). While
these efforts establish important foundations for
measuring fairness, questions regarding the origins
and behavior of bias in LJP systems remain un-
derexplored. In particular, limited attention has
been given to how knowledge acquired during pre-
training interacts with external legal knowledge
during inference, how robust LJP models remain
under few-shot and fine-tuning settings, whether
biased fine-tuning data amplifies demographic dis-
parities, and whether legal LL.Ms are more robust
or fair than general-purpose models. These chal-
lenges are especially important in common law
litigation settings, where demographic information
is often implicitly embedded within the case nar-
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ratives rather than expressed in explicit structured
attributes (Chalkidis et al., 2022).

In this work, we present a comprehensive
study investigating fairness and demographic bias
in LLM-based legal judgment prediction across
both legal-domain-specific language models and
general-purpose LLMs. Our analysis considers
multiple demographic settings, including variations
in gender, ethnicity, and intersectional cases where
individuals belong to multiple demographic groups
simultaneously (Lalor et al., 2022). We further
compare the relationship between predictive per-
formance and fairness under zero-shot, few-shot,
and fine-tuned settings to better understand how
prompting strategies and task adaptation influence
model behavior. In addition, we examine the ro-
bustness of these models when exposed to deliber-
ately biased supervision signals, analyzing whether
bias propagates into judicial predictions or whether
models can recover the underlying legal reasoning
despite the presence of biased information.

We investigate the following research questions:
RQ1: To what extent do LLM-based LJP systems
exhibit demographic bias across variations in gen-
der, ethnicity, and intersectional identity groups?
How do legal-specific models differ from general-
purpose LLMs with respect to fairness, and which
demographic groups are most or least affected by
prediction disparities?

RQ2: How do zero-shot prompting, few-shot
prompting, and fine-tuning influence the fairness
and robustness of LJP models? More specifically,
how are gains in predictive performance balanced
against potential increases in fairness vulnerabili-
ties across different adaptation settings?

RQ3: When fine-tuning data or few-shot demon-
strations contain biased judicial outcomes, to what
extent does this bias propagate into model predic-
tions? Which demographic groups are most vulner-
able to such propagation effects, and how robust
are different models to biased supervision signals?

Our contributions can be summarized as follows:

* We conduct a controlled counterfactual stress test
of 9 LJP models across 23 demographic vari-
ants, evaluating counterfactual sensitivity and
group fairness under gender, ethnicity, and in-
tersectional settings.

* We show that model choice affects both the mag-
nitude and direction of demographic sensitivity
across both encoders and generative LLMs.

* We compare zero-shot, few-shot, and fine-tuned
adaptation settings, demonstrating that legal-
domain pre-training does not guarantee demo-
graphic robustness.

* We analyze the tradeoff between predictive accu-
racy and demographic robustness, showing that
fine-tuning often improves effectiveness while
increasing fairness disparities and counterfactual
instability.

* We conduct bias injection experiments in both
fine-tuning and few-shot prompting settings,
showing that biased supervision signals propa-
gate into downstream judicial predictions with
varying strength across model families and adap-
tation strategies.

2 Related Work

Legal Judgment Prediction. Legal judgment
prediction frames case outcome forecasting as a
text classification problem. The field has moved
from feature-based classifiers through BERT-era
encoders (Chalkidis et al., 2019, 2020) to recent
LLM and reasoning-based approaches (Shi et al.,
2025; Zhang et al., 2025; Shukla et al., 2026), with
surveys covering its datasets, metrics, and mod-
els (Cui et al., 2023). Its empirical landscape is
dominated by a handful of jurisdictions: Chinese
criminal cases (Xiao et al., 2018), European Court
of Human Rights filings (Chalkidis et al., 2019),
Swiss court decisions (Niklaus et al., 2021), In-
dian Court cases (Malik et al., 2021; Nigam et al.,
2024), and UK employment tribunals (Xie et al.,
2024), with US civil-litigation resources such as
ClassActionPrediction (Semo et al., 2022) compar-
atively rare. The field remains accuracy-dominated
and skews toward non-US jurisdictions; fairness in
these systems, particularly in US civil settings, is
not the question most LJP work asks.

Fairness and Bias in Legal Al Fairness auditing
is well established in NLP broadly (Gallegos et al.,
2024; Delobelle et al., 2022), but remains compara-
tively sparse in the legal domain. Existing work in-
cludes the multilingual fairness benchmark FairLex
(Chalkidis et al., 2022), group-reliability disparities
on ECtHR (T.Y.S.S and Chowdhury, 2025), judg-
ment consistency analysis for fairness (Wang et al.,
2021), and recent multi-model LLLM audits such as
the JudiFair benchmark (Hu et al., 2025) and the
JustEva toolkit (Xue et al., 2025). This literature
concentrates on Chinese criminal, European, and
Indian jurisdictions, and its fairness subset inherits
that same skew. Existing multi-model LLM audits
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Figure 1: Counterfactual demographic perturbation pipeline for evaluating prediction sensitivity under gender,

ethnicity, and intersectional alterations.

compare general-purpose LLMs without systemat-
ically evaluating them under model adaptation or
contrasting them against legal-specific models as
explored in our study.

Counterfactual and Injection-Based Bias Eval-
uation. Our methodology draws on counterfac-
tual fairness (Kusner et al., 2017) and on NLP au-
dits that alter or remove sensitive attributes while
holding the remaining text fixed. Single-attribute
counterfactual injection is precedented within LJP:
LJPCheck (Zhang et al., 2024) applies functional
tests that flip or add name, gender, and ethnicity
cues, and recent LLM audits perform counterfac-
tual demographic swaps over case facts (Hu et al.,
2025; Xue et al., 2025). Prior work swaps explicit
demographic labels, treats attributes one at a time,
and largely operates outside common law jurisdic-
tions. We instead layer ethnic surnames, pronoun
substitution, and an explicit demographic clause
together across gender, ethnicity, and their intersec-
tion in common law litigation, additionally analyz-
ing the direction of each flip to characterize the type
of bias a model exhibits, not just its magnitude.

Bias Propagation and Amplification. Our prop-
agation study builds on the bias amplification lit-
erature, which formalizes how models can mag-
nify disparities present in their training data (Zhao
et al., 2017) and quantifies this directionally (Wang
and Russakovsky, 2021). In-context demonstra-
tions and fine-tuning data are both known to inject
bias into downstream predictions in general NLP;
in LJP specifically, bias propagation has received
limited attention. Our contribution is a controlled
bias-injection design: verdicts are deterministically
coupled to a demographic attribute together with a

mirror condition (positive coupling in one training
set, reversed coupling in a second), and we mea-
sure the resulting shift in predicted win probability
between favored and contrasting variants, yielding
a signed, bounded measure of how strongly the
injected coupling transfers to unseen cases.

3 Methodology

In this section, we describe the experimental frame-
work used to investigate demographic bias in LLM-
based legal judgment prediction across gender, eth-
nicity, and intersectional identity groups.

3.1 Dataset

We use ClassActionPrediction (Semo et al., 2022),
a corpus of U.S. civil class-action cases paired
with binary win/lose verdicts. Following the origi-
nal train-validation-test split (70%/15%/15%), our
evaluation is conducted on a test set of 450 cases.
Unlike many prior LJP datasets derived from civil
law systems or based on court-written fact sum-
maries (Cui et al., 2023), ClassActionPrediction
uses plaintiff complaints as input, capturing realis-
tic pre-judgment common law litigation narratives
in which demographic information is conveyed
both explicitly and implicitly through names, con-
textual details, and case descriptions. This makes
the dataset suitable for evaluating fairness and ro-
bustness in LLM-based legal judgment prediction.

3.2 Counterfactual Variant Construction

We construct demographic counterfactual variants
using a rule-based pipeline that identifies the pri-
mary individual referenced in each case and applies
demographic modifications only when the entity
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refers to a person rather than a company or orga-
nization. Each class action is filed by a named
representative plaintiff, and only this plaintiff is
perturbed (Appendix F). Variants are generated
through three channels. Gender variants modify
pronouns and introduce an explicit demographic
phrase (e.g., “who is a woman/man”). Ethnicity
variants set the plaintiff’s surname to an ethnically
associated one and add an explicit demographic
phrase (e.g., “who is [ethnicity]”). For this pur-
pose, we use ethnicity-associated surnames derived
from prior demographic surname statistics (United
States Census Bureau, 2016). For example, sur-
names such as “Washington” and “Hu” are strongly
associated with particular demographic groups in
population records. Intersectional variants com-
bine both gender and ethnicity cues (e.g., “who is a
[ethnicity] woman/man”). Overall, the framework
generates two gender variants (Man and Woman),
seven ethnicity variants, and fourteen intersectional
variants, resulting in 23 demographic variants per
case. The ethnicity groups considered in this work
are Black, White, East Asian, Hispanic, Middle
Eastern and North African (MENA), Slavic, and
South Asian. This construction strategy is informed
by prior work on counterfactual fairness (Kusner
et al., 2017) and demographic perturbation meth-
ods in NLP (Zhang et al., 2024). Figure 1 illustrates
the counterfactual data generation process.

3.3 Evaluated Models

We evaluate nine models spanning both legal-
domain-specific and general-purpose language
model families. The evaluated models include
encoder-based architectures, namely BERT, Legal-
BERT (Chalkidis et al., 2020), CaseLawBERT, and
LegalRoBERTa, as well as open generative LLMs
including Llama-3.1-8B, Llama-3.1-8B-Instruct,
Qwen-2.5-7B, Qwen-2.5-7B-Instruct and Saul-7B-
Instruct-v1 (Colombo et al., 2024). Table 4 in Ap-
pendix A summarizes the evaluated models.

3.4 Evaluation Protocol

For the primary fairness evaluation, we evaluate
models under three settings: zero-shot, few-shot,
and fine-tuned. A key aspect of our experimental
design is that all training and prompting procedures
use the original case text, while demographic vari-
ants are introduced only at inference time. This al-
lows changes in model predictions to be attributed
to demographic perturbations rather than differ-
ences in training distribution. For few-shot prompt-

ing, we use k = 2 labelled demonstrations. All
three evaluation settings follow a shared prompt
structure, shown in Figure 5 in Appendix B. For
the fine-tuned setting, models are fine-tuned using
the original training split of the dataset.

To investigate whether demographic biases in-
troduced during fine-tuning propagate into down-
stream predictions, we fine-tune models on system-
atically biased training corpora in which verdict
labels are explicitly correlated with demographic
attributes. Specifically, we construct training dis-
tributions where positive and negative verdicts are
deterministically associated with specific demo-
graphic variants. In the Female Bias setting, all
training instances involving female demographic
variants are positive verdict cases, while male vari-
ants are negative verdict cases. The Male Bias
setting reverses this by pairing male variants with
positive verdicts and female variants with negative
verdicts. Similarly, the Black Bias and White Bias
settings associate positive verdicts with Black and
White demographic variants, respectively.

During evaluation, the model that was fine-tuned
on biased training data is used to predict the win-
ning probability of three versions of each test case.
The first is anonymized, where all demographic
references are removed. The second version corre-
sponds to the demographic group favored during
training. For example, under the Female Bias set-
ting, the plaintiff is represented as female. The third
version represents the same case using the contrast-
ing demographic variant, such as a male plaintiff.
Inspired by the directional bias concept proposed in
Wang and Russakovsky (2021), we measure how
biases introduced during training propagate into
downstream predictions by comparing the differ-
ence in predicted winning probabilities between the
favored demographic variant and the anonymized
version, as well as between the non favored demo-
graphic variant and the anonymized version.

For the few-shot setting, we follow the same
methodology, but instead of fine-tuning the model,
we condition it using K = 4 biased few-shot exem-
plars provided in the prompt. For example, in the
Female Bias configuration, we construct few-shot
examples consisting of two winning cases involv-
ing female plaintiffs and two losing cases involving
male plaintiffs. During evaluation, we again gen-
erate anonymized, favored demographic, and con-
trasting demographic versions of each test case and
compute the predicted probability of a case verdict
under the biased few-shot context. To ensure the
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validity of counterfactual pairs, we identified and
excluded cases where the plaintiff’s demographic
attribute is legally relevant. More details on data
pre-processing are presented in Appendix E.

3.5 Evaluation metrics

We report Accuracy and Macro-F1 to evaluate pre-
dictive performance, together with fairness evalu-
ation measures. Following prior work on counter-
factual fairness (Kusner et al., 2017), we measure
the Counterfactual Flip Rate (CFR), which quanti-
fies how often a model changes its prediction after
demographic information is modified while the re-
maining case facts are held fixed. Higher CFR
values indicate greater sensitivity to demographic
perturbations. We additionally evaluate group-level
fairness using Demographic Parity Gap (DP-Gap)
(Dwork et al., 2012), defined as the difference be-
tween the maximum and minimum positive pre-
diction rates across demographic groups. Lower
DP-Gap values indicate more balanced prediction
behavior across the different demographic iden-
tities. We report DP-Gap separately for gender,
ethnicity, and intersectional demographic groups.

Finally, to evaluate whether demographic associ-
ations introduced during fine-tuning propagate into
downstream predictions, we adopt the Propagation
Score T, based on the probabilities that a model
assigns to a win verdict for a given case. In the
fine-tuning setting, this probability is produced by
a model trained on biased data favoring the demo-
graphic variant. In the few-shot setting, the proba-
bility is produced by a model conditioned on biased
exemplars favoring the same demographic variant.
A positive propagation score 7 indicates that the in-
jected demographic bias transfers into downstream
predictions in the same direction as the supervi-
sion signal, leading to higher predicted winning
probabilities for the favored demographic group. A
negative value indicates propagation in the opposite
direction, where the model favors the demographic
group disfavored during training. Values of 7 close
to zero indicate limited or no measurable propa-
gation of demographic bias into downstream legal
predictions. More details about the evaluation met-
rics have been presented in Appendix C.

4 Results

4.1 Ecxistence of Demographic Bias

Table 1 presents the predictive performance and
fairness evaluation results for models fine-tuned

on the original training split of the dataset. Pre-
dictive effectiveness is evaluated using Accuracy
and Macro-F1, while fairness is assessed using de-
mographic parity gap (DP Gap) and counterfactual
flip rate (AVG CFR). Gender fairness measures
are averaged across the two gender groups, Male
and Female, whereas ethnicity fairness measures
are averaged across seven ethnicity groups, namely
Black, East Asian, Hispanic, MENA, Slavic, South
Asian, and White. Intersectional fairness scores are
averaged across all 14 gender-ethnicity combina-
tions. The models exhibit distinct fairness and pre-
dictive performance characteristics across encoder-
based legal language models and generative LLMs,
with noticeable variation in how demographic ro-
bustness changes across architectures, instruction
tuning settings, and model scales.

Among the encoder-based legal models, Legal-
RoBERTa achieves the strongest balance between
predictive effectiveness and fairness robustness,
attaining high Accuracy (0.6289) and Macro-F1
(0.6194) while maintaining consistently low DP
Gap and AVG CFR values across all demographic
settings (e.g. 0.0302 DP-Gap and 0.0221 AVG
CFR for intersectional identities). In contrast,
CaseLawBERT exhibits substantially larger demo-
graphic disparities (e.g. 0.1465 DP-Gap and 0.1357
AVG CFR) despite comparable predictive perfor-
mance, while LegalBERT occupies an intermedi-
ate position in balancing performance and fairness.
This all suggests that legal-domain specialization
alone does not guarantee fairness robustness.

Among generative models, model scale and in-
struction tuning appear to influence both predic-
tive quality and fairness outcomes. The Llama-
3.1-8B model achieves the best overall predictive
performance (Table 1) while maintaining moderate
fairness disparities. The instruction tuned variant,
Llama-3.1-8B-Instruct, slightly reduces predictive
performance while increasing fairness disparities.
Gender bias. Figure 2 illustrates prediction dispar-
ities across genders by comparing the probability
of predicting a winning verdict for anonymized,
male, and female variants of the same case, to-
gether with the corresponding win_to_lose rate,
which measures how often a case predicted as a
win in its anonymized form changes to a loss af-
ter demographic substitution. Across most mod-
els, gender perturbations produce relatively small
changes (below A = 0.04), yet distinct gen-
der preference patterns emerge. Among legal en-
coders, CaseLawBERT slightly favors female vari-
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Table 1: Performance and fairness evaluation results for models fine-tuned on the original training split of the dataset.

Model Performance 1 DP Gap | AVG CFR |
Accuracy Macro-F1 ~ Gender Ethnicity Intersectional ~Gender Ethnicity Intersectional

BERT 0.6222 0.6144 0.0302 0.0439 0.0628 0.0616 0.0749 0.0982
LegalBERT 0.6000 0.5989 0.0209 0.0785 0.0814 0.0314 0.0426 0.0547
CaseLawBERT 0.6000 0.5999 0.0442 0.1409 0.1465 0.1035 0.1359 0.1357
LegalRoBERTa 0.6289 0.6194 0.0349 0.0300 0.0302 0.0116 0.0191 0.0221
Llama-3.1-8B-Instruct 0.6222 0.6217 0.0884 0.0878 0.0907 0.0605 0.0851 0.0912
Qwen-2.5-7B-Instruct? 0.5178 0.3717 0.0070 0.0139 0.0279 0.0105 0.0112 0.0150
Llama-3.1-8B 0.6378 0.6374 0.0465 0.0600 0.0628 0.0465 0.0429 0.0447
Qwen-2.5-7B* 0.5067 0.4152 0.1558 0.1570 0.1558 0.1163 0.1092 0.1199
Saul-7B-Instruct-v1 0.6336 0.6333 0.0000 0.0139 0.0208 0.0093 0.0106 0.03064

LoRA fine-tuning on the original training split had no measurable effect on either Qwen model: Accuracy and Macro-F1 are

identical to zero-shot (Table 2).
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Figure 2: Gender based counterfactual sensitivity across legal encoders and generative LLMs.

ants and exhibits the highest win_to_lose rate, indi-
cating greater gender sensitivity. In contrast, Legal-
BERT slightly favors male variants, while Legal-
RoBERTa produces nearly identical probabilities
across genders. Among generative LLMs, gender
effects are weaker. Llama-3.1-8B and Llama-3.1-
8B-Instruct show mild female favoring tendencies,
with the instruction tuned variant exhibiting slightly
higher win_to_lose rates, suggesting increased de-
mographic sensitivity after instruction tuning.

Ethnicity bias. Figure 3 illustrates prediction dis-
parities across seven ethnicity groups. Compared
to gender, ethnicity perturbations produce substan-
tially larger variations across models. Among
encoder-based legal models, CaseLawBERT ex-
hibits the strongest ethnicity sensitivity and the
largest variation across demographic groups. Legal-
BERT also demonstrates noticeable ethnicity pref-
erences, slightly favoring Black, Hispanic, and
White variants over East Asian and Slavic groups.
In contrast, LegalRoBERTa produces considerably
more stable predictions across ethnicities, with
only minor variations between groups and near
zero win_to_lose rate values. Among generative
LLMs, ethnicity related disparities are generally

smaller but still observable. Llama-3.1-8B-Instruct
demonstrates moderate variation across groups,
with lower predictions for Black and Hispanic
variants and comparatively higher probabilities for
MENA and South Asian groups. The base Llama-
3.1-8B model exhibits more stable behavior overall,
with relatively uniform predictions across ethnici-
ties and low win_to_lose rate values.

Intersectional bias. Figure 4 extends the analy-
sis to intersectional demographic groups by jointly
considering gender and ethnicity variations. Across
nearly all models, certain groups consistently ben-
efit from higher predicted winning probabilities,
while others experience systematically lower pre-
dictions and higher win_to_lose rates. Among le-
gal encoders, CaseLawBERT again exhibits the
strongest demographic instability. In particular,
Hispanic female and Black female variants often
receive higher winning probabilities than their male
counterparts, while MENA female and Slavic fe-
male groups experience some of the lowest pre-
dictions among all intersectional combinations.
Among generative LLMs Llama-3.1-8B-Instruct
exhibits noticeable variation across demographic
combinations, with MENA male and South Asian
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Figure 4: Intersectional based counterfactual sensitivity across legal encoders and generative LLMs.

male variants often receiving slightly higher win-
ning probabilities than Black or White male groups.

4.2 Variation Across Adaptation Settings

Table 2 compares zero-shot, few-shot, and fine-
tuned variants of encoder-based models and gen-
erative LLLMs in terms of predictive performance
and demographic robustness. Across most model
families, fine-tuning substantially improves predic-
tive effectiveness, often producing large gains in
both Accuracy and Macro-F1, but these improve-
ments are frequently accompanied by increased
demographic sensitivity. For example, fine-tuning
BERT, CaseLawBERT, and Llama-3.1-8B-Instruct
significantly improves classification performance
while simultaneously increasing fairness dispari-
ties across gender, ethnicity, and intersectional set-
tings. Few-shot prompting generally introduces
smaller fairness shifts than fine-tuning, although
its effects vary considerably across models. For
instance, few-shot prompting slightly increases de-
mographic sensitivity in Qwen-2.5-7B-Instruct and
Llama-3.1-8B-Instruct, while improving fairness
robustness, at some accuracy cost, for the base
Owen-2.5-7B model. Near-zero CFR in zero-shot
settings reflects prediction collapse rather than ro-

bustness, and achieve substantially weaker predic-
tive performance than their fine-tuned counterparts.

4.3 Bias Propagation

Table 3 reports the propagation score 7 for demo-
graphic biases injected through fine-tuning and few-
shot prompting across gender and ethnicity settings.
Higher 7 values indicate greater transfer of demo-
graphic associations into downstream legal predic-
tions and therefore lower robustness to biased su-
pervision, while values near zero indicate stronger
resistance to demographic bias transfer. Encoder-
based models consistently exhibit high propagation
scores under fine-tuning, with gender and ethnicity
propagation around 0.4. Among generative LL.Ms,
all fine-tuned models except Qwen-2.5-7B-Instruct
exhibit high propagation effects, with male bias in-
jection producing the highest observed propagation
(0.467356 for Llama-3.1-8B). In contrast, few-shot
prompting produces substantially smaller propaga-
tion scores, typically below 0.02.

4.4 Empirical Findings

Intersectional Bias is Additive. The results con-
sistently show that demographic sensitivity be-
comes substantially stronger when gender and eth-
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Table 2: Comparison of base, few-shot, and fine-tuned model variants across performance and fairness metrics.
Values in parentheses denote the change in CFR relative to the corresponding base or zero-shot configuration.

Model Setting Performance AVG CFR (A from Base)

Accuracy Macro-F1 Gender Ethnicity Intersectional

BERT Base 0.5178 0.3751 0.0035 0.0066 0.0078
Fine-tuned  0.6222 0.6144  0.0616 (+0.0581) 0.0749 (+0.0683) 0.0982 (+0.0904)

LeoalBERT Base 0.5222 0.4750 0.1186 0.1201 0.1618
e Fine-tuned  0.6000 0.5989  0.0314 (-0.0872) 0.0426 (-0.0775) 0.0547 (-0.1071)

1. Base 0.4867 0.3348 0.0116 0.0030 0.0068
CaseLawBERT Fine-tuned  0.6000  0.5999  0.1035 +0.0919) 0.1359 (+0.1329) 0.1357 (0.1289)

Base 0.5089 0.3373 0.0000 0.0000 0.0000
LegalRoBERTa Fine-tuned  0.6289  0.6194  0.0116 00116 0.0191 0.0191) 0.0221 (+0.0221)

Zero-shot 0.5089 0.3373 0.0000 0.0000 0.0000
Llama-3.1-8B-Instruct Few-shot 0.5156 0.3522  0.0023 (+0.0023) 0.0056 (+0.0056) 0.0060 (+0.0060)
Fine-tuned  0.6222 0.6217  0.0605 (+0.0605) 0.0851 (+0.0851) 0.0912 (+0.0912)

Zero-shot 0.5178 0.3717 0.0105 0.0115 0.0145
Qwen-2.5-7B-Instruct  Few-shot 0.5533 0.4648  0.0221 (+0.0116) 0.0340 (+0.0225) 0.0375 (+0.0230)
Fine-tuned  0.5178 0.3717  0.0105 (+0.0000) 0.0112 (-0.0003) 0.0150 (+0.0005)

Zero-shot 0.5089 0.3373 0.0000 0.0000 0.0000
Llama-3.1-8B Few-shot 0.5089 0.3373  0.0000 (+0.0000) 0.0000 (+0.0000) 0.0000 (+0.0000)
Fine-tuned 0.6378 0.6374  0.0465 (+0.0465) 0.0429 (+0.0429) 0.0447 (+0.0447)

Zero-shot 0.5067 0.4152 0.1140 0.1095 0.1201
Qwen-2.5-7B Few-shot 0.4600 0.4289  0.0895 (-0.0245)  0.0970 (-0.0125)  0.1043 (-0.0158)
Fine-tuned  0.5067 0.4152  0.1163 (+0.0023) 0.1092 (-0.0003) 0.1199 (-0.0002)

Zero-shot 0.4965 0.3318 0.0000 0.0000 0.0000
Saul-7B-Instruct-v1 Few-shot 0.5196 0.4403  0.0651 (+0.0651) 0.0617 (+0.0617) 0.0610 (+0.0610)
Fine-tuned 0.6336 0.6333 0.0093 (+0.0093) 0.0106 (+0.0106) 0.0364 (+0.0364)

nicity are considered jointly rather than indepen-
dently. Across nearly all fine-tuned models, inter-
sectional perturbations produce higher CFR val-
ues than gender-only or ethnicity-only modifica-
tions (for example BERT’s CFR is 0.0982 for in-
tersectional vs. 0.0616 gender and 0.0749 ethnic-
ity; Legal BERT: 0.0547 vs. 0.0314 and 0.0426),
indicating that evaluations based on isolated de-
mographic attributes underestimate the instability
models may exhibit in realistic legal settings.

Demographic Parity and Counterfactual Stabil-
ity Capture Different Bias Modes. The experi-
ments further show that DP-Gap and CFR measure
fundamentally different forms of demographic sen-
sitivity. For instance, Saul-7B-Instruct-v1 has a
gender DP-Gap of 0 but a CFR of 0.0093, and
CaseLawBERT has a gender DP-Gap of 0.0442
but a CFR of 0.1035. While outcome distributions
appear balanced at the group level, individual pre-
dictions remain sensitive to demographic modifi-
cations. This demonstrates that parity-based eval-
uations may overlook demographic dependence
that directly affects judicial outcomes in otherwise
equivalent cases.

Fine-Tuning Improves Accuracy but Often Am-
plifies Demographic Sensitivity. Table 2 reveals
a consistent tradeoff between predictive perfor-

mance and demographic robustness. Supervised
fine-tuning generally improves legal judgment pre-
diction accuracy by enabling models to better cap-
ture domain-specific reasoning patterns (for exam-
ple: 0.5156 for few-shot Llama-3.1-8B-Instruct
vs. 0.6222 fine-tuned). However, these gains are
frequently accompanied by increased counterfac-
tual sensitivity: gender CFR rises from 0.0023 to
0.0605 for the same Llama model when fine-tuned.

Legal-Domain Pre-training Provides No Guar-
antee for Improved Fairness. Among the en-
coders, fine-tuned BERT and the fine-tuned legal-
domain encoders span the full range of counter-
factual sensitivity across all three demographic
axes (Table 1). For gender, average CFR ranges
from 0.0116 for LegalRoBERTa-ft to 0.1035
for CaseLawBERT-ft, while the general-purpose
BERT-ft baseline lies between them at 0.0616.
Legal-domain specialization therefore does not con-
sistently reduce counterfactual sensitivity.

Adaptation Setting Determines Whether Legal-
Domain Specialization Helps. With two in-
context demonstrations, Saul-7B-Instruct reaches
an accuracy of only 0.5196 while its CFR rises to
0.0651 gender, 0.0617 ethnicity and 0.0610 inter-
sectional, the largest few-shot increase of any gen-
erative model. Fine-tuning reverses this: accuracy
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Table 3: Propagation score 7 for gender and ethnicity bias injection across fine-tuned and few-shot model variants.

Gender Propagation 7

Ethnicity Propagation 7

Model Variant
Female Bias Male Bias Black Bias White Bias
BERT Fine-tuned  0.435310 0.435663  0.402102 0.402097
LegalBERT Fine-tuned  0.434638 0.436157  0.400455 0.401675
CaseLawBERT Fine-tuned  0.435195 0.434809  0.401270  0.400739
LegalRoBERTa Fine-tuned  0.435108 0.435231  0.401833 0.401984
Llama-3.1-8B-Instruct Fine-tuned  0.443272 0.462979  0.441078 0.440036
) ; Few-shot 0.007767 0.002474  0.010894  0.002405
Qwen-2.5-7B-Instruct Fine-tuned  0.003892  -0.003892  0.006266  -0.006266
wen-s. STUCL Few-shot  0.000007  0.003115  0.014986  0.005854
Llama-3.1-SB Fine-tuned  0.452814 0.467356  0.441102  0.441085
s Few-shot 0.013459 0.010316  0.019102  0.012089
Qwen-2.5-7B Fine-tuned  0.438215 0.299194  0.438572  0.417167
. Few-shot 0.010991 0.009980  0.022254  0.016431
Saul-7B-Instruct-v1 Fine-tuned 0.465969 0.465019  0.437798 0.437634

reaches 0.6336 and macro-F1 0.6333, second only
to Llama-3.1-8B, while CFR falls to 0.0093 gender
and 0.0106 ethnicity, the lowest of any fine-tuned
generative model.

Low Counterfactual Flip Rates Do Not Guaran-
tee Robustness to Biased Supervision. Among
the fine-tuned encoder models, the gender
CFR ranges from 0.0116 for LegalRoBERTa to
0.1035 for CaseLawBERT. However, under the
propagation-injection protocol in Table 3, every
fine-tuned encoder shifts its predicted probability
of a win toward the injected demographic direction
by a similar magnitude. Notably, LegalRoBERTa
has the lowest audit-time CFR at 0.0116, yet its
propagation shift is comparable to that of the other
encoders. This indicates that stability under test-
time demographic perturbations is different from
resistance to demographic bias introduced through
supervision. The same distinction appears for the
generative models. Saul-7B-Instruct-zs has a CFR
of 0 on every demographic axis, but this is not
evidence of meaningful robustness. The model
behaves as a degenerate constant predictor and
achieves an accuracy of only 0.4965 and a macro-
F1 of 0.3318; three zero-shot models produce iden-
tical predictions across the entire test set. By com-
parison, LegalRoBERTa-ft has a similarly low CFR
of 0.0116 while achieving a substantially higher
accuracy of 0.6289. Thus, a low CFR can reflect
either prediction collapse, as in Saul-7B-Instruct-
zs, or genuine counterfactual invariance, as more
plausibly reflected by LegalRoBERTa-ft. The dis-
sociation is clear for Saul-7B-Instruct-v1, which
has the lowest CFR of fine-tuned generative models
(0.0093 gender, 0.0106 ethnicity), yet its propaga-

tion scores under bias injection are 0.465969 and
0.437798 respectively, among the highest observed
across all models. CFR alone is therefore not suffi-
cient to establish robustness, and audit-time CFR
should be reported alongside supervision measure-
ments as in Table 3.

5 Conclusion

We presented a fairness evaluation of legal judg-
ment prediction models across 23 counterfactual
demographic variants in common-law civil class-
action cases. The results show that demographic
bias remains widespread across both legal-domain
encoders and general-purpose LLMs, with intersec-
tional demographic groups exhibiting the strongest
instability. Importantly, models differ not only in
the magnitude but also in the direction of demo-
graphic sensitivity, indicating that model substi-
tution may redirect rather than eliminate demo-
graphic harm. Adaptation setting matters as much
as model choice: fine-tuning improves accuracy
while amplifying counterfactual sensitivity, and in-
jected demographic couplings transfer into predic-
tions far more strongly under fine-tuning than few-
shot prompting. Audit-time counterfactual stability
does not predict resistance to biased supervision, so
both should be reported. For future work, we aim
to evaluate whether the observed demographic dis-
parities and counterfactual flip rates persist across
a range of prompt variants, as prompt-level inter-
actions with demographic cues represent an addi-
tional source of fairness risk that the current study
does not capture. Possible bias mitigation direc-
tions are discussed in Appendix G.
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6 Limitations

Deliberately Strong Demographic Signals. The
explicit phrase is repeated at almost every plaintiff
mention, maximizing the demographic signal. The
design is a deliberate stress test, and the resulting
disparities should be read as an upper bound.
Dataset Generalization. Our results are reported
on a common law US dataset with plaintiff com-
plaints as case text and binary win/lose labels as
verdicts. As such, we do not generalize on datasets
that represent other legal systems (e.g. civil law),
languages (e.g. Chinese), jurisdictions (e.g. U.K.),
or input types (e.g. court-authored summaries).
The binary outcome also implies that disparities
that appear only in degree, such as partial wins or
settlements, are unobservable. As such, datasets
such as ILDC (Malik et al., 2021) (India), CLC-
UKET (UK)(Xie et al., 2024), LegalHK (Shi et al.,
2025) (Hong Kong) or US Supreme Court data
(Alali et al., 2021) are left for future work.
Possibility of Data Contamination. A limita-
tion of evaluating recent large language models
on the US Class Actions dataset is the possibility
of data contamination. The dataset was released
in 2022; verdicts for some cases in the corpus, or
paraphrases of those verdicts, may have appeared
in the models’ pre-training data. However, average
CFR and DP-Gap are computed using within-case
comparisons between anonymized and demograph-
ically perturbed versions of the same legal case.
Any memorized information would therefore be
shared across the compared versions and would
generally affect their predictions in the same di-
rection, reducing its effect on the measured coun-
terfactual difference. Nevertheless, contamination
cannot be completely ruled out and remains a limi-
tation of the evaluation.

Limited Gender and Ethnicity Categories. Our
counterfactual variants cover a limited set of gender
and ethnicity categories. In particular, the gender
perturbations are restricted to binary man/woman
variants, and the ethnicity perturbations cover seven
broad groups. A more complete demographic au-
dit would consider non-binary and gender-diverse
identities, finer-grained ethnic and racial categories,
and additional demographic dimensions such as
age, religion, disability, and socioeconomic status.
Open-source Model Coverage. Our model eval-
uation is limited to open-source encoder models
and open-weight generative LLMs. We do not
evaluate closed proprietary systems, which are in-

creasingly used in practical legal-Al deployments
and may exhibit different fairness, robustness, and
bias-propagation behavior. Future work should ex-
tend the same counterfactual evaluation protocol
to closed-source commercial models when access
and reproducibility constraints permit.
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A Evaluated Models

Table 4 reports the models used in the evaluation
framework, the corresponding Hugging Face check-
points, model categories, and parameter scales.
The evaluated models include general-purpose en-
coders, legal-domain specialized encoders, and
open base and instruction-tuned generative LLMs
ranging from 110M to 8B parameters.

Table 4: Language models used in our experiments.

Model Huggingface Source Type Size

BERT bert-base-uncased Encoder 110M

LegalBERT nlpaueb/legal-bert- Legal Encoder 110M
base-uncased

CaseLawBERT zlucia/custom- Legal Encoder 110M
legalbert

LegalRoBERTa saibo/legal-roberta-  Legal Encoder  125M
base

Llama-3.1-8B-Instruct meta-llama/Llama- Open instruct 8B
3.1-8B-Instruct LLM

Qwen-2.5-7B-Instruct Qwen/Qwen2.5-7B-  Open instruct 7B
Instruct LLM

Llama-3.1-8B meta-llama/Llama- Open base 8B
3.1-8B LLM

Qwen-2.5-7B Qwen/Qwen2.5-7B Open base 7B

LLM

Saul-7B-Instruct-v1 Equall/Saul-7B- Legal Instruct 7B

Instruct-v1 LLM

B Experimental Settings

Figure 5 shows the prompt used to instruct the
model to predict a binary verdict for a class-action
case, with few-shot demonstrations included only
in the few-shot setting. In this figure, Grey-boxed
text is passed verbatim to the model; italicised slots
are filled at inference time. The few-shot block is
omitted in the zero-shot and Fine-tuned settings.

You are a legal expert. Read the
class-action case below and predict the
verdict. Respond with exactly one digit:
‘1’ if the plaintiff wins, or ‘@’ if the
plaintiff loses.

[Few-shot only] k labelled demonstrations:
#i## Case: (case text)
### Verdict: (Oorl)

#i## Case: (test case)
#H# Verdict:

Figure 5: Prompt template used across zero-shot, few-shot,
and fine-tuned evaluation settings for legal judgment predic-
tion.

Data splits and shared training settings. For all
supervised runs, we follow the ClassActionPredic-
tion setup: 70% training, 15% validation, 15% test.
Encoder models use learning rate 1 x 10~°, batch
size 16, dropout 0, weight decay 0, softmax out-
put layer, and validation-loss early stopping with
patience 2 (max 10 epochs).

Encoder fine-tuning. The BERT-family models
use maximum sequence length 512 tokens. The
768-dimensional pooled representation is passed to
a task-specific linear classifier for binary win/loss
prediction.

Open LLM prompting and fine-tuning. Case
text is truncated to a 2,500 token budget. Few-
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shot prompting uses &k = 2 demonstrations with a
fixed seed offset by 1000. LoRA fine-tuning uses
rank 16, o = 32, dropout = 0.05, adapters on
g_proj, k_proj, v_proj, o_proj; learning rate
Ir = 5 x 107°, cosine scheduling, warmup ratio
of 0.03, 3 epochs, micro-batch of 1, gradient accu-
mulation 16 steps, max sequence length of 3072,
FP16, paged_adamw_8bit .

Verdict probabilities. For encoder models, p(win)
is the softmax probability of the win class from the
binary classification head. For generative models,
it is the probability assigned to the token “1” at the
verdict position, renormalized over {“0”, “1”}.
Dataset Variants Created for Bias Propagation
Experiments For the bias propagation study, four
biased training-set variants were derived from the
ClassActionPrediction training split: two for gen-
der (‘Female Bias’ and ‘Male Bias’) and two for
ethnicity (‘Black Bias’, “White Bias’). Each variant
was constructed deterministically: every training
case was assigned the demographic variant text
corresponding to its gold verdict (win-tied variant
for wins, lose-tied variant for losses), creating a
100% coupling between the demographic cue and
the label. Prior to this swap, the training split was
subsampled to a 50/50 win/lose balance, ensuring
the demographic signal was the sole systematic dif-
ference between classes; cases with no valid variant
(e.g. corporate plaintiffs) were dropped.

C Evaluation metrics

Counterfactual Flip Rate is formally defined as
follows:

N
CFR = - [hnym #

i=1
where Janonym and fJyariane denote the predictions for
the anonymized case and its demographic variant,
respectively. The indicator function J[] takes the
value 1 when the prediction changes between the
two versions of the case and 0 otherwise.

Demographic Parity Gap is defined as:

DP-Gap = P(ij=1]g)—min P(j =1
ap = max (9 | 9) min (9 | 9)

where G denotes the set of demographic groups.

Propagation score 7 € [—0.5,0.5] for a test case
c is defined as follows:

(p(cg) - p(canonym)> - (p(cg’) - p(canonym))
2

Te =

Table 5: Encoder accuracy: paired t-test against base
BERT.

Comparison vs. base BERT A Acc. t p
BERT-ft +0.113  3.90 #***
LegalBERT-ft +0.090 2.80 **
CaseLawBERT-ft +0.092  2.77 **
LegalRoBERTa-ft +0.118  4.15
LegalBERT (no-ft) +0.005 0.20 ns

CaseLawBERT (no-ft) —0.009 —0.20 ns
LegalRoBERTa (no-ft) —0.012 —-1.39 ns

***p < 0.001, **p < 0.01, *p < 0.05; ns = not significant.

where p(-) denotes the predicted probability of a
winning verdict. Here, g and ¢’ denote contrast-
ing demographic variants within the same demo-
graphic group, such as male and female within
the gender category. For each test case ¢, we con-
struct three variants consisting of an anonymized
VErsion Cunonym in which all demographic refer-
ences are removed, a demographic specific version
cg in which references are replaced with the favored
demographic group, and a contrasting version cy/
in which the same references are replaced with the
opposing demographic group. Expanding the two
differences, the anonymized term cancels out, so
T, is reduced to half the difference in predicted
winning probability between the favored and con-
trasting variants. The anonymized version defines
the two component shifts, which indicate whether
propagation raises the favored group’s predicted
win probability, lowers the contrasting group’s, or
both. The propagation score 7 is computed as the
average of 7, over all test cases.

D Statistical Significance

Tables 5-8 report the results of paired per-case t-
tests for both accuracy and CFR, conducted on the
433 test cases with an individual (non-corporate)
representative plaintiff; corporate-plaintiff cases
have no personal names or pronouns to perturb.
Encoders (reference: base BERT). All four fine-
tuned encoders significantly improve accuracy and
increase CFR, except LegalRoBERTa-ft on gender.
None of the non-fine-tuned base encoders signifi-
cantly improves accuracy, while base Legal BERT
is already highly sensitive in terms of CFR.
Generative LLMs (reference: Saul-7B-Instruct-
zs). Fine-tuned Llama-3.1-8B, Llama-3.1-8B-
Instruct, and Saul-7B-Instruct significantly im-
prove accuracy relative to Saul-7B-Instruct-zs. Nei-
ther fine-tuned Qwen model produces a signifi-
cant improvement. Several zero-shot and few-shot
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Table 6: Encoder AVG CFR: paired ¢-test against base
BERT. G/ E/ I = Gender/ Ethnicity/ Intersectional.

Table 8: Generative-LLM AVG CFR: paired t-test
against Saul-7B-Instruct-zs. G/ E/ I = Gender/ Eth-
nicity/ Intersectional.

A CFR P
Comparison vs. base BERT G E I G E 1 A CFR P
BERT-ft 10.058 +0.068 —0.090 **x ksk sk Comparison vs. Saul-7B-Instruct-zs G E 1 G E 1
LegalBERT-ft +0.028 +0.036 +0.047 ok ok ook Llama-3.1-8B-zs t 40.000 +0.000 4+-0.000 - - -
CaseLawBERT-ft 40.099 +0.129 +0.128 #¥* dksk kk Llama-3.1-8Bfs 40.000 +0.000 +0.000 - - —

LegalRoBERTa-ft
LegalBERT (no-ft)
CaseLawBERT (no-ft)
LegalRoBERTa (no-ft)

+0.008 +0.013 +0.015 ns * *
40.117 +0.113 +0.155 sk ok ke
+0.008 —0.004 —0.001 ns ns ns
—0.003 —0.007 —0.008 ns * *

***p < 0.001, **p < 0.01, *p < 0.05; ns = not significant.

Table 7: Generative-LLM accuracy: paired ¢-test against
Saul-7B-Instruct-zs.

Comparison vs. Saul-7B-Instruct-zs A Acc. ¢ P

Llama-3.1-8B-zs +0.000 - ns
Llama-3.1-8B-fs | +0.000 - ns
Llama-3.1-8B-ft +0.136  4.16 ***
Llama-3.1-8B-Instruct-zs ' +0.000 - ns
Llama-3.1-8B-Instruct-fs +0.007 1.74 ns
Llama-3.1-8B-Instruct-ft +0.120 3.66 ***
Qwen-2.5-7B-zs +0.018 0.40 ns
Qwen-2.5-7B-fs —0.030 —0.73 ns
Qwen-2.5-7B-ft +0.018 0.40 ns
Qwen-2.5-7B-Instruct-zs +0.009 1.16 ns
Qwen-2.5-7B-Instruct-fs +0.048 3.16 **
Qwen-2.5-7B-Instruct-ft +0.009 1.16 ns
Saul-7B-Instruct-fs +0.023 1.39 ns
Saul-7B-Instruct-ft +0.132  4.09 ***

***p < 0.001, **p < 0.01, *p < 0.05; ns = not significant.
"The model produces predictions identical to Saul-7B-Instruct-
zs for every test instance. The paired differences therefore
have zero variance, making the paired ¢-statistic undefined.

models collapse to a constant predictor that pro-
duces predictions identical to the reference model;
these cases are marked with . Because the paired
differences are zero for every test instance, their
paired t-statistics are undefined. For CFR, Saul-
7B-Instruct-ft is the least counterfactually sensitive
among the fine-tuned generative models (exclud-
ing Qwen, whose fine-tuning had no effect) and
is the only generative model that approaches the
robustness observed for the encoder models.

E Data Preprocessing

From the testing subset of the adopted dataset, we
remove a few cases by detecting legally sensitive
demographic-specific keywords and expressions
that may directly reveal or depend on protected
demographic attributes, as well as those where we
would be unable to flip the gender descriptors. A
pregnancy-leave related complaint, for instance,
cannot simply be flipped to a male plaintiff. Fur-
ther examples include terms related to paternity,
alimony, racism, and sexual harassment.

Llama-3.1-8B-ft
Llama-3.1-8B-Instruct-zs
Llama-3.1-8B-Instruct-fs
Llama-3.1-8B-Instruct-ft
Qwen-2.5-7B-zs
Qwen-2.5-7B-fs
Qwen-2.5-7B-ft
Qwen-2.5-7B-Instruct-zs
Qwen-2.5-7B-Instruct-fs
Qwen-2.5-7B-Instruct-ft
Saul-7B-Instruct-fs
Saul-7B-Instruct-ft

***p < 0.001, **p < 0.01, *p < 0.05; ns = not significant.
The model produces predictions identical to Saul-7B-Instruct-
zs for every test instance. The paired differences therefore
have zero variance, making the paired ¢-statistic undefined.

F0.047 +0.043 +0.045 o sk sk
40.000 +0.000 +0.000 - - -
+0.002 +0.006 +0.006 ns *
+0.060 +0.085 +0.091 i i i
0114 +0.110 40.120 s sowr i
F0.090 +0.097 40.104 s sosn i
F0.116 +0.109 40.120 s soer i
+0.010 +0.012 40.014 * %
+0.022 +0.034 +0.038 wx wr i
+0.010 +0.011 40.015 * ¢
H0.065 +0.062 +0.061 s sowr i
10.009 +0.011 40.036 * % i

Listing 1: Keyword Patterns Used for Filtering

GENDER_PATTERNS = {
"pregnancy/maternity”:
r"\b(?:pregnan\w*|maternity|prenatal|
childbirth|nursing mother|"
r"breastfeed\wx|lactation|miscarriage)\b

n
’

"paternity/family-leave”:
r'"\b(?:paternity|FMLA|family medical
leave|parental leave)\b",

"sex/gender discrimination”:

r'\b(?:sex discrimination]|gender
discrimination|sexual harassment|”

r"gender identity|transgender|misgender\
wx)\b",

"sexual violence”:
r"\b(?:rape|sexual assault|sexual abuse|
sexual battery)\b",

"reproductive”:
r"\b(?:abortion|contracepti\wx|

reproductive (?:health|right)\wx]|"
r"IVF|in vitro)\b",

"title VII/IX (sex)":
r"\b(?:Title VII|Title IX)\b”,

"marital/spousal status”:
r"\b(?:widow|widower|spousal|alimony|
divorce\wx)\b",

3

ETHNIC_PATTERNS = {
"race discrimination”:
r"\b(?:race discrimination|racial
discrimination|racial slur]|”
r"racism|racist|racially)\b",

"national origin”:
r"\b(?:national origin|ethnic\wx]|
xenophob\wx)\b",

"specific race terms”:
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r"\b(?:African[- JAmerican|Hispanic|
Latino|Latina|Caucasian]|”
r"Asian[- JAmerican)\b",

"civil rights statutes”:

r"\b(?:Section 198142 U\.?S\.?C\.?
1981|Voting Rights Act|”

r"Fair Housing)\b",

"religion (often proxied)":
r"\b(?:religious discrimination|religion
discrimination)\b",

F Counterfactual Perturbation of Class
Action Cases

In this dataset, Class Actions are represented by an
individual labeled "plaintiff" acting on behalf of
themself and the class. For instance, a case would
state "Cintas employed Plaintiff, Mark Cassingham,
as a Technician...". Following that, the claimant
party would then be referred to using phrases such
as "Plaintiff and the Rule 23 California Class.." or
"Plaintiff... on behalf of...".

As such, our counterfactual perturbation process
is applied only to the individual or representative
plaintiff. This leaves every reference to the class as
a collective body untouched. The analysis therefore
asks whether changing the perceived demographic
identity of the representative plaintiff, while pre-
serving the legal allegations, case facts, and all
other information, changes the model’s predicted
outcome.

G Future Work

We suggest two mitigation strategies. First, coun-
terfactual data augmentation could train models on
both the original cases and demographically per-
turbed versions of the same cases, directly target-
ing the counterfactual sensitivity identified in our
analysis. Second, inference-time debiasing could
restrict retrieval to demographically anonymized
precedents, thereby separating the effects of de-
mographic information in the query and retrieved
cases from the predicted outcome. Evaluating these
mitigation strategies is an important next step moti-
vated by the findings of this study.
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