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Abstract

Large Language Models (LLMs) are increasingly used in high-stakes fields where
their decisions impact rights and equity. However, LLMs’ judicial fairness and
implications for social justice remain underexplored. When LLMs act as judges,
the ability to fairly resolve judicial issues is a prerequisite to ensure their trustwor-
thiness. Based on the theory of judicial fairness, we construct a comprehensive
framework to measure LLM fairness, leading to a selection of 65 labels and 161
corresponding values. Applying this framework to the judicial system, we compile
an extensive dataset, JudiFair, comprising 177,100 unique case facts. To achieve
robust statistical inference, we develop three evaluation metrics—inconsistency,
bias, and imbalanced inaccuracy—and introduce a method to assess the overall
fairness of multiple LLMs across various labels. Through experiments with 16
LLMs, we uncover pervasive inconsistency, bias, and imbalanced inaccuracy across
models, underscoring severe LLM judicial unfairness. Particularly, LLMs display
notably more pronounced biases on demographic labels, with slightly less bias on
substance labels compared to procedure ones. Interestingly, increased inconsistency
correlates with reduced biases, but more accurate predictions exacerbate biases.
While we find that adjusting the temperature parameter can influence LLM fairness,
model size, release date, and country of origin do not exhibit significant effects on
judicial fairness. Accordingly, we introduce a publicly available toolkit1, designed
to support future research in evaluating and improving LLM fairness.

1 Introduction

In recent years, Large Language Models (LLMs) are increasingly utilized as decision-makers in
high-stakes fields such as medicine, psychology, and law, where their decisions can directly impact
human rights and social equity (Bruscia et al., 2024). When LLMs are integrated into everyday life,
ensuring the judicial fairness of LLMs is crucial for maintaining social justice. Unfair judgments
made by LLMs risk not only misallocating legal rights but also perpetuating social discrimination,
leading to long-term societal harm (Cheong et al., 2024). These risks underscore the necessity for
rigorous and fair evaluation mechanisms to ensure that LLMs serve justice rather than undermine it.

Judicial fairness presents distinct challenges for LLMs. As shown in Figure A1, fairness issues stem
from both human-like biases and model-specific limitations (Gallegos et al., 2024). While prior work
has addressed model-related challenges such as output format (Long et al., 2024) and task complexity
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(Yu et al., 2024), human-like biases in legal contexts remain underexplored. Existing studies (Sant
et al., 2024; Kumar et al., 2024; Zhang et al., 2024a) focus mainly on substantive fairness, often
overlooking procedural fairness—such as bias against unrepresented defendants (Quintanilla et al.,
2017)—leading to incomplete evaluations.

Fairness assessments in existing research have often been fragmented and case-specific (Zhang et al.,
2024a;b), lacking a unified framework. As a result, models that perform well on general benchmarks
may still fall short under legal standards, where fairness carries distinct and high-stakes implications.
Evaluating fairness in legal contexts requires attention not only to outcomes but also to the nuanced
role of both legal and extra-legal factors.

Several legal datasets have been developed (Xue et al., 2024; Li et al., 2023a; Xiao et al., 2018; Yao
et al., 2022), but most lack the extra-legal detail needed for comprehensive fairness analysis. The
LEEC dataset (Xue et al., 2024) fills this gap, containing 15,919 legal documents and 155 labels
covering both legal and extra-legal dimensions, thus providing a robust foundation for evaluating
LLM fairness in judicial settings (Ulmer, 2012). Building on this, we propose a systematic framework
and key innovations for assessing fairness in LLM-generated legal decisions. Additional related work
is discussed in Appendix A. This paper proposes a comprehensive method and important innovations
for evaluating LLM judicial fairness:

1. Based on ample theoretical discussion on fairness in law and philosophy, we propose a comprehen-
sive systematic framework for LLM judicial fairness evaluation.

2. We propose an evaluation dataset JudiFair, which comprises 177,100 unique case facts, with 65
labels and 161 label values annotated. Our team of legal experts extracted labels and trigger sentences
and replaced them with counterfactual ones. Moreover, we exclude certain cases that may interfere
with fairness evaluation under the law.

3. We develop a novel methodology to comprehensively evaluate LLM judicial fairness with three
metrics: consistency, bias, and imbalanced inaccuracy. To cope with situations in which multiple
labels and LLMs are involved, we employ a suite of statistical tools to ensure robust inference. This
approach offers valuable insights for future research on fairness measurement.

4. We evaluated 16 LLMs developed in different countries, conducted statistical inference in
experiments, and discovered severe unfairness across all models while interesting patterns emerge.
This provides guidance for future model training and development.

5. Building on the above innovations, we have developed a toolkit that enables convenient and
comprehensive evaluation of LLM judicial fairness.2

2 Judicial Fairness Framework

Philosophers and legal theorists have long engaged in extensive discussions on the concept of judicial
fairness (Rawls, 1971). This section introduces a structured judicial fairness framework designed to
support robust and holistic LLM fairness evaluations. Figure 1 illustrates this framework, which is
organized into two main hierarchical layers.

2.1 Substance and Procedure Factors

Procedural fairness is central to the rule of law, reinforcing not only substantive fairness but also
promoting predictability, stability, and public trust in the judiciary (Rawls, 1971; Waldron, 2011;
Burke & Leben, 2024). Empirical studies show that procedural elements—like whether a claimant is
pro se or whether deliberations are broadcast—can meaningfully affect judicial outcomes (Quintanilla
et al., 2017; Lopes, 2018). Since many LLMs are trained on judicial texts, they may absorb statistical
associations between procedural features and outcomes. For example, higher courts often handle more
serious cases—do LLMs infer harsher penalties merely from court level? Despite their importance,
procedural factors remain largely neglected in fairness evaluations.

To address this, we distinguish between two domains of fairness: substantive factors, related to the
crime itself (e.g., crime type, location, defendant demographics), and procedural factors, related

2https://github.com/THUYRan/LLM-Fairness/blob/main/Toolkit%20Vedio%20Upload.mp4
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Figure 1: Framework of LLM judicial fairness.

to how the case is adjudicated (e.g., judge identity, court level). This framework enables a clearer
understanding of how LLMs may internalize and reproduce distinct forms of legal bias.

2.2 Demographic and Non-Demographic Factors

Demographic factors, including defendant ethnicity (Hou & Truex, 2022), defendant gender (McCoy
& Gray, 2007), victim age (Marier et al., 2018), juror gender (Pozzulo et al., 2010), etc., have a
substantial impact on judicial decision-making (Xue et al., 2024), . Therefore, we incorporate a
range of demographic factors into our framework for both substantive and procedural considerations.
Notably, characteristics related to judicial workers are categorized as procedure factors. Consequently,
attributes like defender gender or judge age are classified as procedural demographic factors.

While previous LLM fairness studies have predominantly focused on demographic factors (Qian et al.,
2022; Parrish et al., 2022), this study also includes non-demographic factors for both substantive and
procedural dimensions. These non-demographic elements are essential, as they can also serve as
extra-legal factors influencing judicial decisions in practice (Quintanilla et al., 2017). For a detailed
description of specific labels within each category, please refer to Section B.

3 Evaluation Benchmark

We present JudiFair, an evaluation benchmark comprising 177,100 unique case facts across 65 labels,
derived from 1,100 judicial documents. We locate the entire framework in the Chinese jurisdictions
for experimentation. Because of the high coverage of crimes in the LEEC dataset (Xue et al., 2024)
and the integration of extra-legal factor labels in its label system, we select LEEC for further screening
and annotation. Based on our framework, we select 13 labels originally from the LEEC dataset. We
also include 51 non-LEEC labels, and further annotate them in the dataset.

Our team of legal experts developed a system of 65 labels within our fairness framework. Detailed
information of these labels is presented in Table A2 to A5. This system expands upon the LEEC
dataset (Xue et al., 2024), informed by a comprehensive review of empirical legal studies. We also
go beyond the LEEC dataset, incorporating additional labels to cover critical attributes often missing
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from judicial records, such as sexual orientation and litigation participants whose details are not
typically documented.. This expansion broadens the scope of LLM fairness evaluation. For details of
the label system, please refer to Appendix B.

Counterfactual prompting is a technique that encourages LLMs to reason with alternative facts(Li
et al., 2023b). In the context of LLM-as-a-judge, we expect LLMs to maintain neutrality when
presented with irrelevant differences in facts. This method, as demonstrated in (Moore et al., 2024)
and (Kumar et al., 2024), has proven effective in bias detection. This process in our study results in a
set of queries with a combination of real and synthesized facts for a single case and label, as shown
in Figure A4. For additional information about prompt construction, see Appendix C.

4 Evaluation Method

In this paper, we introduce three evaluation metrics to comprehensively capture important dimensions
of LLM judicial fairness. Figure 2 illustrates the comprehensive evaluation methodology.

4.1 Inconsistency

We assess inconsistency by measuring how often an LLM's judgment changes when the value of a
label is altered. For each label, we compute the proportion of judicial documents where outputs vary.
To account for label sizes, we weight each label by its effective sample size. We also average this
across all models to assess inconsistency at the collective level.

4.2 Bias

We employ multiple methods to ensure robust inference when evaluating potential bias in LLMs.
Our primary approach is a high-dimensional �xed-effects regression model, where the dependent
variable is the natural logarithm of sentencing length (in months, plus one) to address right-skewness
(Berdej́o & Yuchtman, 2013; Johnson, 2006). For each label, we regress the log sentence on binary
variables derived fromTreated(excluding the reference group), controlling forID �xed effects to
isolate case-speci�c characteristics:

Ln(Sentence) = g +
J

å
j= 1

aj � Treatedj +
I

å
i= 1

bi � ID i + # (1)

We estimate this using the REGHDFE package in Stata (Correia, 2017), which handles thousands of
�xed effects ef�ciently. Standard errors are clustered at theID level to account for intra-document
correlation. Robustness checks (Appendix F.4) con�rm the reliability of results.

To assess whether LLM bias is systematic rather than random, we treat each signi�cance test (at
thresholdt ) across 65 labels as a Bernoulli trial. We then compute the probability of observing at
leastk signi�cant results under the null of pure randomness:

Figure 2: Evaluation framework of LLM judicial fairness.
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pbernoulli =
N

å
l= k

�
N
l

�
t l (1 � t )N � l (2)

This quanti�es the likelihood that observed signi�cance patterns re�ect true bias. We apply this test
per model and across all models to identify systematic LLM bias.

4.3 Imbalanced Inaccuracy

We next examine whether certain groups or label values are associated with disproportionately large
errors. First, we summarize accuracy by calculating two key metrics: Mean Absolute Error (MAE)
and Mean Absolute Percentage Error (MAPE). MAE measures the average absolute difference
between predicted and actual values, re�ecting overall prediction error regardless of direction. MAPE
measures the average percentage error, indicating the relative size of the error compared to the actual
value. For each label, we calculate these metrics and then compute a weighted average across all
labels to provide a comprehensive accuracy assessment. Next, similar to the steps in Section 4.2, we
replace the dependent variable with the absolute differences between predicted and actual values to
test whether a speci�c model shows signi�cant imbalanced inaccuracy.3 Next, we conduct a Bernoulli
test in Equation 2 to assess whether the individual model exhibits systematic imbalanced inaccuracy
across all examined labels.

5 Experiments

As shown in Table A1, the experiment is conducted on an extensive list of LLMs, including both
open-source and closed-source models. For the main analysis, we set the temperature as 0 to reduce
randomness in the models. Based on these models, we produce a series of �ndings.

5.1 Basic Findings

The main analysis results, including all three metrics about model inconsistency, bias, and imbalanced
inaccuracy, are shown in Table A17 and Table A18, with the former presenting models at a temperature
of 0 and the latter at a temperature of 1. Several key �ndings emerge.

Consistency. All models show considerable inconsistency in outputs, either with a temperature of 0
or 1. Among the 15 models with a temperature of 0, the average inconsistency is over 15%. This
means that around 18% of judicial documents lead to different outputs with varied value of labels.
When the temperature is set to 1, inconsistency notably goes higher. A deeper analysis of temperature
and consistency is shown in Section H.2.

Bias. Detailed results for each LLM and label's bias analysis are presented in Appendix F.3, while
the signi�cance levels of each label and model are visually illustrated in Appendix F.1. When
temperature is 0, all models show numerous label values that exhibit signi�cant bias, as shown
in Table A17. A Bernoulli test that sets signi�cant threshold at 0.1 and 0.05 show similar results,
suggesting signi�cant biases for 14 models out of 15 models.4 When the model temperature is set to
1, the overall pattern remains consistent: most models exhibit signi�cant overall biases, as presented
in Table A18. Moreover, the Bernoulli test applied to all LLMs in our sample show ap-value below
0.01, suggesting signi�cant biases across all models. More detailed restuls are shown in F.

Meanwhile, compared with substance factors, procedure factors are slightly more signi�cantly
biased, particularly judge characteristics. The difference between demographic labels and non-
demographic ones is much bigger. Demographic ones demonstrate signi�cantly more biases. Yet, all
non-demographic factors in both substance and procedure categories still exhibit signi�cant bias in
some models.CompulsorymeasureandCourt levelare two of the most biased labels.

3This notion has appeared under various names in the literature (Gupta et al., 2024), such as Accuracy Equity
(Dieterich et al., 2016) or Accuracy Difference (Das et al., 2021).

4It is also worth noting that models' biases are not completely randomly distributed, but concentrate more on
some labels. For example,defendantwealthshows signi�cant bias in 10 of the 13 models, whilevictim ageis
only biased in one model.
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Utilizing the LEEC labels that enable us to compare with real information of judicial documents, a
deeper analysis based on Appendix F.3 reveals thatLLM biases tend to mirror real-world judicial
biasesidenti�ed in prior empirical legal studies. For instance, if the defendant's gender signi�cantly
affects LLM sentencing, female defendants are generally treated more leniently, aligning with �ndings
from previous research (McCoy & Gray, 2007). This trend is consistent for other labels as well. In
the Chinese context, studies have shown that defendants with rural household registrations (Hukou)
are likely to suffer a judicial “penalty effect” compared to their urban counterparts (Jiang & Kuang,
2018). Similarly, if this label signi�cantly in�uences LLMs' biases, it tends to increase the severity of
sentencing. Meanwhile, labels typically absent from Chinese judicial documents, such as the parties'
sexual orientation, may also contribute to LLM bias. This suggests thatthe origins of LLM biases
are not necessarily con�ned to judicial records.

Imbalanced Inaccuracy. When the temperature is set to 0, 14 out of 15 models show signi�cant
unfairness. When the temperature is set to 1, several models exhibit partially insigni�cant results—that
is, at least one of the twop-value thresholds (0.1 and 0.05) fails to reach signi�cance. Moreover, the
Bernoulli test applied to all LLMs in our sample show ap-value below 0.01, suggesting signi�cant
imbalanced inaccuracy across all models. More detailed results are shown in Appendix G.5

5.2 Additional Results

We conduct additional analyses on metric correlations, temperature effects, and model characteristics,
revealing several key �ndings:1) Metric Correlations: Inconsistency is negatively correlated
with the number of biased label values, suggesting that greater output randomness may obscure
underlying biases. Bias is positively correlated with imbalanced inaccuracy, and models with higher
predictive accuracy tend to exhibit greater bias—implying a trade-off between performance and
fairness.2) Temperature Effects:Higher temperature settings signi�cantly increase inconsistency
while reducing the number of detectable biased label values, indicating that randomness in outputs
can mask unfair patterns.3) Model Characteristics: Neither newer release dates nor larger parameter
sizes lead to better fairness; larger models may even show more inconsistency. Additionally, models
developed in China and the U.S. display no consistent advantage over one another across fairness
metrics. See Appendix H for detailed information.

6 Conclusion

This study presents a systematic framework for evaluating LLM judicial fairness. We craft a multi-
dimensional framework for judicial fairness: it distinguishes between substantive and procedural
factors, and between demographic and non-demographic attributes, and thus, covers a broader range
of fairness dimensions than prior studies. Based on this, we construct a comprehensive label system
with 65 extra-legal factors and 161 different values, and implement it through JudiFair—a benchmark
of 177,100 counterfactually generated case facts. We assess 16 LLMs across three core metrics:
inconsistency, bias, and imbalanced inaccuracy. To ensure statistical rigor, we apply �xed-effect
regressions, cluster-robust standard errors, Bernoulli tests, and multiple robustness checks (as shown
in Appendix F.4), offering a comprehensive, robust and interpretable methodological foundation for
auditing LLMs in legal contexts.

Our results reveal pervasive fairness challenges: almost all models exhibitsubstantial and systematic
inconsistency, bias, and imbalanced inaccuracy. Notably, demographic attributes consistently
trigger more pronounced biases, and procedure-related factors remain largely underexamined in
existing literature despite their signi�cant in�uence. Moreover, our additional results underscore
inherent trade-offs between evaluation metrics, and the limited in�uence of model characteristics like
size, release date, or country of origin on mitigating bias. Future research could extend our framework
beyond the Chinese legal context and employ advanced prompting strategies like Chain-of-Thought
or RAG, and next-generation reasoning models, offer promising ways to enhance judicial fairness.

5It is also valuable to present the analysis of pure accuracy of LLM sentencing compared with real sentencing.
The mean of Weighted Average MAE of all models is 64.871. This means that on average, LLM models would
divert form the real sentences for over 5 years on sentencing length. This is far from satisfactory. The mean of
Weighted Average MAPE of all models is 219%, which means that LLMs' decisions are in general multiple
times harsher than the real sentence, leading to extensive deviation from real sentencing.
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Ethics Statement

The datasets used in this study are sourced exclusively from publicly available datasets created in prior
research and used with the permission of the original researchers, with no additional data collection
conducted. All data processing was conducted with care to protect personal information. This work
aims to promote transparency, accountability, and responsible evaluation of LLMs in high-stakes
domains such as law. The methodology, the dataset JudiFair, and the results of this study, as well as
the toolkit JustEva, are solely for LLM fairness evaluation and auditing, and should not replace any
human decision-making in real-world legal systems.

The inclusion of any laws in this study is purely for analytical purposes in evaluating LLM judicial
fairness and, unless explicitly stated, does not constitute or imply any normative judgment from the
authors.
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A Related Works (Detailed)

A.1 Classi�cation of LLM Fairness

Figure A1: Classi�cation of LLM fairness.

A.2 Fairness Evaluation

Fairness evaluation serves as a crucial component in the development of trustworthy language models.
A myriad of benchmarks exists to measure the bias of large language models, each with its unique
focus. We've categorized these biases into two types: human-related problems and LLM-related
problems.

Some studies concentrate on detecting LLM-related bias, which means those challenges are unique
to LLMs. The temperature parameter can affect an LLM's self-perception of attributes such as
age, gender (Miotto et al., 2022), and personality (La Cava & Tagarelli, 2024). Weight decay may
in�uence how LLMs handle low-frequency tokens, raising fairness concerns (Pinto et al., 2024).
Studies have also shown that LLMs sometimes produce negative responses in complex reasoning
tasks for unknown reasons (Yu et al., 2024). Requiring speci�c output formats may also impact
LLM performance, possibly due to extensive training on structured coding data (Long et al., 2024).
These benchmarks are relatively straightforward to construct and are limited to the scenarios models
encounter. While previous work in this area is well-developed, more value and opportunities for
improvement lie in addressing human-related problems.

LLMs often re�ect human-like behavior patterns. Societal and structural biases present in human-
generated data can lead to unfair LLM outputs (Dastin, 2018). In past research on human-related
problems, researchers have primarily focused on social fairness. For example, many researchers
primarily focus on evaluating gender bias. Winogender (Rudinger et al., 2018) evaluates gender
stereotypes using a collection of 3,160 sentences that cover 40 different professions. GAP, developed
by (Webster et al., 2018), provides 8,908 ambiguous pronoun-name pairs to evaluate gender bias in
coreference resolution tasks. At the same time, other research efforts have expanded their focus to
include a broader range of social factors. The Equity Evaluation Corpus, created by (Kiritchenko &
Mohammad, 2018), comprises 8,640 sentences that analyze sentiment variations towards different
gender and racial groups. PANDA, introduced by (Qian et al., 2022), presents a dataset of 98,583
text perturbations across gender, race/ethnicity, and age groups, where each pair of sentences alters
the social group but maintains the same semantic meaning. Lastly, the Bias Benchmark for QA
(BBQ) (Parrish et al., 2022), is a question-answering dataset consisting of 58,492 examples that aim
to evaluate bias across nine social categories, including age, disability status, gender, nationality,
physical appearance, race/ethnicity, religion, and socioeconomic status.

A minority of studies also evaluate fairness in domain-speci�c contexts. Bang et al. (2024) pro-
posed a �ne-grained framework to measure political bias in LLMs by analyzing both stance and
framing—what the model says and how it says it—across diverse political topics. Zhong et al.
(2024) demonstrated that LLMs like GPT-4 and BERT exhibit systematic gender bias in �nancial
decision-making tasks, highlighting the limitations of purely technical debiasing. Deroy & Maity
(2023) examined LLM biases on gender, race, country and religion in automated case judgment
summaries. However, the study lacked the use of statistical tools for drawing robust inferences,
and its evaluation focused solely on bias, overlooking other critical dimensions of LLM fairness.?
proposed an ethics-focused evaluation methodology using real-world legal cases to assess the legal
knowledge and ethical robustness of LLMs in the legal domain. However, the study relied on only 11
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judicial documents without robust statistical inferences, which is far too limited to support convincing
evaluation and conclusions.

Overall, these studies are subject to several important limitations.First , existing studies on LLM
bias—whether in general or domain-speci�c tasks—rely on at most nine labels, a scope that is
neither comprehensive nor methodologically systematic.Second, when evaluating multiple labels
across multiple models, researchers need to conduct experiments over and over again. Prior studies
on LLM fairness have largely overlooked a critical question: How can we distinguish genuine
fairness problems from observed patterns that may arise purely due to random noise in the data
through repeated experimentation? Without rigorous statistical inference, such distinctions remain
unclear.Third , many studies failed to recognize that fairness is a broader, multidimensional concept
compared with bias. The evaluation of fairness necessitates a comprehensive framework and must
not be con�ated with bias, which represents only one aspect of fairness Binns (2018). Thus, it is
not surprising that Blodgett et al. (2021) pointed out that several benchmarks suffer from unclear
bias de�nitions and issues with the validity of bias.Fourth , while some LLMs apply debiasing
techniques during post-training (Raj et al., 2024; Xu et al., 2024), ensuring fairness in judicial
contexts presents unique challenges due to the need for deep legal understanding. The high stakes
of judicial decisions further heighten the standards required for fairness. If LLMs can meet these
standards and deliver just outcomes comparable to human judges, the pursuit of social justice would
be signi�cantly advanced.Lastly, auditing LLM fairness should not end with a published paper. A
practical, academically grounded toolkit is essential to support broad-based evaluation and ongoing
improvement of LLM fairness, particularly when evaluating LLM fairness is a complicated task that
requires multi-dimensional, statistically rigorous methodology.

In our work, we introduce the concept of judicial fairness and systematically construct a fairness
evaluation framework for LLM's judicial fairness. Based on this framework, we propose 65 labels,
far more than the labels in previous works, to comprehensively assess the judicial fairness of large
language models.

A.3 Legal Datasets

In order to evaluate judicial fairness, it is crucial to place Large Language Models within legal
contexts. There are several existing legal NLP datasets that have annotated legal cases, primarily
analyzing human judgment outcomes. For instance, there are datasets like LEEC(Xue et al., 2024),
MUSER(Li et al., 2023a), CAIL2018(Xiao et al., 2018), and LEVEN(Yao et al., 2022).

CAIL2018 (Xiao et al., 2018) contains over 2.6 million criminal cases published by the Supreme
People's Court of China. However, its annotations merely cover legal articles, charges, and prison
terms, without providing detailed facts of the cases.

LEVEN (Yao et al., 2022), on the other hand, is a large-scale Chinese Legal Event detection dataset,
comprising 8,116 legal documents and 150,977 human-annotated event mentions across 108 event
types. Yet, for fairness evaluation, the provided legal event labels alone are insuf�cient.

LEEC (Xue et al., 2024) is another Chinese legal dataset consisting of 15,919 legal documents and
155 extra-legal factor labels. As pointed out by Ulmer in 2012, the practical application of the law is
signi�cantly in�uenced not only by legal factors but also by extra-legal ones. The comprehensive
label system, the large number of cases as well as the introduce of extra-legal labels ensure the
reliability of the dataset for research into model judicial fairness.

All these previous works are based on human judgments. To evaluate the judicial fairness of LLMs,
we can still utilize the existing legal datasets, but consider the LLM as the judge instead.
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B Label System (Detailed)

Our team of legal experts developed a comprehensive system comprising 65 labels for each of the four
categories outlined in the proposed fairness framework, as shown in Figure 1. Our annotation team
contains 3 legal experts, they all owns the Master of Law degree in China. When annotating, they
get paid by$10 per hour. By judging each label, they �rst give their own choice. If they encounter
inconsistent results, they make a decision through voting after negotiation.

Detailed information about these labels is presented in Table A2 to Table A5.

This labeling system builds upon the existing LEEC dataset (Xue et al., 2024), which includes 155
manually annotated legal and extra-legal labels, along with the corresponding trigger sentences that
may in�uence sentencing outcomes across a vast collection of Chinese judicial documents. The
labels in the LEEC dataset were selected by legal experts and informed by a comprehensive review of
empirical legal studies speci�c to the Chinese context. This expert-driven approach ensures that the
extra-legal labels are highly relevant and likely to impact judicial decisions in practice. For instance,
whether the defendant is represented by legal aid lawyers or private attorneys can signi�cantly
in�uence sentencing outcomes (Agan et al., 2021). This label is annotated in the LEEC dataset and is
also included in the current system to examine its potential impact on LLM decisions. As a result, the
LEEC dataset provides a solid foundation for label selection and data construction. It also enables
us to explore potential relationships between fairness issues in real judicial documents and those in
LLM decision-making.

However, when examining LLM fairness, we are not strictly limited to the information explicitly
recorded in judicial documents, as is the case with LEEC. For instance, sexual orientation is widely
recognized as a signi�cant source of bias and stereotype in judicial decision-making, yet it is not
typically documented in Chinese judicial records. Consequently, LEEC is unable to account for
this important factor. Similarly, information regarding parties other than the defendant—such as
judges, juries, and victims—is largely absent from real judicial documents. To address these gaps,
we incorporated additional labels to cover critical attributes missing from judicial records. This
expansion signi�cantly broadens the scope of LLM fairness evaluation.

Speci�cally, substantive factors include demographic labels for defendants and victims, as well as
non-demographic extra-legal factors such as crime date, time, and location. The labels selected
from LEEC include various defendant demographic factors like sex, ethnicity, education level, age,
and more. Procedure factors encompass demographic information for defenders, prosecutors, and
judges.6 As these procedural demographic labels are not available in real judicial documents or LEEC,
we added them to our system. For procedural non-demographic factors, we included elements from
LEEC, such as whether a recusal is applied by the defendant, whether a supplementary civil action is
initiated with the criminal case. For critical factors not typically recorded in judicial documents, we
supplemented our label system to include crucial procedure elements such as whether the trial is open
to the public, whether it is broadcast online, the duration of the trial process, whether the judgment is
delivered immediately following the trial, etc. Overall, our approach allows us to capture a broader
range of procedural fairness considerations in LLM fairness evaluation.

6For prosecutors and judges, we exclude labels like education level and occupation because Chinese law
mandates speci�c thresholds for these positions. However, for defenders, we retain these labels, as Chinese law
permits defendants' guardians, close relatives, or individuals recommended by a people's organization or work
unit to serve as defenders, introducing variability in these characteristics.
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C Prompt Standardization

C.1 LLM Inputs

Result Format. Legal tasks for LLMs typically involve long texts, which signi�cantly increase task
complexity and affect the accuracy of LLM outputs (Parizi et al., 2023). This complexity is further
ampli�ed in judgment prediction tasks, which do not provide prede�ned answer candidates but instead
expect a numerical outcome. Previous works have attempted to reduce this complexity by framing
the question as a binary choice (Trautmann et al., 2022). However, (Healey et al., 2024) demonstrated
that leaving space for the LLM to generate its own responses is critical for bias detection tasks. To
strike a balance, and inspired by the minimalist approach of Meta Prompting (Zhang, 2023), we
aim to limit the tokens in model outputs through format restrictions—speci�cally, a JSON structure
containing only the metrics necessary for evaluation. For the numerical result, we still allow the LLM
to generate free predictions for each query.

Prompting Techniques. Providing examples through the Few-Shot Prompting technique can improve
the accuracy of judgments for LLMs (Parizi et al., 2023). However, this method signi�cantly increases
the token count. Additionally, (Cattan et al., 2024) highlighted that LLMs are sensitive to similar
cases and may overlook differences in trigger sentences when queries are kept within a single context.
To address these challenges, we adopt a Few-Shot technique that focuses on providing an example
output without including examples of questions, thus avoiding the risk of confusing the LLM with
irrelevant long texts.

Input Structure . Our input begins with a role-play prompt, which has been shown to enhance LLM
performance in context-speci�c reasoning tasks (Kong et al., 2023): ”Ignore your identity as an
AI... You are now a judge pro�cient in Chinese law.” This is followed by a task de�nition: ”You
need to make a judgment based on the case presented by the prosecutor, and provide a sentencing
result according to Chinese criminal justice.” Next, we outline all critical rules, including the required
output format, the basic sentencing provisions for the combined punishment of multiple crimes in
China, and special rules for being not guilty, receiving the death penalty and life imprisonment, etc.
The next step is to use a padding token ”¡Start of Case Presentation¿” to introduce case facts and
parties from our dataset, along with the trigger sentences constructed earlier. To conclude, we prompt
the LLM to begin performing the task with: ”Please output the json structure of the sentencing result
of the defendant according to the format given above.” A full structure of our input is given in Figure
A2.

Examples. Figures A3 and A4 provide visual illustrations and examples of our evaluation method,
demonstrating how counterfactuals are constructed and presented to LLMs during the sentencing
prediction task. In Figure A3, the Attributes section indicates the speci�c judicial factor under
examination, such as Court Level, while the Trigger Sentences highlight variations in the factual
scenarios. For example, the same crime is judged under different court levels: primary, intermediate,
and higher people's courts. This controlled variation is seamlessly integrated into the LLM Input,
where the model is prompted with a complete role-play scenario, instructing it to deliver a sentencing
decision according to Chinese criminal law. The LLM Output section displays the sentencing
outcomes generated by the model for each counterfactual scenario, allowing for a direct comparison
of LLM responses to identical legal facts under different attribute settings.

Figure A4 follows a similar structure, focusing on Gender Recognition - Defendant as the varying
attribute. It shows the defendant's gender expressed as male, female, and non-binary in the Trigger
Sentences, while all other case facts remain constant. This design isolates the impact of gender on
LLM decision-making, offering insight into potential biases linked to demographic attributes. In both
examples, the use of counterfactual prompting enables a systematic and controlled examination of
LLM consistency and fairness across legally relevant factors.

C.2 Prompt Evaluation

Before the actual experiment, the prompt is evaluated on a selective set of LLMs. The evaluation
focuses on the cohesion with which the LLM adheres to the format requirements and the potential
variations the prompt might generate. Each query is run three times to assess the extent of variation,
with a total of 420 queries completed. Based on the outputs observed, we consider the �nal prompt
competent for the task and proceed to construct the dataset for LLM inputs.
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Figure A2: Construction of our inputs.
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Figure A3: Examples of our evaluation method (I).

Figure A4: Examples of our evaluation method (II).
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D Evaluation Metrics

D.1 Comparison of Imbalanced Inaccuracy and Bias across Scenarios

Figure A5: Comparison of imbalanced inaccuracy and bias across scenarios. In Scenario 1, LLMs
predict 100 months for male defendants and 200 months for female defendants while real sentences are
150 months for both. There is LLM gender-based bias but no imbalanced inaccuracy, as the absolute
deviation is equal. Similarly, in Scenario 2, there is LLM gender-based bias but no imbalanced
inaccuracy. In Scenario 3, compared with real sentencing, there are both bias and imbalanced
inaccuracy of LLMs. All numbers are fully hypothesized to illustrate the concepts.
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E Overall Information of Models, Labels, and Results

E.1 Model Information

Table A1 provides an overview of the models used in our evaluation, organized in chronological
order based on their release dates. For each model, the table lists the model name, publication
date, parameter count, and the nation of origin. Models with ”Unknown” parameter counts indicate
proprietary or undisclosed information at the time of evaluation. We intentionally selected a diverse
set of models spanning different nations, release dates, and parameter sizes to ensure a comprehensive
evaluation of LLM fairness across various con�gurations.

Model Name Publication Date Parameter Count Nation
Glm 4 2024-01-16 Unknown China
Gemini Flash 1.5 2024-05-14 Unknown U.S.
Mistral Nemo 2024-07-19 12B U.S.
Llama 3.1 8B Instruct 2024-07-23 8B U.S.
Glm 4 Flash 2024-08-27 9B China
Qwen2.5 72B Instruct 2024-09-19 72B China
LFM 40B MoE 2024-09-30 40B U.S.
Gemini Flash 1.5 8B 2024-10-03 8B U.S.
Qwen2.5 7B Instruct 2024-10-19 7B China
Nova Lite 1.0 2024-12-04 Unknown U.S.
Nova Micro 1.0 2024-12-05 Unknown U.S.
DeepSeek V3 2024-12-26 671B China
Phi 4 2025-01-10 14B U.S.
DeepSeek R1-32B Qwen 2025-01-20 32B China
LFM 7B 2025-01-25 7B U.S.
Mistral Small 3 2025-01-30 24B France

Table A1: Overall information of models.
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E.2 Summarized Label Information and De�nition

Table A2 to Table A5 summarize the label names, label de�nitions, and the values of the labels.

Label Name Label Description Label Value
Substance and Demographic Factors

Defendantsex A DEFENDANT SEX element refers to the sex
of the defendant.

Female; Gender Non-
Binary; Male (Reference)

Defendantsexualorientation A DEFENDANT SEXUAL ORIENTATION
element refers to the sexual orientation of the
defendant.

Homosexual; Bisexual;
Heterosexual (Reference)

Defendantethnicity A DEFENDANT ETHNICITY element refers
to the ethnicity of the defendant.

Ethnic Minority; Han
(Reference)

Defendantage A DEFENDANT AGE element refers to the
age of the defendant.

Age

Defendanteducation A DEFENDANT EDUCATION element refers
to the education level of the defendant

Below High School;
High School or Above
(Reference)

Defendantoccupation A DEFENDANT OCCUPATION element
refers to the occupation of the defendant
categorized into three types.

Farmer; Unemployed;
Worker (Reference)

Defendanthouseholdregist
ration

A DEFENDANT HOUSEHOLD REGISTR
ATION element refers to the place of regis-
tered permanent residence of the defendant, also
known asHukouin Chinese.

Not Local; Local (Refer-
ence)

Defendantnationality A DEFENDANT NATIONALITY element
refers to the nationality of the defendant.

Foreigner; Chinese (Ref-
erence)

Defendantpolitical backgr
ound

A DEFENDANT POLITICAL BACKGROU
ND element refers to the poltical background
of the defendant.

CCP; Other Party; Mass
(Reference)

Defendantreligion A DEFENDANT RELIGION element refers to
the religious belief of the defendant

Islam; Buddhism; Chris-
tianity; Atheism (Refer-
ence)

Defendantwealth A DEFENDANT WEALTH element refers to
the �nancial status of the defendant

Penniless; A Million Sav-
ing (Reference)

Victim sex A VICTIM SEX element refers to the sex of
the victim.

Female; Gender Non-
Binary; Male (Reference)

Victim sexualorientation A VICTIM SEXUAL ORIENTATION element
refers to the sexual orientation of the victim.

Homosexual; Bisexual;
Heterosexual (Reference)

Victim ethnicity A VICTIM ETHNICITY element refers to the
ethnicity of the victim.

Ethnic Minority; Han
(Reference)

Victim age A VICTIM AGE element refers to the age of
the victim.

Age

Victim education A VICTIM EDUCATION element refers to the
education level of the victim.

Below High School;
High School or Above
(Reference)

Victim occupation A VICTIM OCCUPATION element refers to
the occupation of the victim categorized into
three types.

Farmer; Unemployed;
Worker (Reference)

Victim householdregistration A VICTIM HOUSEHOLDREGISTRATION
element refers to the place of registered per-
manent residence of the victim, also known as
Hukouin Chinese.

Not Local; Local (Refer-
ence)

Table A2: List of summarized label information and de�nition (I).

20



Presented as a workshop paper at COLM 2025 SOLAR

Label Name Label Description Label Value
Victim nationality A VICTIM NATIONALITY element refers

to the nationality of the victim.
Foreigner; Chinese (Ref-
erence)

Victim political background A VICTIM POLITICAL BACKGROUND
element refers to the political background of
the victim.

CCP; Other Party; Mass
(Reference)

Victim religion A VICTIM RELIGION element refers to the
religious belief of the victim.

Islam; Buddhism; Chris-
tianity; Atheism (Refer-
ence)

Substance and Non-Demographic Factors
Victim wealth A VICTIM WEALTH element refers to the

�nancial status of the victim.
Penniless; A Million
Saving (Reference)

Crime location A CRIME LOCATION element refers to the
location where the crime took place.

Rural; Urban (Refer-
ence)

Crime date A CRIME DATE element refers to the season
in which the crime occurred.

Summer; Autumn; Win-
ter; Spring (Reference)

Crime time A CRIME TIME element refers to the time
of day when the crime occurred.

Afternoon; Morning
(Reference)

Procedure and Demographic Factors
Defendersex A DEFENDER SEX element refers to the sex

of the defender.
Female; Gender Non-
Binary; Male (Refer-
ence)

Defendersexualorientation A DEFENDERSEXUAL ORIENTATION
element refers to the sexual orientation of the
defender.

Homosexual; Bisexual;
Heterosexual (Refer-
ence)

Defenderethnicity A DEFENDERETHNICITY element refers
to the ethnicity of the defender.

Ethnic Minority; Han
(Reference)

Defenderage A DEFENDERAGE element refers to the
age of the defender.

Age

Defendereducation A DEFENDER EDUCATION element refers
to the education level of the defender.

Below High School;
High School or Above
(Reference)

Defenderoccupation A DEFENDEROCCUPATION element
refers to the occupation of the defender
categorized into three types.

Farmer; Unemployed;
Worker (Reference)

Defenderhouseholdregistr
ation

A DEFENDER HOUSEHOLD REGISTR
ATION element refers to the place of reg-
istered permanent residence of the defender,
also known asHukouin Chinese.

Not Local; Local (Refer-
ence)

Defendernationality A DEFENDERNATIONALITY element
refers to the nationality of the defender.

Foreigner; Chinese (Ref-
erence)

Defenderpolitical backgro
und

A DEFENDERPOLITICAL BACKGROU
ND element refers to the political background
of the defender.

CCP; Other Party; Mass
(Reference)

Defenderreligion A DEFENDER RELIGION element refers to
the religious belief of the defender.

Islamic; Buddhism;
Christianity; Atheism
(Reference)

Defenderwealth A DEFENDERWEALTH element refers to
the �nancial status of the defender.

Penniless; A Million
Saving (Reference)

Prosecuratesex A PROSECURATESEX element refers to
the sex of the prosecutor.

Female; Gender Non-
Binary; Male (Refer-
ence)

Prosecuratesexualorientati
on

A PROSECURATESEXUAL ORIENTAT
ION element refers to the sexual orientation
of the prosecutor.

Homosexual; Bisexual;
Heterosexual (Refer-
ence)

Prosecurateethnicity A PROSECURATEETHNICITY element
refers to the ethnicity of the prosecutor.

Ethnic Minority; Han
(Reference)

Table A3: List of summarized label information and de�nition (II).
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Label Name Label Description Label Value
Prosecurateage A PROSECURATEAGE element refers to the

age of the prosecutor.
Age

Prosecuratehouseholdregi
stration

A PROSECURATEHOUSEHOLD REGISTR
ATION element refers to the place of registered
permanent residence of the prosecutor.

Not Local; Local (Refer-
ence)

Prosecuratepolitical backg
round

A PROSECURATEPOLITICAL BACKGRO
UND element refers to the political background
of the prosecutor.

CCP; Other Party; Mass
(Reference)

Prosecuratereligion A PROSECURATERELIGION element refers
to the religious belief of the prosecutor.

Islamic; Buddhism;
Christianity; Atheism
(Reference)

Prosecuratewealth A PROSECURATEWEALTH element refers
to the �nancial status of the prosecutor.

Penniless; A Million Sav-
ing (Reference)

Judgesex A JUDGE SEX element refers to the sex of the
presiding judge.

Female; Gender Non-
Binary; Male (Reference)

Judgesexualorientation A JUDGE SEXUAL ORIENTATION element
refers to the sexual orientation of the presiding
judge.

Homosexual; Bisexual;
Heterosexual (Reference)

Judgeethnicity A JUDGE ETHNICITY element refers to the
ethnicity of the presiding judge.

Ethnic Minority; Han
(Reference)

Judgeage A JUDGE AGE element refers to the age of the
presiding judge.

Age

Judgehouseholdregistratio
n

A JUDGE HOUSEHOLDREGISTRATION
element refers to the place of registered perma-
nent residence of the presiding judge.

Not Local; Local (Refer-
ence)

Judgepolitical background A JUDGE POLITICAL BACKGROUND el-
ement refers to the political background of the
presiding judge.

CCP; Other Party; Mass
(Reference)

Judgereligion A JUDGE RELIGION element refers to the
religious belief of the presiding judge.

Islamic; Buddhism;
Christianity; Atheism
(Reference)

Judgewealth A JUDGE WEALTH element refers to the �-
nancial status of the presiding judge.

Penniless; A Million Sav-
ing (Reference)

Procedure and Non-Demographic Factors
Compulsorymeasure A COMPULSORY MEASURE element refers

to judicially imposed restrictions on the per-
sonal freedom of criminal suspects or defen-
dants.

Compulsory Measure;
No Compulsory Measure
(Reference)

Court level A COURT LEVEL element refers to the hier-
archical classi�cation of the court adjudicating
the case.

Intermediate Court; High
Court; Primary Court
(Reference)

Court location A COURT LOCATION element refers to the
geographical jurisdiction of the court handling
the case.

Rural; Urban (Reference)

Collegial panel A COLLEGIAL PANEL element refers to
whether the case is adjudicated by a panel of
judges or a single judge.

Collegial Panel; Single
Judge (Reference)

Assessor An ASSESSOR element refers to whether the
trial includes assessors.

No People's Assessor;
With People's Assessor
(Reference)

Pretrial conference A PRETRIAL CONFERENCE element refers
to whether the court determined that a pretrial
conference for a case should be held.

With Pretrial Conference;
No Pretrial Conference
(Reference)

Pretrial conference A PRETRIAL CONFERENCE element refers
to whether the court determined that a pretrial
conference for a case should be held.

With Pretrial Conference;
No Pretrial Conference
(Reference)

Table A4: List of summarized label information and de�nition (III).
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Label Name Label Description Label Value
Online broadcast An ONLINE BROADCAST element refers to

whether the trial proceedings were publicly
broadcasted online.

Online Broadcast; No
Online Broadcast (Refer-
ence)

Opentrial An OPENTRIAL element refers to whether
the court conducted the trial in an open session
accessible to the public.

Open Trial; Not Open
Trial (Reference)

Defendertype A DEFENDERTYPE element refers to
whether the defendant was represented by a
court-appointed counsel or a privately retained
attorney.

Appointed Defender; Pri-
vately Attained Defender
(Reference)

Recusalapplied A RECUSAL APPLIED element refers to
whether a motion for judicial recusal was �led
in the case.

Recusal Applied; No
Recusal Applied (Refer-
ence)

Judicial committee A JUDICIAL COMMITTEE element refers to
whether the court submitted the case to the judi-
cial committee for discussion.

With Judicial Committee;
No Judicial Committee
(Reference)

Litigation Duration A LITIGATION DURATION element refers to
the length of the trial proceedings.

Prolonged Litigation;
Short Litigation (Refer-
ence)

Immediatejudgement An IMMEDIATE JUDGEMENT element
refers to whether the court rendered a judgment
immediately after the trial.

Immediate Judgement;
Not Immediate Judge-
ment (Reference)

Table A5: List of summarized label information and de�nition (IV).
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E.3 Details on Labels and Trigger Sentences and Excluded Cases

Table A6 to Table A16 present the label names, the values of the labels, corresponding trigger
sentences, and excluded cases in detail.

Trigger sentences are generated for each label value in analogous format. They are the only variable
component in the prompts when processing each dataset entry. All other elements of the prompts
remain constant, as illustrated in Figure A3 and Figure A4. However, it should be noted that in
some instances, the facts presented in the cases might not align with the trigger sentences. In those
instances, we prompt the LLM to prioritize facts presented in trigger sentences.

Excluded cases refer to crimes in which the label under consideration constitutes a legally de�ning
factor rather than an extra-legal attribute—meaning judicial decision-makers are legally required to
consider it during sentencing. As a result, judicial outcomes are expected to vary by law based on the
label's value. In such instances, any variation in LLM predictions may only re�ect legally prescribed
differences rather than LLM unfairness. To avoid introducing noise in the evaluation of LLM fairness,
we exclude these cases for the relevant labels in the JudiFair dataset.
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E.4 Overall Results

Tables A17 and A18 summarize the statistics of evaluation metrics for LLMs with a temperature of 0
and 1, respectively, including inconsistency, bias, accuracy (measured by weighted average MAE
and MAPE), imbalanced inaccuracy. The p-value indicates the probability of observing the results,
or more extreme ones, assuming that there is no true effect or bias in the model. A lower p-value
suggests stronger evidence against the null hypothesis, implying the presence of signi�cant bias.

The Inconsistency metric measures the degree to which model outputs change when only a single
label value is altered in the input data. This value is calculated as the proportion of judicial documents
in which the LLM's output varies solely due to changes in the speci�ed label value. A higher
inconsistency score indicates greater instability in model predictions under minor perturbations,
suggesting susceptibility to label-speci�c �uctuations. This measure is further weighted by the valid
sample size of each label to ensure representativeness across different categories.

The Bias No. column reports the total number of biased label values identi�ed for each model. Bias
is determined through regression analysis, where the log-transformed sentencing length is regressed
on label values while controlling for �xed document effects. If the label value demonstrates statistical
signi�cance (at the 10% or 5% level) in in�uencing the model's predictions, it is counted as a biased
label. Thus, a higher value in this column indicates greater evidence of systematic bias in the model's
predictions.

The Bias p-value (10%) and Bias p-value (5%) columns present the p-values from binomial tests,
which assess the likelihood of observing the detected number of biased labels purely by chance. The
binomial test models the identi�cation of signi�cant biases as a series of Bernoulli trials. A lower
p-value implies stronger evidence against the null hypothesis of no systematic bias. Speci�cally,
the 10% and 5% columns represent tests conducted at different signi�cance thresholds, indicating
varying levels of statistical con�dence.

The Wt. Avg MAE (Weighted Average Mean Absolute Error) column quanti�es the average absolute
deviation between the LLM's predicted sentencing length and the actual judicial outcome. This
metric is weighted by the valid sample size for each label, ensuring that the overall error measure
re�ects the distribution of samples. A smaller MAE value suggests better alignment between model
predictions and real-world judgments.

The Wt. Avg MAPE (Weighted Average Mean Absolute Percentage Error) column represents the
average percentage difference between predicted and actual sentencing lengths, also weighted by
sample size. Unlike MAE, MAPE standardizes the error relative to the magnitude of the true value,
offering insight into the proportional accuracy of the model's predictions. Lower MAPE values
indicate a smaller relative error in predictions.

The Unfair Inacc. No. column captures the total number of label values that demonstrate signi�cant
unfairness in predictive inaccuracy. This measure is derived from regression analyses where the
absolute prediction errors are regressed against label values. If certain labels are consistently
associated with larger or smaller errors, they are �agged as sources of unfair inaccuracy. This is
conceptually distinct from bias, as it focuses on error distribution rather than directional skew.

The Unfair Inacc. p-value (10%) and Unfair Inacc. p-value (5%) columns report the results of
binomial tests evaluating the statistical signi�cance of the unfair inaccuracy observed for certain label
values. These p-values indicate the probability that the observed number of unfair inaccuracies could
arise by chance if the model were entirely fair in its error distribution. As with the bias analysis, a
lower p-value denotes stronger evidence of systematic discrepancies.
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Index Model InconsistencyBias No.
Bias

p-value
(10%)

Bias
p-value
(5%)

Wt. Avg MAE Wt. Avg
MAPE

Unfair
Inacc.
No.

Unfair Inacc.
p-value (10%)

Unfair Inacc.
p-value (5%)

1 DeepSeek R1-32B
Qwen 0.551 22 0 0 46.341 122.468 9 0.631 0.205

2 Glm 4 0.142 27 0 0 60.172 187.157 19 0 0
3 Glm 4 Flash 0.075 26 0 0 73.382 219.742 18 0 0

4 Qwen2.5 72B
Instruct 0.14 30 0 0 61.759 169.048 29 0 0

5 Qwen2.5 7B
Instruct 0.115 25 0 0 80.049 214.602 28 0 0

6 Gemini Flash 1.5 0.134 30 0 0 56.142 165.735 35 0 0

7 Gemini Flash 1.5
8B 0.102 33 0 0 57.077 219.444 31 0 0

8 LFM 40B MoE 0.588 12 0.25 0.205 111.115 555.326 15 0.054 0.108
9 LFM 7B MoE 0.191 26 0 0 62.185 237.941 25 0 0
10 Nova Lite 1.0 0.186 23 0 0 58.059 224.978 22 0 0
11 Nova Micro 1.0 0.216 24 0 0 68.342 269.047 23 0 0
12 Mistral Small 3 0.186 19 0 0 69.714 227.233 18 0 0
13 Mistral Nemo 0.119 25 0 0 59.286 179.015 20 0 0

14 Llama 3.1 8B
Instruct 0.174 26 0 0 61.449 142.944 16 0 0

15 Phi 4 0.173 39 0 0 47.995 142.787 25 0 0

Table A17: Overall results of LLMs with a temperature of 0.

Index Model InconsistencyBias No.
Bias

p-value
(10%)

Bias
p-value
(5%)

Wt. Avg MAE Wt. Avg
MAPE

Unfair
Inacc.
No.

Unfair Inacc.
p-value (10%)

Unfair Inacc.
p-value (5%)

1 DeepSeek R1-32B
Qwen 0.740 13 0.010 0.018 48.924 148.945 10 0.325 0.094

2 DeepSeek V3 0.657 11 0.161 0.051 49.490 131.416 12 0.029 0.022

3 Qwen2.5 72B
Instruct 0.595 12 0.029 0.022 59.386 171.185 7 0.631 0.205

4 Qwen2.5 7B
Instruct 0.662 15 0.003 0.001 69.425 186.782 13 0.001 0.022

5 Gemini Flash 1.5 0.278 20 0.000 0.000 56.132 165.741 23 0.000 0.000

6 Gemini Flash 1.5
8B 0.417 22 0.000 0.000 57.219 218.903 16 0.003 0.001

7 LFM 40B MoE 0.786 13 0.003 0.003 96.859 453.687 10 0.161 0.205
8 LFM 7B 0.732 13 0.007 0.003 75.224 317.864 13 0.054 0.051
9 Nova Lite 1.0 0.837 18 0.000 0.000 59.222 228.062 16 0.000 0.000
10 Nova Micro 1.0 0.829 13 0.007 0.003 64.461 269.058 10 0.161 0.051
11 Mistral Small 3 0.769 12 0.014 0.001 74.644 266.787 5 0.631 0.205

12 Llama 3.1 8B
Instruct 0.174 26 0.000 0.000 61.449 142.944 16 0.000 0.000

13 Phi 4 0.765 12 0.029 0.003 50.991 157.991 8 0.364 0.527
14 Mistral Nemo t1 0.699 15 0.007 0.205 55.921 185.153 9 0.495 0.348

Table A18: Overall results of LLMs with a temperature of 1.
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