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Abstract

Large language models (LLMs) are increasingly deployed in socially sensitive settings
despite substantial documentation that they encode gender biases. Chain-of-Thought (CoT)
prompting has been proposed as a bias-mitigation approach. However, existing evaluations
primarily focus on changes in LLM benchmark performance, providing limited insight
into whether apparent bias reductions reflect meaningful changes in a model’s internal
mechanisms. In this work, we investigate how CoT prompting a!ects gender bias in LLMs,
combining benchmark-based evaluation with mechanistic interpretability techniques and
reasoning chain failure analysis. Our results confirm a stereotypical bias present in LLM
outputs across benchmarks, showing that CoT prompting does not consistently reduce
the bias gap. Mechanistic analyses reveal that although CoT balances biased behavior in
certain attention head clusters, gender bias remains embedded in hidden representations,
indicating only superficial mitigation. Inspection of reasoning chains further suggests that
these improvements frequently co-occur with bias statements, and may reflect dataset
familiarity rather than genuine bias mitigation.

1. Introduction

In recent years, large language models (LLMs) have been widely adopted across diverse
domains. Despite their impressive capabilities, LLMs have been shown to exacerbate gender
bias (Gallegos et al., 2024), raising significant safety concerns, particularly given their
deployment in sensitive applications (Armstrong et al., 2024). At the same time, recent
approaches based on Chain-of-Thought (CoT) (Wei et al., 2022) as a reasoning-enhancing
strategy have enabled models to improve performance on a wide range of tasks that require
step-by-step analysis (Srivastava et al., 2023; Suzgun et al., 2023). A popular approach to
improve reasoning is zero-shot CoT generation, which consists of prompting models with
some variation of “Let’s think step by step” (Kojima et al., 2022).

Recently, prompt-based bias mitigation has been explored due to its accessibility. Ap-
proaches such as zero-shot self-debiasing (Gallegos et al., 2025) and bias suppression (Oba
et al., 2024) show that carefully designed prompts can reduce stereotyping without modifying
model parameters. However, recent critiques also question the e!ectiveness of prompt-based
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bias mitigation. Yang et al. (2025) show that prompt-based approaches often rely on su-
perficial alignment, encourage evasive or non-committal responses, and exploit flawed bias
metrics, suggesting improvements stem from benchmark compliance rather than genuine bias
reduction (Sivakumar et al., 2025). Therefore, the e!ectiveness of CoT as a gender bias miti-
gation strategy remains open, necessitating a deeper understanding of dataset-specific e!ects,
internal behavioral mechanisms, and the quality and nature of model reasoning. Recent work
has addressed this question by examining how gender bias manifests in LLM representations
and how CoT reasoning operates mechanistically (Dutta et al., 2024; Tan and Celis, 2019).
However, it has yet to explain how CoT functionally impacts a model’s representation
and perpetuation of gender bias. Similarly, recent work has examined reasoning traces for
correctness (Amirizaniani et al., 2024) and types of harm (Shaikh et al., 2022), but has yet
to examine how reasoning chains mitigate, or fail to mitigate, gender bias. We present the
first systematic study to bridge these gaps, combining benchmark evaluation, mechanistic
interpretability techniques, and reasoning failure analysis to understand how CoT prompting
functionally impacts gender bias in LLMs. Our contributions are the following: (1) We
systematically evaluate the e!ectiveness of CoT prompting for gender bias mitigation across
four MCQA benchmarks (BBQ, CrowS-Pairs, StereoSet, and SocioEconomicQA) and five
LLMs in section 4. (2) We adapt attention and hidden state mechanistic interpretability
techniques to examine how CoT prompting influences internal processing of gender bias in
section 5. (3) We develop and apply a taxonomy of reasoning chain behaviors to analyze
reasoning failures across models and datasets in section 6.

2. Related Works

Gender bias mitigation is a critical concern in NLP because language models trained
on human-generated text inevitably reflect societal stereotypes and biases (Blodgett et al.,
2020; Gallegos et al., 2024). As noted by Stanczak and Augenstein (2021), such biases
result in representational harms that reinforce social inequalities. Recent surveys focusing
on LLMs confirm that gender remains the most studied social attribute in bias evaluation,
providing established datasets and evaluation protocols while also highlighting issues in
evaluation practices (Blodgett et al., 2020; Gallegos et al., 2024). Bias mitigation techniques
still primarily operate through data augmentation, representation debiasing, or output-level
constraints, often relying on task-specific resources or handcrafted gender lexicons (Sun
et al., 2019). Zero-shot prompt-based mitigation methods are a flexible alternative as they
can reduce bias through carefully designed prompts without modifying model parameters
(Gallegos et al., 2025; Oba et al., 2024). However, prompt-based mitigation e!ectiveness is
often overestimated (Yang et al., 2025) as such approaches emphasize output-level metrics
and may reduce measured bias without addressing how models encode and propagate biased
associations (Blodgett et al., 2020). CoT prompting specifically has been shown to both
reduce (Kaneko et al., 2024; Mohapatra et al., 2024) and amplify (Shaikh et al., 2022) social
bias across various prediction tasks. Our paper advances this debate by measuring CoT’s
e!ect across four gender-bias benchmarks for five LLMs, and then leveraging mechanistic
interpretability to examine whether such prompt-based bias mitigation produces meaningful
change in the model’s internal processes.
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Mechanistic interpretability aims to uncover and communicate the internal mechanisms
underlying model behavior in a selective, human-understandable manner (Madsen et al.,
2022). Attention head analysis interprets how models attend to di!erent parts of the input
(Vig and Belinkov, 2019; Zheng et al., 2024b). Work by Kaneko and Bollegala (2021) and
Adiga et al. (2024) show that biased attention is focused in mid-to-late layers, with Yang et al.
(2023) observing that only a small subset of attention heads exhibit pronounced stereotypical
behavior. Dutta et al. (2024) have demonstrated that CoT similarly activates specialized
attention heads, with evidence of a transition from pretrained associations to in-context
reasoning. Another line of mechanistic interpretability work uses probes to extract specific
properties from models’ internal layer representations (Belinkov, 2022). When applied to bias
detection, probing reveals that social biases are most detectable in middle layers and persist
internally even for unbiased outputs (Tan and Celis, 2019; Vig et al., 2020). Recent work has
also shown that reasoning models encode answer correctness in their hidden states during
CoT (Zhang et al., 2025). We adapt attention head monitoring and hidden state probing
methodologies to the context of gender bias, and develop a novel qualitative taxonomy
of reasoning failure behaviors. Together, these analyses o!er insight into how reasoning
succeeds in reducing bias and how it fails to.

3. Experimental Set Up

We use a pipeline, depicted in Figure 1, that iteratively prompts the model to extract
predicted answers, reasoning chains, and internal representations.

Figure 1: Our pipeline for extracting model outputs and internal mechanisms.

We test on four English-language multiple-choice QA datasets to benchmark social bias in
large language models: BBQ (Parrish et al., 2021), StereoSet (Nadeem et al., 2021), CrowS-
Pairs (Nangia et al., 2020), which are commonly used, and SocioEconomicQA (Arzaghi
et al., 2024), which captures intersectional socioeconomic bias. Each dataset is formatted as
a multiple-choice QA task with three answer options: a stereotypical, an anti-stereotypical,
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and a paraphrased unknown (e.g., “Cannot be determined”) (Parrish et al., 2021). The QA
task context is designed to be ambiguous, so the unknown option is always correct.

We use five open-source LLMs spanning sizes 7B to 32B parameters, families including
Llama, Qwen, and Mistral, and one reasoning-specialized model. Specifically, we evaluate
Qwen2.5-7B-Instruct (Yang et al., 2024), Qwen2.5-32B-Instruct (Yang et al., 2024), QwQ
(Team, 2025), Llama3-8B-Instruct (Grattafiori et al., 2024), and Mistral-7B (Jiang et al.,
2023). For each model, predicted answers are extracted via log-likelihood, following Adiga
et al. (2024). Given a sample prompt Pi from dataset D, which is expected to produce
a single answer identifier when input to an LLM, and a set of answer identifier tokens
y → {0, 1, 2}, a model’s predicted answer is defined as: ŷ = argmaxy logP (y | Pi) where
P (y|Pi) is the probability of y being the next token given the input prompt Pi. We compare
model performance over two conditions: Standard prompting, as described above, and a
zero-shot CoT prompting. For the latter, we follow Kojima et al. (2022). Specifically,
we append “Let’s think step by step.” to the input prompt, generate a reasoning chain,
and append it to the prompt as well before extracting the answer. Full formatting and
implementation details, including sample prompts, are provided in Appendices A.3. Our
code is available in a public GitHub repository for reproducibility1.

4. How does CoT prompting a!ect model accuracy and gender bias?

We report LLM performance in Table 1 using two metrics. Accuracy is the proportion of
predictions for the unknown option (abstention). Di!-Bias (Parrish et al., 2021) measures
model’s preference for stereotypes over anti-stereotypes as their di!erence (range [↑1, 1]; see
Appendix A.3.3), making it sensitive to high abstention rates. We retain it not as a primary
bias measure, but to examine directional preference in the subset of non-abstaining responses.
We observe varied CoT accuracy across models. CoT improved abstention rates for Llama-8B
and Mistral-7B, but not for the Qwen2.5 family (7B, 32B). Scaling from Qwen-7B to Qwen-
32B did not consistently improve abstention, because Qwen-7B already achieves relatively
high accuracy. However, scaling increases stereotype bias as shown by Di!-bias under both
prompting conditions. For QwQ, a reasoning-trained model comparable to Qwen-32B, CoT
consistently decreases abstention. CoT’s e!ect is also dataset dependent. Across models,
StereoSet and CrowS-Pairs exhibit lower abstention rates and greater stereotype bias with
CoT than BBQ and SocioEconomicQA. Together, these mixed results demonstrate that
CoT prompting is not a consistent bias mitigation strategy, contrary to Kaneko et al. (2024).
We turn to mechanistic interpretability to understand why, by investigating how CoT shapes
the way models attend to and represent gender bias information.

5. Do internal model mechanisms reveal CoT’s influence on gender bias?

Stereotype Attention. We quantify stereotype attention using the Stereotype Attention
Score (SAS), adapted from Yu et al. (2025)’s Negative Attention Score, which originally
measured the di!erence in attention between positive and negative tokens (yes/no). We
adapt it for bias by contrasting attention to stereotypical versus anti-stereotypical tokens;

1. The repository can be found at https://github.com/edieblue/MechanicsBiasCoTReasoning, and also
includes all SAS heatmaps for models and datasets not highlighted in our results.
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BBQ Ambig SocioEconomicQA StereoSet CrowS-Pairs

Model Method %UNK↓ Di!-Bias↔ %UNK↓ Di!-Bias↔ %UNK↓ Di!-Bias↔ %UNK↓ Di!-Bias↔

Llama-8B
Standard 43.19 0.235 22.13 0.240 32.16 0.150 45.80 0.038
CoT 76.06 0.057 31.25 0.210 40.39 0.200 48.47 0.073

Mistral-7B
Standard 64.49 0.140 64.72 0.210 59.61 0.180 69.08 0.042
CoT 94.75 -0.002 79.49 0.110 59.61 0.190 83.21 0.038

Qwen-7B
Standard 98.48 0.118 95.32 0.645 81.57 0.660 70.61 0.013
CoT 97.32 0.104 92.59 0.338 74.51 0.415 74.05 0.029

Qwen-32B
Standard 99.89 -1.000 97.13 0.707 78.43 0.745 91.98 0.429
CoT 99.93 -1.000 92.59 0.714 69.02 0.747 90.08 0.307

QwQ
Standard 97.18 0.128 85.14 0.690 63.92 0.348 78.24 0.112
CoT 98.84 0.276 68.10 0.698 63.92 0.696 76.72 0.311

Table 1: Results reporting only uncertainty rate (%UNK) and Di!-Bias across datasets,
with and without Chain-of-Thought (CoT).

the full formula is provided in Appendix A.4.1. SAS is computed per attention head as a
weighted log-ratio of attention directed toward the stereotypical versus anti-stereotypical
tokens, summed across all token positions in a given prompt. A positive SAS indicates
greater relative attention to the stereotypical token (red); a negative SAS indicates the
reverse (blue); and values near zero reflects balanced or negligible attention (grey). We report
the single-head SAS averaged across prompts grouped by the model’s predicted answer type
for Qwen-7B, Qwen-32B, and QwQ on StereoSet (see Appendix A.4.2 for more results).

Stereo to Unknown Anti-Stereo to Stereo Stereo to Anti-Stereo

Anti-Stereo to Unknown Unknown to Stereo Unknown to Anti-Stereo

Figure 2: Single-Head SAS Score for Qwen7B over StereoSet.

The results in Figures 2, 3, and Appendix Figure 7 show greater absolute SAS for
biased answer predictions, with attentional polarity matching the prediction: when the
predicted answer is stereotypical, attention is directed toward stereotypical tokens; when
anti-stereotypical, toward anti-stereotypical tokens. Unknown predictions show little to no
polarity. This pattern is consistent across all five models and both prompting conditions.
Beyond this global trend, we observe the emergence of attention-head clusters where the
largest changes in SAS concentrate, consistent with Yang et al. (2023). In Qwen2.5-7B,
we identify three such clusters in Figure 2: around layer (L) 8, heads (H) 22–27; L 14–16,
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Stereo to Unknown Anti-Stereo to Stereo Stereo to Anti-Stereo

Anti-Stereo to Unknown Unknown to Stereo Unknown to Anti-Stereo

Figure 3: Single-Head SAS Score for Qwen32B over StereoSet.

H 0–9; and L 15-17, H 18–24. Similarly, in Qwen-32B and QwQ, which share the same
architecture, we observe comparable clusters in Figures 3 and 7 respectively around L 20, H
16–23; L 36, H 15–24; and L 35–38, H 35–37. These clusters appear to play a decisive role in
answer selection. When answers shift from unknown to biased, these clusters show a sharp
increase in absolute SAS. When answers shift between stereotypical and anti-stereotypical,
SAS instead reverses sign, reflecting a redistribution of attention between the corresponding
token groups. Overall, CoT prompting reduces absolute SAS at the global level, but fails
to consistently suppress the activity or polarity of these biased heads, whose role appears
central to answer selection.

Hidden State Probing. We complement our attention analysis with probing experi-
ments to assess whether a model’s internal representations encode gender bias. Following
Zhang et al. (2025), we train 2-layer MLP probes to predict the LLM’s selected answer
type (stereotype, anti-stereotype, or unknown) given hidden states extracted from tokens
in the reasoning chain. For each model–dataset pair under Standard and CoT prompting,
we extract hidden states from four layers to manage computational cost: two with high
attention activity (by SAS), one with low activity, and one at random—yielding eight probes.
We evaluate the probes using Probe Fidelity, which measures agreement between probe
predictions and LLM answer selection rather than the dataset ground-truth labels. We also
examined probe accuracy against dataset ground-truth labels, with detailed performance
metrics and comprehensive probe implementations reported in Appendix A.5.

Figure 4 presents our probing results. Despite near-perfect fidelity, probe performance for
Qwen-32B on BBQ and SocioEconomicQA was deemed unreliable and excluded from analysis
due to low F1 scores. Qwen-32B’s high benchmark accuracy created severe class imbalance,
preventing the probes from meaningfully learning the minority classes. The majority of
the remaining probes exhibit high fidelity. This indicates hidden state representations
encode enough gender bias information to distinguish stereotypical, anti-stereotypical, and
unknown answer selection. However, these results do not establish a causal link between
representations and output behavior. The small portion of probes with low fidelity occurred
exclusively in the earliest layers for all models. This is consistent with prior work showing
early layers have not yet developed complex semantic abstractions (Skean et al., 2025).
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Figure 4: Fidelity accuracy across probes at layer (L). HA denotes a layer with high SAS
activity. LA denotes a layer low SAS activity. R denotes a layer selected at random.

Taken together, our mechanistic interpretability experiments show no relationship be-
tween stereotype attention activity and probe fidelity. High fidelity is found in layers with
both high and low attention activity across all models and datasets, regardless of CoT.
Attention analysis found clusters of heads at specific layers associated with biased behavior.
However, probe performance suggests that biased information is present throughout the
residual stream, even in layers with no biased attention. This signifies that CoT prompting
has a shallow e!ect on a model’s behavioral mechanisms, with no evidence that it changes
internal modeling of gender bias. Nonetheless, we observed isolated improvements in model
performance in Section 4; we therefore shift our analysis to the reasoning chains themselves
to better understand when CoT succeeds or fails to reduce bias.

6. RQ3. How do reasoning chains explain how CoT influences gender bias

mitigation?

To analyze CoT reasoning behaviors, three authors of the paper independently performed a
qualitative annotation and analysis of a sample of 257 reasoning chains for seven reasoning
behaviors: Reasoning Correctness, Abstention, Dissociation, Task Hacking, Prompt Violation,
Authority, and Bias. Using these annotations, we fine-tuned a DeBerta-base binary classifier
(He et al., 2021) for each label. We applied the seven classifiers to the remaining 27,308
reasoning chains across all five models, four datasets, and answer types. Label definitions,
annotator criteria, and classifier implementation details are in Appendix A.6.

Figure 3(a) shows how reasoning behaviors relate to the type of predicted answer.
Reasoning correctness—logical coherence in the reasoning chain—is consistent across answer
types. Notably, we observe logically correct reasoning chains that lead to a biased answer
or include biased statements, consistent with Shaikh et al. (2022). This indicates that
correctness alone does not determine whether a model produces an unknown or a biased
answer. Abstention and bias constitute distinct CoT reasoning behaviors and must be
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(a) Change in Answer Type (b) Model (c) Dataset

Figure 5: Proportion of reasoning chains classified as exhibiting each of the seven behaviors,
grouped by CoT’s e!ect on answer type, model, and dataset.

addressed separately. Abstention reasoning occurs when the model acknowledges insu”cient
information and indicates a preference for the unknown option. Unknown predictions are
frequently accompanied by abstention reasoning, but the reverse is not true. Abstention
reasoning can still co-occur with biased reasoning or result in a biased answer prediction
at the output level. Abstention reasoning is therefore important, but insu”cient for bias
mitigation. Biased reasoning, by contrast, is not necessary to produce a biased answer.
Biased answers co-occur with dissociation (choosing answers at random or in conflict with the
reasoning chain), task hacking (exploiting prompt grammar), prompt violation (contradicting
or replacing the provided prompt), and appeals to authority (leveraging references to valid
or invalid external sources). E!ective bias mitigation must therefore address, in addition to
biased reasoning, the range of reasoning behaviors that surround biased answers.

As shown in Figure 3(b), the three smaller 7-8B models exhibited lower rates of rea-
soning correctness compared to the larger 32B models. Within the Qwen family, Qwen-7B
demonstrated a disproportionate rate of dissociation, frequently producing reasoning chains
that were non-existent or failed to reach a logical conclusion. This suggests model size
positively impacts reasoning quality, confirming findings from Kojima et al. (2022). However,
Mistral-7B achieves rates comparable to Qwen-32B for abstention. This indicates that while
scaling increases reasoning correctness, it may not be inherently necessary for abstention.
Reasoning training did not positively impact reasoning behavior. QwQ exhibits lower rates
of abstention and higher rates of behaviors associated with biased answers compared to
Qwen-32B. After manually analyzing the samples, we attribute this to an ”overthinking”
e!ect, in which the model generates reasoning beyond what is necessary, introducing errors
in the process (see Appendix 9).

Figure 3(c) shows variation in reasoning behaviors across datasets. Task hacking was
most prevalent for CrowS-Pairs and StereoSet, where models exploit the phrasing of the
question ’Which of these options is most accurate?’ rather than engage meaningfully with
the prompt material. Moreover, StereoSet prompts contain grammatical errors (Blodgett
et al., 2021) that models used to prematurely disqualify answer options, see Appendix 9
for all qualitative samples. Patterns in abstention, authority, and bias reasoning behavior
collectively suggest data contamination across BBQ which had elevated abstention answer
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rates relative to the other reformatted datasets. Bias reasoning statements and appeals
to external authority appeared almost exclusively in response to the SocioEconomicQA
prompts, the only dataset released after the training cuto!s of all models studied.

7. Discussion

Overall, our results provide evidence that CoT reasoning can produce internal abstention
behaviors, but fails to reliably mitigate bias. Firstly, abstention does not scale with model
size in the way that reasoning correctness does. Additional reasoning training can also induce
”overthinking” (Vamvourellis and Mehta, 2025) in which models exploit prompt phrasing,
fabricate context, or dissociate, all of which are associated with biased outputs. Secondly,
CoT can increase abstention answer rates, but this may be due to dataset familiarity. All
models perform worse on less familiar datasets, particularly SocioEconomicQA, while BBQ
exhibited the best benchmark performance and abstention rates. Given the other three
datasets were reformatted to replicate BBQ’s structure, this performance gap suggests
models are drawing on learned task familiarity rather than genuine reasoning about bias
itself (Sivakumar et al., 2025). Consistent with this, reasoning chains for ambiguous BBQ
prompts often contained language closely resembling BBQ’s disambiguous prompts (see
Appendix 10), providing further evidence of familiarity. Thirdly, abstention reflects safety
training without fairness learning. Although key bias-associated attention heads show
balanced activation during abstention, they are only momentarily quiet rather than durably
altered. On unseen data, this superficiality surfaces as explicit bias statements and increased
appeals to authority in the reasoning chain. These failures reflect a mismatch between CoT
and the nature of social bias. CoT relies on statistical patterns and struggles to formalize
exceptions (Liu et al., 2024), while social bias reasoning involves processes such as emotional
processing and implicit learning that operate outside conscious awareness (Mart́ın and Valiña,
2023). Given these limitations, CoT’s unstable performance on implicit bias associations
(Apsel and Jones, 2026) and its failure to yield reliable bias mitigation in our own results is
unsurprising.

8. Conclusions

This study explores how CoT prompting a!ects both LLM outputs and internal mechanisms
across four MCQA gender bias benchmarks. We find that CoT fails to increase abstention
rates consistently and is highly contingent on model characteristics and dataset design.
Internally, CoT balances attention for key biased clusters, but further probing reveals that
gender bias information is still encoded in the examined layers’ hidden representations,
regardless of depth. Moreover, increased abstention reasoning alone is insu”cient for true
safety. Biased statements frequently co-occur within the same reasoning chain, and abstention
itself may reflect dataset familiarity rather than genuine mitigation. Together these findings
suggest that CoT reasoning produces a superficial behavioral correction without changing
how models encode, store, and manifest gender bias. Addressing this will require reasoning
and mitigation strategies better suited to the implicit, non-formalizable nature of social bias.
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