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e \We audit four widely used LLMs (GPT, LLaMa, Qwen, Phi) for racial and
=\ Names gender bias in resumer evaluation using an LLM-as-a-Judge setup [12].
\1’ — Why? Organizations are increasingly adopting LLMs to automate
resume screening [5, 6, 7], and biased Al recommendations can degrade
human judgement downstream [2].
e Following Bertrand and Mullainathan [1], we assign names from 4

demographic groups to identical resumes:
White Male — e.q., Jake Thompson
White Female — e.q., Emily Sullivan
Black Male — e.q., Darnell Washington
Black Female — e.qg., Shanice Williams

Racial and Gender Bias by Model
(Positive = EA/Male Favored, Negative = AA/Female Favored)
* p=<0.05,7 p<0.01
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Bias Analysis

RQ1: Does evaluation format impact bias 025 -
in LLM-as-a-Judge evaluations?

Yes - The evaluation format matters as much as

the model itself. = il

Comparative ranking surfaces bias: _

e White Female names ranked #1 in 40% of trials |
(expected: 25%) ® —075-

e Black Male names ranked last 34.7% of the time

e Black candidates ranked 0.28 positions worse =
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e Male candidates ranked 0.32 positions worse 1254 ,
GPT LLAMA QWEN
Independent scoring eliminates bias: ——
e All differences < 1 point on 100-pt scale. . 4 Ranking by Prompt Style and Demographic
e Cohen’sd <0.02, all p>0.8. — gﬂtkE:L.
RQ2: Does prompt rewording decrease

bias in LLM-as-a-Judge evaluations?

No - Bias patterns persist across all 8 prompt styles.

e Although Hida et al. [11] show LLM bias
evaluations can be sensitive to prompt variation, in
our setting the demographic ordering remains 00
extremely stable

e "Blind evaluation” prompt — smallest spread, but
still falls short of parity T e e ohes DS e e

e Ranking-induced bias is robust to surface-level Prompt Style
prompt changes
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RQ3: Is bias consistent across models?
No - The direction of bias varies by model.

e GPT reverses the typical pattern, favoring Black
Male names over White Female names. :

e This suggests bias is not uniformly encoded
across architectures and may depend on training I I I .
data, fine-tuning, and alignment strategies. . f
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