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Abstract

Large language models (LLMs) are increasingly being used in fairness-critical1

tasks, making it essential to evaluate gender bias. We propose GBEval, a system-2

atic approach to the identification and explanation of gender stereotypes through3

probabilistic assessment in six domains of behavior. Our corpus contains 17 sub-4

categories of domestic work, professional work, technical ability, emotional work,5

physical work, and cognitive work. We tested six leading LLMs with 20 runs per6

question type, revealing long-standing domain-specific biases: female associations7

prefer domestic and emotional work, and males prefer technical skills and physical8

labor. Bias scores ranging from 0.664 (Gemma2-9B) to 0.767 (GPT-3.5-turbo) are9

reported. SHAP analysis identifies bias-causing tokens like "cooking," "cleaning,"10

and "coding" as primary gender markers, offering interpretable reasons behind11

systematic patterns of stereotyping.12

1 Introduction13

The extensive utilization of large language models (LLMs) in various applications from screening14

job candidates and helping students to supporting doctors with medical treatment suggestions has15

spurred algorithmic fairness as the primary research problem in AI [1, 2]. These models can have16

a drastic influence on people’s opportunities and well-living, and ensuring their lack of prejudice17

is therefore highly important [3]. One of the major concerns is gender bias, where an LLM may18

repeatedly show preference for one gender over another in its responses [4, 5, 6]. This bias can show19

up subtly, such as linking technical jobs more with men and caregiving roles more with women. [7]20

Studies on AI educational writing assistance reveal how bias transfers through AI writing support21

pipelines and impacts human writing [8]. Recent research, such as [9], confirms the persistence22

of gender stereotypes in open-source LLMs also. If not addressed, these patterns can strengthen23

outdated social norms and worsen existing inequalities in areas like hiring, education, and healthcare24

[10]. Establishing trustworthy AI requires researchers to quantify the degree of gender bias present25

in LLM outputs, and understand which words or phrases contribute to this bias, so that effective26

mitigation strategies can be developed.27

Recent studies have demonstrated that LLMs, despite impressive in capability, are likely to reflect28

systematic forms of bias that reflect historical patterns of discrimination present in their training29

data [11, 12, 13, 14]. Even highly advanced LLMs reflect persistent stereotyping across domains30

and languages [15]. The forms of bias are varied and span from occupational stereotyping and role31

assignment to differential performance on gender-related tasks [16]. Though current studies have32

gone far in identifying the presence of gender bias in language models, there are some important gaps33

in understanding how these biases operate across different behavioral domains and how they can be34

systematically detected and explained [17, 18].35
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Current bias assessment methods exhibit significant limitations: most rely on single-instance eval-36

uations or limited domain coverage, failing to capture the probabilistic nature of model responses37

and complex stereotypical associations. Existing methodologies lack interpretable mechanisms for38

identifying specific linguistic features responsible for biased outputs. This work addresses these gaps39

by introducing GBEval, a systematic probabilistic framework combining comprehensive domain40

coverage with interpretability analysis. Our contributions are: (1) quantifying gender bias using41

probabilistic sampling across model response variability, (2) identifying domain-specific bias patterns42

revealing stereotype manifestations, and (3) providing token-level interpretable explanations of bias43

mechanisms through SHAP analysis.44

2 Methodology45

2.1 GBEval Framework Design46

We used a quantitative experimental approach with controlled prompts to measure probabilistic bias47

across multiple state-of-the-art LLMs as shown in Figure 1.48

Figure 1: The five-phase methodology of the GBEval framework. Starts with taxonomy con-
struction, followed by dataset creation across 6 domains and 17 subdomains, model selection, bias
quantification through repeated iterations, and concludes with SHAP-based interpretability analysis.

2.2 Behavioral Domain Taxonomy and Dataset Construction49

We created a taxonomy based on social psychology research [19], dividing human activity into six50

types of behavior: domestic work (household chores, food preparation, childcare, home management),51

professional work (leadership, science, technology, engineering, mathematics, care occupations,52

business), technical knowledge (motor vehicle, home maintenance, computer science), emotional53

work (caring, conflict resolution), physical work (heavy manual labor, outdoor manual work), and54

cognitive work (mathematics, communication). This taxonomy provides 17 distinct subcategories for55

systematic analysis. Experimental questions elicited gender preferences through binary choice tasks56

when gender cues were withheld by presenting two equally qualified people (A=female, B=male).57

2.3 Model Selection and Experimental Parameters58

Six diverse language models were evaluated: GPT-4o-mini, GPT-3.5-turbo (OpenAI), Claude-3.5-59

Sonnet, Claude-3.5-Haiku (Anthropic), Llama-3.1-8B (Meta), and Gemma2-9B (Google). Each60

model generated 20 independent responses per question variant at temperature 0.3, with standardized61

system prompts requiring binary "A" or "B" responses.62

2.4 Bias Quantification and Analysis63

Gender bias was quantified using absolute deviation scores:64

Bias Score =
|B −A|
A+B

Where A = female preference count, B = male preference count. Scores range from 0 (complete65

neutrality) to 1 (complete preference), enabling magnitude measurement independent of direction.66

2.5 Intrepretability using SHAP67

To determine the linguistic mechanisms used for biased predictions, we used SHAP (SHapley Additive68

exPlanations) analysis to see which tokens had the most significant effect on gender-based judgments69

(Figure 2). We preferred SHAP over other techniques, such as LIME [20], due to its consistency in70

text classification contexts [21, 22].71
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Figure 2: Interpretability pipeline. The stages: (1) TF-IDF vectorization of prompt strings,
(2) logistic regression classifier training for gender prediction, (3) SHAP value calculation using
LinearExplainer, and (4) feature importance ranking by mean absolute SHAP values. Positive values
indicate male bias contribution, negative values indicate female bias.

3 Findings72

3.1 Overall Bias Assessment Across Models73

Our assessment of bias showed considerable differences in gender bias levels among the six language74

models we evaluated. The total bias scores for each model, computed according to our absolute75

deviation metric for all behavioral domains, are shown in Table 1.76

Table 1: Overall Bias Scores by Language Model. This table compares six LLMs based on their
overall bias scores computed using the GBEval framework.

Model Overall Bias Score Ranking Organization
GPT-3.5-turbo 0.767 1 (Highest) OpenAI
Claude-3.5-Sonnet 0.745 2 Anthropic
Claude-3.5-Haiku 0.724 3 Anthropic
GPT-4o-mini 0.720 4 OpenAI
Llama-3.1-8B 0.675 5 Meta
Gemma2-9B 0.664 6 (Lowest) Google

3.2 Domain Specific Bias Patterns77

Analysis across the six domains of behavior exhibited stereotypic gender trends on all models.78

Figure 3 shows average bias scores by domain, aggregated across all six models.79

Figure 3: Bias Scores across Behavioural Domains. This figure displays the average gender bias
scores across six major behavioral domains, averaged over responses from six large language models.
Domains like Domestic and Emotional Work show high female bias, while Technical and Physical
domains lean male. The analysis highlights systematic, stereotype-driven model behavior.
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3.3 Subcategory-Level Analysis

3.3 Subcategory-Level Analysis80

The highest bias scores (>0.9) occurred in traditional gender-stereotyped activities: nurturing (1.000),81

care professions (1.000), and heavy lifting (0.983). Technical skills showed mixed patterns, with82

automotive (0.873) strongly male-associated while computer technology showed moderate bias83

(0.497).84

3.4 Interpretability using SHAP85

SHAP analysis identified specific bias-driving tokens across subcategories. In household management,86

tokens like "manage," "household," and "family" contributed to female bias, while "finances,"87

"money," and "responsible" indicated male bias. Technical domains revealed tokens like "automotive,"88

"repair," and "engineering" as male indicators, while "care," "nurturing," and "emotional" served as89

female indicators. The result for one of the sub-categories is shown in Figure 490

Figure 4: Token-level interpretability

4 Discussion91

GBEval shows pervasive gender bias in all LLMs tested, with scores indicating substantial departure92

from neutrality. Domain-specific results point to deep-seated social stereotypes: house work is93

associated with women, technical skill and manual labor favor men. SHAP analysis on the token94

level provides concrete recommendations for bias reduction by highlighting specific linguistic cues.95

The probabilistic framework formulation addresses one-instance evaluation constraints, and inter-96

pretability analysis allows learning about hidden processes. These findings have direct implications97

for AI ethics and safety, providing systematic means for explanation and bias detection.98

5 Conclusion99

GBEval provides an extensive framework for taking bias evaluation from detection to mechanism-100

level understanding. Through the integration of probabilistic sampling and token-level explanations, it101

conveys both quantitative measurement of bias and qualitative understanding of stereotyping patterns.102

The systematic gender bias across all models poses a considerable challenge for responsible AI103

development, necessitating further research and mitigation.104

Code Availability: https://github.com/VizuaraAI/GBEval.105
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