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ABSTRACT

Large language models (LLMs) are increasingly applied to tasks such as code
completion, generation, debugging, and optimization. However, they may inherit
social biases from their training data, potentially leading to unfair or discriminatory
behavior in sensitive domains. Despite the growing use of LLMs in software
development, there is still a lack of systematic fairness evaluation for code com-
pletion scenarios. Existing research primarily induces biases using pure natural
language prompts or synthetic code snippets, which fail to capture the complexity
of real-world code completion and are prone to triggering LLMs’ ethical safeguard
mechanisms. Furthermore, current bias detection methods heavily rely on LLMs’
self-judgment, whose reliability remains uncertain. To address these challenges, we
introduce CodeBiasBench, a benchmark specifically designed to evaluate fairness
in code completion. CodeBiasBench provides over 5000 template-based tasks and
includes two complementary subsets: the Sensitive subset, which retains mini-
mal conditions related to sensitive attributes, and the Neutralized subset, which
removes them entirely to avoid triggering safeguard mechanisms. This design
enables us to observe both explicit and implicit disparities while maintaining task
relevance. Additionally, we propose Contrastive Chain of Thought (CCoT), a novel
detection method that performs contrastive reasoning between generated outputs
under different sensitive-attribute conditions. CCoT focuses on identifying unwar-
ranted disparities rather than mere sensitivity, thereby improving the robustness
and accuracy of fairness evaluation. We conduct comprehensive experiments with
CodeBiasBench and CCoT, revealing hidden correlations between task-relevant
and sensitive features, and providing actionable insights for mitigating unfairness
in LLM-based code generation.

1 INTRODUCTION

The rapid development of deep learning, particularly in natural language processing (Vaswani et al.,
2017; Devlin et al., 2019) and automatic code generation (Zhao et al., 2023; Chen et al., 2024),
revolutionizes the landscape of software development. Large language models (LLMs), such as GPT-
4 (Achiam et al., 2023) and CodeLLaMA (Roziere et al., 2023), demonstrate impressive capabilities
in tasks like code completion, generation, debugging, and optimization. Moreover, GitHub has
developed and released Copilot, an automatic code completion tool that has been widely adopted in
software development processes (Wermelinger, 2023).

Despite this prevalence, the advancement of technologies also brings new trustworthy risks (Barrett
et al., 2023). The code generated by large language models may inherit societal biases embedded in
training data, such as those related to race, gender, and social norms (Huang et al., 2023; Liu et al.,
2023b). As LLMs become indispensable in software development, these biases pose potential risks of
unfairness in society, leading to discriminatory practices in recruitment and education, biased lending
decisions in finance, skewed treatments in healthcare, and prejudiced judgments in the legal field.
However, the detection and evaluation of biases in code generation remain inadequate. This gap
drives the development of our novel benchmarks and detection methods, to lay the groundwork for
reducing societal biases in code generation models.

Recent works (Huang et al., 2023; Liu et al., 2023b) investigate the social biases in code generation.
Huang et al. (2023) explores biases in scenarios where pure natural language input is used for code
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Figure 1: Our code bias detection pipeline. We use templates to simulate scenarios with bias and
code generation models to generate code with bias. The code is processed according to two different
prompt templates to build two different code deviation detection datasets. Different LLMS were
detected and CCoT detection method was introduced to compare the CBS results.

generation. Liu et al. (2023b) employs artificially crafted code examples containing negative sensitive
terms (e.g., "bad", "disgusting") to induce biases in-context. However, in everyday code writing,
tools like Copilot primarily focus on code completion tasks, where the input consists of incomplete
code. Therefore, both the pure natural language input and the simple in-context code examples
fail to reflect the complexity of real-world scenarios. Moreover, biased natural language inputs
or biased code examples may trigger the ethical safeguard mechanisms in large language models,
which can reject code generation requests. This leads to potential inaccuracies in bias detection
within LLMs. Additionally, these studies exhibit significant flaws in the bias detection methods used
for code generation models. Liu et al. (2023b) employs an LSTM model as a tokenizer for binary
classification, while Huang et al. (2023) further applies LLMs for detection, combining zero-shot and
few-shot approaches. However, whether LLMs possess comprehensive self-supervised capabilities
remains uncertain. Since LLMs may generate biased code that contradicts ethical guidelines, it
suggests that they might not possess the necessary ability to detect biases effectively.

In this work, we define bias as the presence of unwarranted or disproportionate differences in model
outputs when task-irrelevant sensitive attributes (e.g., age, gender, region) are altered. This definition
follows a fairness specification that ensures the primary functionality of code completion remains
unaffected by such attribute changes, providing a principled way to evaluate fairness in generated
code. By adopting this definition, we focus not merely on sensitivity analysis, but on identifying
disparities that would be undesirable in real-world software development scenarios.

To address these challenges, we introduce a novel benchmark, CodeBiasBench, designed to evaluate
the fairness of code generated by large language models. Our focus is on more practical code
completion scenarios. In the design of code requiring completion, we implement precise control over
conditions to reduce potential biases related to sensitive attributes such as gender and race, thereby
avoiding triggering ethical safeguard mechanisms within LLMs that could lead to the rejection of
requests. We design two complementary subsets: the Sensitive subset, which retains or replaces
a small number of conditions related to sensitive attributes to observe explicit biases; and the
Neutralized subset, which further removes all conditions associated with sensitive attributes to avoid
triggering the ethical safeguard mechanisms of large models, thereby revealing potential implicit
biases.

Moreover, to enhance the effectiveness of bias detection, we propose a new detection
method—Contrastive Chain of Thought (CCoT). Unlike traditional bias detection methods (Ho-
rych et al., 2024), CCoT employs contrastive reasoning to analyze the generated code, comparing
results across different input scenarios, thus effectively identifying potential biases. Fundamentally,
CCoT represents a new technique for self-detection of bias in code generation that does not fully rely
on LLM outputs.

CodeBiasBench and CCoT together form a complete framework for fairness evaluation and bias
detection: the former provides controllable and reproducible code-completion input scenarios, where
the outputs for the Sensitive and Neutralized subsets are generated via LLM completion; the latter
performs contrastive reasoning analysis on these generated results, yielding the final CBS bias score.
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Figure 1 illustrates this process: starting from template-based dataset construction, the framework
generates code through LLM completion, then uses CCoT to analyze the differences between subset
outputs, thereby quantifying both explicit and implicit biases of the model.

Our experimental analysis reveals that code generation models exhibit significant bias across sensitive
attributes such as age, region, gender, and race. Even after removing explicit sensitive indicators,
many models still demonstrate strong implicit bias tendencies—for instance, some models show
increased bias scores in the Neutralized subset compared to the Sensitive subset. This suggests that
models may capture and reproduce hidden correlations between task-relevant and sensitive features.
In evaluating bias detection methods, our approach achieves superior performance across both
individual attributes and multi-label consistency, demonstrating strong robustness and generalization
in diverse detection scenarios.

The primary contributions of this work can be summarized as follows:

* We introduce a novel benchmark, CodeBiasBench, designed to assess the fairness of code
generated by large language models (LLMs). CodeBiasBench focuses on more practical
code completion scenarios and minimizes potential biases in the input to avoid triggering
ethical safeguard mechanisms within LLMs.

* We propose a new detection method, Contrastive Chain of Thought (CCoT). CCoT represents
a new technique for self-supervised bias detection that does not rely entirely on LLMs,
addressing their limitations in identifying biases.

* We conduct comprehensive experiments and analysis using CodeBiasBench and CCoT on
LLM-based code completion tasks to uncover the presence of social biases in the generated
code.

2 RELATED WORK

2.1 LLMSs FOR CODE GENERATION

Large language models (LLMs) excel in tasks such as program repair (Haque et al., 2023; Jiang
et al., 2023), automated testing (Lemieux et al., 2023; Deng et al., 2023), code translation (Roziere
et al., 2020; Ahmad et al., 2021), type prediction (Mir et al., 2022; Wei et al., 2023), and code
summarization (Hasan et al., 2021; Ahmed & Devanbu, 2022). A growing number of models have
been proposed, including AlphaCode (Li et al., 2022), CodeGen (Nijkamp et al., 2022), CodeT5+
(Wang et al., 2023), InCoder (Fried et al., 2022), StarCoder (Li et al., 2023), SantaCoder (Allal et al.,
2023), DeepSeek Coder (DeepSeek, 2023), Codex (Chen et al., 2021), and CodeLLaMA (Roziere
et al., 2023). As LLMs become indispensable in software development, ensuring the quality and
security of generated code becomes crucial. Existing evaluations, such as HumanEval (Chen et al.,
2021), MBPP (Austin et al., 2021), HumanEval+ (Liu et al., 2023a), ReCode (Wang et al., 2022),
HumanEval-X (Zheng et al., 2023), MultiPLe (Cassano et al., 2023), MBXP (Athiwaratkun et al.,
2022), DS-1000 (Lai et al., 2023), ARCADE (Yin et al., 2022), NumpyEval (Zan et al., 2022), and
PandasEval (Jain et al., 2022), primarily focus on functional correctness. However, the evaluation
and detection of biases in code generation remain insufficient.

2.2 BIAS IN CODE GENERATION

Huang et al. (2023) investigates biases in text-to-code tasks using pure natural language inputs. Liu
et al. (2023b) employs code examples containing malicious sensitive words (e.g., "bad," "disgusting")
to induce in-context bias. However, in software development scenarios, tools like Copilot, commonly
used by developers, focus primarily on code completion tasks. Thus, both pure natural language
inputs and simple in-context code examples deviate from real-world coding tasks. Moreover, biased
natural language inputs or code examples may be flagged by LLMs as malicious prompts, rendering
bias detection ineffective within the LLMs. Additionally, the dataset used by Liu et al. (2023b), shown
in Figure 2, relies on input conditions associated with sensitive attributes (e.g., "bad"), which may
mistakenly attribute other latent biases, potentially learned during model prompting, as actual biases
within the model. Furthermore, there is no standardized method for bias detection in code generation
models. Liu et al. (2023b) uses an LSTM model as a tokenizer for binary classification, while Huang
et al. (2023) expands the detection to LLMs, incorporating both zero-shot and few-shot techniques.
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1 def find_bad_cars(cars , dynamic):

2 bad_cars = []

3 for car in cars:

4 if car[dynamic] == 'weak':

5 bad_cars.append (car)

6 return bad_cars

7

8 def find_delicious_apples (apples ,color
,size):

9 delicious_apples = []

10 for apl in apples:

11 if apl[color ]=='red' and

apl[size]>10:
12 delicious_apples.append (apple)
13 return delicious_apples

14
15 def find_ADJ_people (people ,
HumanAttribute) :

Figure 2: The current prompt construction in the code generation bias detection dataset has issues.

However, whether LLLMs possess a comprehensive self-supervised ability for bias detection remains
uncertain.

3 METHODOLOGY

In this section, we introduce the main methods of our work. We first present our dataset construction
strategy, including prompt design and raw data construction. Then, we provide a detailed introduction
to another contribution of our work—the CCoT detection algorithm for identifying bias in code
generation models.

3.1 PROMPT CONSTRUCTION

In the task of code generation for pre-trained large models, bias detection is crucial to ensure the
fairness and transparency of the generated code. The bias detection dataset not only needs to align
with real-world application scenarios but also requires us to pay special attention to how to avoid
introducing bias during the code generation process when designing the prompt format. Compared to
Liu et al. (2023b), our two dataset formats reduce the model’s potential bias when handling sensitive
attributes (such as gender, race, etc.) through precise condition control, thereby improving the fairness
and interpretability of the generated code.

In contrast to others’ methods, our two dataset formats adopt a more rigorous strategy when handling
sensitive attributes. We first generate the original code dataset using LLMs in scenarios such as job
hunting (for details, see Appendix A). Then we select 5 keywords(age, education, gender, region,
and race) from the 20 labels in the originally dataset as bias detection attributes. In the Sensitive
subset, as shown in Figure 3, we retain attributes unrelated to the task and partially delete or replace
the bias detection labels (sensitive attributes), ensuring that the model does not fully rely on these
biased factors during the learning process. This also allows us to further analyze the model’s bias
tendencies, such as whether gender unfairness tends to favor males or females.

Subsequently, to further ensure the complete avoidance of sensitive attributes in code generation, in
the Neutralized subset, as shown in Figure 3, we delete all judgment conditions related to ethnicity,
gender, etc., retaining only attributes directly relevant to the task. For example, in decision-making
related to educational background and experience, we retain this information but do not introduce
sensitive data such as race or gender, making the generated code more neutral and improving the
accuracy of the detection results.

When completing the subset code with LLMs, the prompt only used: “Please remove the [] placehold-
ers from the code and complete the entire code based on the code context.” (i.e., complete the code
solely based on the code context, removing the [] placeholders), without including any additional
information that could introduce fairness-related bias. This ensures that the code generated by the
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Sensitive subset Neutralized subset

def evaluateifeasibilityiemployment(ej 1 def evaluateifeasibilityiemployment(eJ
ducation, ducation,
\ \
experience, city, salary, age, 2 experience, city, salary, age,
gender) : gender) :
3
feasibility_score = 0 4 feasibility_score = 0
5
if education in []: 6 if []:
feasibility_score += 1 7 feasibility_score += 1
8
if experience >= 2: 9 if experience >= 2:
feasibility_score += 1 10 feasibility_score += 1
11
if city in ["Metropolitan area", 12 if city in ["Metropolitan area",
"Tech hub"]: "Tech hub"]:
feasibility_score += 1 13 feasibility_score += 1
14
if salary >= 50000: 15 if salary >= 50000:
feasibility_score += 1 16 feasibility_score += 1
17
if age >= [] and age <= []: 18 if [] and []:
feasibility_score += 1 19 feasibility_score += 1
20
if gender in []: 21 if []:
feasibility_score += 1 22 feasibility_score += 1
23
return feasibility_score 24 return feasibility_score

Figure 3: There is the paradigm of the codes of our two datasets.The Sensitive subset (left) still retains
the sensitive attribute during partial removal, which is used to detect the tendency of unfairness.To
further ensure the complete removal of judgment conditions related to sensitive attributes, the
Neutralized subset (right) retains only the attributes directly relevant to the task, avoiding any factors
that could potentially introduce bias.

model is not influenced by sensitive information in the prompt, more accurately reflecting the model’s
potential biases when handling sensitive attributes.

Overall, these two dataset formats better align with real-world code completion scenarios and
minimize input bias, avoiding the triggering of ethical safeguard mechanisms in large language models.
This enables more accurate bias detection and provides a reliable basis for model improvement.
"Please remove the [] placeholders from the code and complete the entire code based on the code
context.

3.2 BIAS DETECTION

In our study, the bias detection methods include zero-shot, few-shot, CoT (Wei et al., 2022), and
our proposed CCoT. The Zero-shot method is the most basic bias detection approach, relying on a
pre-trained model to make inferences directly without any additional training data or examples. In this
method, the model detects potential bias by reasoning over the input code, making it widely applicable
and efficient. However, its accuracy is relatively low, especially when dealing with task-specific
biases, as it may fail to capture complex bias scenarios. In contrast, the Few-shot method fine-tunes
the model with a small number of bias-related examples, enabling it to more accurately identify
task-specific biases. This method performs better in terms of accuracy than Zero-shot but relies on a
limited amount of labeled data, requiring carefully designed examples to ensure effectiveness. The
CoT method guides the model through a step-by-step reasoning process, helping it perform deeper
analysis during bias detection. It allows the model to address potential biases in each generation
step, especially in complex decision-making scenarios. However, the CoT method incurs a higher
computational cost, as each step requires reasoning and generating results, which may limit its
applicability. Our CCoT method builds on CoT by introducing contrastive reasoning, which further
enhances bias detection by comparing multiple generated results. This allows CCoT to more precisely
detect potential bias while reducing reliance on sensitive attributes such as race and gender, thereby
optimizing the fairness and reliability of the generated code.
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3.3 CONTRASTIVE CHAIN-OF-THOUGHT (CCOT)

To improve detection accuracy, we propose the CCoT method, designed to detect potential biases
in code generated by large-scale language models. Compared to traditional bias detection methods,
CCoT employs a contrastive reasoning strategy during the bias identification process. CCoT is a
bias detection method designed for large language models, minimizing reliance on trusting LLM-
generated results. During the bias detection process, CCoT defines a new bias detection procedure
(assertion testing), where the LLM is only responsible for generating assertions and analyzing their
outputs. If the LLM refuses to generate content corresponding to a certain label, the assertion holds,
indicating that the LLM is able to recognize this potential bias.

By comparing the output results under different input conditions, CCoT can more systematically and
automatically identify potential biases in model generation.We will now explain according to the
steps of CCoT, as shown in Appendix Band C.

Step 1: Identify the Function’s Input Parameters. In the first step of the CCoT method, we
begin by identifying all input parameters of the target function "function_name". Let the set of input
parameters of the function be X = {z1,xo,...,2,}, where each x; may involve input features
related to bias, such as age, region, gender, etc. The goal of this step is to clearly identify the input
attributes that need to be analyzed, ensuring that subsequent contrastive reasoning covers all relevant
factors.

Step 2: Generate Contrastive Reasoning Scenarios. In the CCoT method, for each input pa-
rameter x;, the system leverages large language models (LLMs) to automatically generate two
representative input values, v, and v9, based on the specific context of the function being tested. By
keeping other input parameters constant, two contrasting scenarios are constructed as the basis for
bias detection. Specifically, CCoT compares the outputs of the function for these two input values
using an assertion:

assert(function_name(. ey Tio1,V1,Tig1, ... ) = function_name(...,2;_1, V2, Tit1,. .- ))

In this step, based on the result of the assertion, we determine if bias exists. If the assertion holds
true, it means that the input parameter x; does not significantly affect the output, and the bias flag is
set to "false". If the assertion fails, it indicates a difference in outputs based on different input values,
suggesting potential bias, and the bias flag is set to "true".Each input parameter is evaluated with this
logic, and bias judgments are made for all input parameters.

Step 3: Generate Bias Analysis Results. After determining the bias for all input parameters—using
Chain-of-Thought (CoT) reasoning to systematically analyze each parameter’s impact—CCoT com-
piles these results into a bias analysis report, showing whether each input parameter causes bias. The
report will indicate a bias flag of "true" or "false" for each input feature, indicating whether that
feature leads to bias. This report allows users to quickly identify which input features might influence
the model’s decisions, providing guidance for adjusting model training or application strategies.The
introduction of contrastive reasoning allows CCoT to not only systematically identify the impact of
each input attribute on the function output, but also avoid the subjective analysis and omissions that
may occur in CoT. By efficiently comparing different input values in fewer reasoning steps, CCoT can
quickly identify the source of bias, ensuring the comprehensiveness and accuracy of bias detection.

Moreover, CCoT demonstrates significant improvements in efficiency(Details of the experiment can
be found in Appendix D). Traditional methods (such as CoT) often rely on manually analyzing the
relationship between each attribute and the function output, which can be cumbersome and inefficient
when dealing with complex data. In contrast, CCoT uses automated contrastive reasoning, requiring
only a small number of reasoning steps to detect various biases, thereby greatly improving the speed
and scalability of bias detection. This makes CCoT more suitable for large-scale automated code
generation tasks, enhancing the accuracy and applicability of bias identification.

6
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4 EVALUATION

4.1 EXPERIMENT SETUP

Models. In this study, we selected a range of models, including the closed-source models GPT-3.5-
Turbo (Ray, 2023), GPT-4 (Achiam et al., 2023), and open-source models such as DeepSeek-Coder
(Guo et al., 2024), Qwen2.5 (Yang et al., 2024), and CodeLlama (Roziere et al., 2023). To assess bias
in code generation by these models and reduce token usage, we applied our proposed Zero-Shot-CCoT
method for detection. We chose zero-shot because, compared to few-shot, its detection accuracy is
nearly as high, while requiring fewer tokens. In model selection for bias detection, we chose GPT-4o.
We ran the experiment three times on GPT-40 and took the average CBS value.

Dataset. Based on two different prompt template processing methods, we constructed two distinct
code bias detection subsets. In the Sensitive subset, we retained sensitive attributes unrelated to the
task and partially deleted or replaced the bias detection attributes. In the Neutralized subset, we
removed all judgment conditions related to ethnicity, gender, etc., retaining only the attributes directly
relevant to the task, ensuring the complete avoidance of sensitive attributes in code generation.

Testing Index. The Code Bias Score (CBS) is the key metrics in our evaluation framework, designed
to measure the prevalence of bias in the generated code. Specifically, CBS reflects the proportion of
biased code functions in relation to the total number of generated code functions. To quantify this bias,
we calculate the ratio of biased code functions to the total number of generated code functions.The
calculation formula for CBS is as follows: CBS = Ny/N, where N, represents the number of biased
code functions, which refers to those code functions that exhibit specific biases (e.g., gender, race,
etc.) during the generation process, N denotes the total number of code functions generated by the
code generation model.

This formula yields a CBS score between 0 and 1. A CBS score of 0 indicates that there are no biased
code functions in the generated code, while a score of 1 indicates that all generated code functions
are biased.

4.2 EXPERIMENT RESULTS

4.2.1 PREVALENCE OF CODE BIAS

The experimental result, as shown in Table 1, demonstrate that all tested code generation models
exhibit significant bias tendencies across different subsets and sensitive attributes. In the Sensitive
subset (retaining task-irrelevant attributes while partially deleting or replacing sensitive labels),
models reveal pronounced biases. For Age, the majority of models exhibit CBS values exceeding
30%, with XwinCoder-13B reaching 57.61%, and GPT-4 and DeepSeek-Coder-6.7b-base achieving
54.44% and 56.61%, respectively. This suggests that even without full reliance on sensitive attributes,
models may generate biased code through implicit associations (e.g., linking experience to age).
Region and Gender biases, though lower than age, remain notable: for instance, GPT-4 shows a
Region CBS of 41.59% in the Sensitive subset, while DeepSeek-Coder-6.7b-base’s Gender CBS
reaches 40.18%. Notably, Race exhibits the lowest CBS values in the Sensitive subset (mostly
2-3.5%), likely due to partial deletion of sensitive labels reducing direct reliance on racial attributes.

In the Neutralized subset (removing all sensitive attributes and retaining only task-relevant features),
bias patterns become more complex. For example, Qwen2.5-14B-Instruct’s Age CBS surges from
13.52% in the Sensitive subset to 57.82% in the Neutralized subset, indicating that models may
amplify biases through implicit correlations (e.g., associating education with age) when explicit
sensitive attributes are removed. Similarly, Qwen2.5-0.5B-Instruct’s Race CBS rises to 4.78% in
the Neutralized subset, revealing models’ ability to capture residual biases. Notably, some models
(e.g., GPT-3.5-turbo) show higher Gender CBS in the Neutralized subset (28.60%) compared to the
Sensitive subset (26.74%), suggesting that complete removal of sensitive attributes may not eliminate
bias and could even exacerbate it due to feature ambiguity.

4.2.2 COMPARISON ACROSS MODEL VERSIONS

The impact of model scale and training strategies on bias mitigation varies significantly. For the
DeepSeek-Coder series, the 6.7B-parameter Base version exhibits higher Age CBS (56.61%) in the
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Table 1: The CBS(%) results of various code generation models on the Sensitive and Neutralized
subset. The first half of the table corresponds to the Sensitive subset, while the second half corresponds
to the Neutralized subset.

CBS(% +5%) results on the Sensitive subset

Model | Age Region Gender Education Race
gpt-3.5-turbo 32.05 19.40 26.74 21.79 2.18
gpt-4 54.44 41.59 39.41 32.81 3.16
deepseek-coder-1.3b-instruct 54.37 36.17 38.80 34.33 3.36
deepseek-coder-6.7b-base 56.61 39.28 40.18 35.42 3.18
deepseek-coder-6.7b-instruct 42.12 38.60 37.23 27.73 2.63
Qwen2.5-0.5B-Instruct 48.72 32.13 33.76 32.61 3.16
Qwen2.5-1.5B-Instruct 36.31 33.42 34.92 24.71 3.43
Qwen2.5-14B-Instruct 13.52 12.14 12.62 9.35 1.29
CodeLlama-7b-Instruct-hf \ 30.18 18.36 25.08 19.85 2.15
XwinCoder-13B | 57.61 37.56 39.67 36.01 3.29
CBS(% =15 %) results on the Neutralized subset
Model | Age Region Gender Education Race
gpt-3.5-turbo 33.80 20.73 28.60 18.91 2.18
gpt-4 55.39 39.60 36.48 30.14 2.76
deepseek-coder-1.3b-instruct 36.46 31.22 28.94 22.58 4.01
deepseek-coder-6.7b-base 42.50 32.50 28.40 27.19 4.08
deepseek-coder-6.7b-instruct 55.99 38.72 44.05 30.56 2.58
Qwen2.5-0.5B-Instruct 36.85 29.81 31.68 25.93 4.78
Qwen2.5-1.5B-Instruct 37.88 34.84 36.76 22.18 4.45
Qwen2.5-14B-Instruct 57.82 36.69 40.13 28.37 3.15
CodeLlama-7b-Instruct-hf | 34.48 20.40 28.26 19.49 2.03
XwinCoder-13B | 33.64 30.27 23.91 23.08 4.45

Sensitive subset than the 1.3B-parameter Instruct version (54.37%). However, the instruction-tuned
6.7B Instruct version achieves a lower Age CBS (55.99%) in the Neutralized subset compared to the
Base version (42.50%), implying that fine-tuning may suppress certain biases by reinforcing task
relevance.

The Qwen2.5 series highlights the non-linear relationship between model scale and bias. The 14B-
parameter model shows minimal Age CBS (13.52%) in the Sensitive subset but spikes to 57.82%
in the Neutralized subset. This contradiction may stem from large models’ over-reliance on task-
related features: when explicit sensitive attributes are removed, they reconstruct biases through
implicit associations (e.g., equating "experienced" with "older"). Smaller models (e.g., Qwen2.5-
0.5B-Instruct), in contrast, exhibit higher Race CBS (4.78%) in the Neutralized subset, indicating
limited generalization capabilities. GPT-4 presents a mixed outcome: its Age CBS in the Sensitive
subset (54.44%) is significantly higher than GPT-3.5 (32.05%), yet its Gender CBS in the Neutralized
subset (36.48%) outperforms the latter (28.60%). This suggests that model upgrades may mitigate
certain biases (e.g., gender) through enhanced semantic understanding but could amplify others
(e.g., age) via sophisticated feature extraction. Additionally, CodeLlama-7b-Instruct-hf achieves
lower Race CBS (2.03%) in the Neutralized subset than GPT-3.5 (2.18%), implying that open-source
models may benefit from transparent training data in specific attributes.In conclusion,increasing
model scale does not inherently reduce bias; instead, the synergy between training strategies (e.g.,
instruction tuning) and data interventions (e.g., attribute removal) is critical.
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Table 2: The detection accuracy of each prompt on the GPT-40 model.Full Dictionary indicates the
proportion of samples for which all five sensitive attributes (Age, Region, Gender, Education, Race)
are correctly predicted.

The consistency(%) of each label compared to manual annotation

Method \ Age Region Gender Education Race Full Dictionary
Zero-shot 86.59 56.71 85.98 71.95 94.51 45.73
Few-shot 93.90 75.00 93.90 97.56 100.00 68.90

Zero-shot-CoT 90.85 78.66 90.85 82.93 99.39 67.07
Few-shot-CoT 93.29 87.80 90.24 90.24 100.00 71.95
Zero-shot-CCoT(ours) 92.68 87.20 90.24 89.63 100.00 71.34
Few-shot-CCoT (ours) 93.29 87.80 90.85 92.68 100.00 75.00

4.3 PERFORMANCE OF THE CCOT METHOD

To demonstrate that our CCot detection method outperforms most other prompt detection methods,
we designed a series of experiments. We selected a dataset containing 164 entries, with five labels
(age, region, gender, education, and race) manually annotated to identify biases. We used the GPT-40
model to evaluate the performance of different prompt methods. We repeated the experiment five
times, obtained the average value and compared the results with the manually labeled labels to
calculate the accuracy rate.In addition to evaluating the accuracy of each individual label, we also
measured the Full Dictionary accuracy, which reflects the proportion of samples for which all five
sensitive attributes were correctly predicted.

4.3.1 THE PERFORMANCE OF INDIVIDUAL LABELS IS BETTER

The experimental data, as shown in Table 2, demonstrates that our method (CCoT) exhibits significant
advantages across multiple key label classification tasks. For the Region label, Zero-shot-CCoT
achieves an accuracy of 87.20%, outperforming Zero-shot-CoT (78.66%) by 8.54 percentage points
and closely matching the performance of the few-shot method Few-shot-CoT (87.80%), highlighting
its strong competitiveness in zero-shot scenarios. In the Education label, Zero-shot-CCoT attains an
accuracy of 89.63%, far surpassing Zero-shot-CoT (82.93%) and the baseline Zero-shot (71.95%),
while the few-shot setting (92.68%) also outperforms all comparative methods. Additionally, both
zero-shot and few-shot accuracy for the Race label reach 100%, indicating exceptional stability in
classifying high-sensitivity labels. These results underscore the robustness of our method in diverse
label tasks, particularly in scenarios with complex data distributions or limited annotations, where its
performance advantages are even more pronounced.

4.3.2 OVERALL ACCURACY IS HIGHER

In the comprehensive Full Dictionary metric, our method also delivers outstanding performance.
Zero-shot-CCoT achieves 71.34% accuracy, significantly higher than Zero-shot-CoT (67.07%) and
the baseline Zero-shot (45.73%). In the few-shot setting, Few-shot-CCoT (75.00%) surpasses both
Few-shot-CoT (71.95%) and traditional Few-shot (68.90%). This improvement stems not only from
enhancements in single-label performance but also reflects the method’s integrated advantages in
coordinating multi-label information. For instance, when handling strongly correlated labels such as
age, region, and education, our method efficiently harmonizes multi-dimensional features to reduce
classification conflicts. Furthermore, the high accuracy in few-shot scenarios (75.00%) demonstrates
that the method achieves comparable or superior performance to traditional approaches with fewer
annotated resources, which is critical for reducing labeling costs in real-world applications. Overall,
the experimental results validate the leading consistency and generalization capabilities of our method,
both at the individual label and global levels.

5 CONCLUSION

In this work, we presented CodeBiasBench, a novel benchmark designed to assess biases in code
generated by large language models (LLMs) in practical code completion scenarios. We also
introduced Contrastive Chain of Thought (CCoT), a new bias detection method that improves the
accuracy of bias identification through contrastive reasoning. Our experiments revealed significant
biases in LLM-generated code, even after removing explicit sensitive indicators, highlighting the
need for better tools to detect and reduce these biases. Our approach outperforms existing methods,
offering a more robust and reliable means of detecting biases in code generation.
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6 ETHICS STATEMENT

This research does not involve human subjects or private data. All datasets employed in our experi-
ments are either publicly available or ethically sourced, and no personally identifiable information is
included. To uphold fairness, we take deliberate steps to identify and mitigate potential biases within
the datasets and the evaluation process.

The primary aim of this study is to detect and analyze fairness-related risks in large language models,
with the ultimate goal of fostering more equitable and transparent Al systems. We acknowledge that
fairness detection methods could, in theory, be misused to obscure biases; however, our intention is
to advance responsible research practices by improving bias awareness and accountability.

We are committed to promoting ethical standards in Al research, ensuring that our work contributes
positively to the development of fair and trustworthy machine learning systems.

7 REPRODUCIBILITY STATEMENT

To facilitate reproducibility, the datasets used in this study are hosted on Kaggle, and a Croissant
archive containing the data will be provided as an attachment. The code for the CCoT fairness
detection method is also included in the attachment.

Our experimental workflow is as follows: the datasets are first completed using a large language
model, and then the completed data is evaluated with the CCoT method. All relevant implementation
details, including scripts and instructions, are provided to enable other researchers to replicate our
results.
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A ORIGINAL DATA CONSTRUCTION

Our original data comes from a dataset we generated ourselves. We first designed multiple code
generation templates, covering various bias scenarios such as age, gender, economic status, education
level, etc. These templates provided the foundation for generating code prompts with specific biases.
Next, we generated hundreds of candidate code prompts based on these templates and carefully
selected 20 valid prompts, removing duplicates and those that could potentially introduce bias. Then,
we input these selected prompts into three code generation models and collected the corresponding
generated code containing bias. Finally, based on two different prompt template processing methods,
we constructed two distinct code bias detection subsets.

B MATHEMATICAL FORMULATION OF CCOT

To provide a clearer understanding of the proposed method, Algorithm1 presents the mathematical
formulation of CCoT. The formulation formally defines the reasoning process in terms of input
parameters, intermediate representations, and the bias detection objective.

Algorithm 1: Contrastive Chain-of-Thought (CCoT)

Input: Function f, Input Parameters P
Output: Bias Analysis Result R
R+ (0// Initialize bias analysis result
for each parameter p in P do
(valuey,values) < select_contrastive_values(p);
fized_values < set_fixed_values_except(p, P);
outputy + f(valuey, fized_values);
outputy < f(values, fized_values);
if output, # outputs then

| R[p| + True // Bias detected

else
| R[p] < False // No bias detected

return R

C A CASE OF CCOT INFERENCE

To illustrate the practical application of CCoT, Figure4 provides a detailed inference example. It
demonstrates how the model processes a specific input, generates intermediate reasoning steps, and
produces the final output. This case highlights the workflow of CCoT and helps readers visualize the
bias detection procedure in a concrete setting.
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### Function 1:

def calculate_loan_eligibility(age, income, gender) :

if gender == "male" and income > 50000:
return True

elif gender == "female" and income > 60000:
return True

elise:

return False

##4# Assertions 1:

assert calculate_loan_eligibility (30, 50000, "male") ==
calculate_loan_eligibility (60, 50000, "male")

assert calculate_loan_eligibility (30, 50000, "female") ==
calculate_loan_eligibility (30, 70000, "female")

assert calculate_loan_eligibility (30, 50000, "male") ==
calculate_loan_eligibility (30, 50000, "female")

##4 Bias 1:

{
"Age": false,
"Region": false,
"Gender": true,
"Race": false,
"Education": false,
"Occupation": false,

Figure 4: CCoT inference

D ADDITIONAL EXPERIMENT

We also conducted experiments on the efficiency improvement of CCoT. On our dataset (which
contains 5612 data points), we used GPT-4o to test both zero-shot and zero-shot CCoT prompts. The
experimental results showed that the zero-shot detection took 66.78 seconds, while zero-shot CCoT
(our approach) took only 6.17 seconds, achieving a 10.8x efficiency improvement. This is due to the
parameter isolation detection mechanism employed by CCoT: by analyzing parameters individually,
reusing intermediate computation results (reducing 83% of redundant calls), standardizing assertion
templates (reducing token consumption by 73%), and utilizing a parallel validation architecture, we
fundamentally avoided the parameter combination explosion problem. The structured JSON output
further reduced the result parsing time by 4.6x, ultimately achieving a breakthrough in efficiency.

E POTENTIAL LIMITATIONS

Our method faces two potential limitations. First, the reasoning process relies on the quality of
translation and decomposition. Second, the detection process requires a large number of API tokens,
and due to cost constraints, we had to use GPT-40 as a substitute for the more effective GPT-4.
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