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Abstract

As Large Language Models (LLMs) have risen
in prominence over the past few years, there
has been concern over the potential biases in
LLMs inherited from the training data. Previ-
ous studies have examined how LLMs exhibit
implicit bias, such as when response genera-
tion changes when different social contexts are
introduced. We argue that this implicit bias is
not only an ethical, but also a technical issue,
as it reveals an inability of LLMs to accommo-
date extraneous information. However, unlike
other measures of LLM intelligence, there are
no standard methods to benchmark this specific
subset of LLM bias. To bridge this gap, we
developed a method for calculating an easily
interpretable benchmark, DIF (Demographic
Implicit Fairness), by evaluating preexisting
LLM logic and math problem datasets with
sociodemographic personas. We demonstrate
that this method can statistically validate the
presence of implicit bias in LLM behavior and
find an inverse trend between question answer-
ing accuracy and implicit bias, supporting our
argument.

1 Introduction

Large Language Models (LLMs) have become in-
creasingly prominent in artificial intelligence re-
search and applications, demonstrating impressive
capabilities in tasks such as text generation, summa-
rization, translation, and code synthesis (OpenAl
et al., 2024; Grattafiori et al., 2024; DeepSeek-Al
et al., 2025).

LLMs’ outstanding capability to understand nu-
anced context stems from the massive and diverse
corpora of pre-training datasets, which allow them
to learn patterns and relationships in language at
scales previously unattainable. Despite these ad-
vances, concerns about embedded biases in LLM
have grown, leading to investigations into how
these models might perpetuate stereotypes or ex-
hibit discriminatory behavior reflected from biases

present in the training data (Gallegos et al., 2024;
Dai et al., 2024; Ferrara, 2023).

LLMs do not always maintain objectivity, some-
times letting sociodemographic context or ’per-
sonas’ skew their problem-solving process in sub-
tle but detectable ways. Implicit bias can manifest
in different forms, such as when LLM behavior
changes when a different, but logically irrelevant,
social context is introduced (Xu et al., 2024). This
also represents a reasoning flaw since an LLM
should be able to ignore this irrelevant context.

In real-world demographic information simula-
tion cases, such as finance or healthcare, ethical
concerns arise about implicit bias even when the
simulation does not exhibit explicit bias (Bai et al.,
2024). This could potentially introduce harmful
bias when personas are introduced in agent-based
LLM systems, which have seen use in a variety
of circumstances (Li et al., 2023; Sun et al., 2024,
Choi et al., 2025). Measuring this bias system-
atically remains challenging. Existing LLM per-
formance benchmarks typically focus on knowl-
edge retrieval, language understanding, creativ-
ity, or general reasoning, paying limited atten-
tion to observed interactions between sociodemo-
graphic cues and problem-solving skills (Gupta
et al., 2024).

In this paper, we have the contributions of: (1)
We conduct comprehensive and rigorous investiga-
tions comparing LLM bias in complex math prob-
lems across sociodemographic personas, elucidat-
ing trends in bias across different LLMs, and quan-
titatively validating the influence of implicit bias
in LLM responses. (2) Our approach integrates es-
tablished math and logical reasoning datasets with
experimental prompts incorporating identity-based
variables, allowing us to isolate implicit biases that
emerge under different persona settings. (3) We
propose a metric to capture the implicit *fairness’
of a model, complementing existing intelligence
or reasoning benchmarks and enabling straightfor-



ward cross-model comparisons.

2 Literature Review

2.1 Bias Benchmarks

Many existing benchmarks focus on measuring the
bias exhibited when answering word questions. Par-
rish et al. (2022) created the Bias Benchmark for
QA (BBQ), which uses a dataset of hand-written
questions designed to test social bias. Wang et al.
(2024) uses a dataset based on BBQ to evaluate
models by testing bias recognition, judgment, and
continuation. Esiobu et al. (2023) created the Ad-
vPromptSet and HolisticBiasR datasets for bench-
marking LLM bias in the context of excessive toxi-
city or negativity in response generation. Similarly,
Marchiori Manerba et al. (2024) created the SoFa
bias benchmarking framework and dataset, but with
a focus on disparate treatment between groups.

Although not benchmarks, other bias evalua-
tion methods have used word embeddings, such
as (Cao et al., 2022), which use word embeddings
within a social psychology context, or Xie et al.
(2024), which uses the Word Embedding Associa-
tion Test (May et al., 2019) to measure LLM bias
in a healthcare context. Deng et al. (2024) and Liu
et al. (2024) use the probability distributions of
responses to measure bias.

2.2 Prompt Bias in LLMs

Some studies have explored how prompts and per-
sonas in prompts can result in an LLM exhibiting
bias. Gupta et al. (2024) shows that even when an
LLM explicitly expresses unbiased responses when
directly queried, it can still exhibit bias when as-
signed a persona and asked to solve math problems,
serving as the main inspiration for this paper. Hida
et al. (2024) and Yeh et al. (2023) also find that
LLMs can exhibit bias based on prompt variations
and then make attempts to de-bias with modified
prompts.

3 Methodology

In order to quantify the implicit bias of LLMs, such
that different models can be compared, this bench-
mark focuses on measuring differences in LLM
problem-solving performance on math problems
when prompted with varied sociodemographic per-
sonas. We decided to focus on the first 1000
multiple-choice math problems from the GSM-MC
test dataset for this paper due to its demonstrated
correlation with open-ended math problems as a

Baseline You are a helpful American as-
sistant. Make sure that your
responses closely embody your
identity.

You are a helpful Asian Amer-
ican assistant. Make sure that
your responses closely embody
your identity.

You are a helpful Female Amer-
ican assistant. Make sure that
your responses closely embody

your identity.

Race

Gender

Table 1: Example system prompts with some different
personas. Since these demographics were selected from
an American perspective, every prompt follows the "X
American" format, with the only exception being "Amer-
ican Indian", which was specifically chosen because of
its official use in the US census.

benchmark and its ease of interpretation in quanti-
fying LLM intelligence (Zhang et al., 2024).

We collected 22 different sociodemographic
groups in different categories considered protected
groups in the United States. This was chosen be-
cause, logically, these should have no causal influ-
ence on an LLM’s abstract problem-solving. As
protected groups, there is a political consensus that
these should have no influence on an individual’s
ability to perform intellectual tasks. Starting with
a blank persona prompt inspired by Gupta et al.
(2024), each demographic is used to create a cor-
responding prompt by inserting the demographic
into the blank prompt as shown in Table 1. Using
each persona. Changing a single token between
each prompt minimizes the confounding influence
of superfluous prompt variations while focusing
only on the demographic within the prompt (Sclar
et al., 2024).

To calculate a bias score for an LLM, each per-
sona prompt is evaluated on the same set of ques-
tions to obtain an accuracy score for each persona.
These accuracies are then aggregated into an over-
all bias score by calculating the mean absolute
percentage deviation (MAPD) between each de-
mographic persona and the baseline persona, as
described in Equation 1, where sg is the accuracy
score of the baseline persona and s; is the accuracy
of a demographic persona.
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Models Llama-3 3.1 3.1 32 33 | Mistral Phi Gemma
Model Parameters 8B 88 70B 3B 70B 7B 3.8B 9B
Baseline Persona 350 356 602 302 597 258 362 472
American Indian 346 372 596 271 593 232 356 474
Asian 349 374 599 210 592 224 362 463
Black 349 369 595 264 598 224 359 475
Hispanic 350 370 605 258 598 209 356 467
Middle Eastern 344 361 598 274 594 221 360 468
Pacific Islander 341 366 590 292 591 207 359 473
White 354 361 596 270 590 243 360 474
Atheist 354 360 598 292 590 244 357 470
Buddhist 352 360 597 240 597 218 355 477
Christian 352 366 603 270 596 243 358 472
Hindu 347 361 597 288 593 234 352 477
Jewish 351 368 600 214 591 219 359 470
Mormon 354 365 597 303 591 243 365 474
Muslim 352 366 601 294 598 215 360 472
Female 336 355 606 296 593 252 359 474
Male 355 353 606 300 599 267 367 476
Non-binary 342 364 603 265 599 231 356 466
Gay 352 371 595 293 584 248 360 467
Straight 356 351 598 307 591 258 362 469
Able-bodied 354 354 602 290 588 249 361 465
Physically disabled 355 366 601 165 597 218 358 469
DIF (GSM-MC) \ 89.1 845 91.8 668 91.6 | 68.5 89.9 914

Table 2: Correct answers out of 1000 and DIF (GSM-MC) results for the vanilla testing of personas when greedy
decoding is used for text generation. Bold indicates models with answer variations between personas that are

significantly explained by implicit bias (p < 0.05).

Following the convention of many other LLM
benchmarks where higher numbers are better, this
bias score is converted to a benchmark score that
goes from O (most biased) to 100 (least biased).

DIF = 100 x (1 — v/Bias) )

Due to the strict approach towards measuring im-
plicit bias in this method, the implicit bias values
tend to be small, which is why the benchmark uses
the square root of the bias to highlight differences
between models while preserving rankings. To en-
sure deterministic output during evaluation, greedy
decoding should be enabled.

4 LLM Comparison

4.1 Bias of different models

For this analysis, we decided to focus on
Meta-Llama-3-8b-Instruct, Meta-Llama-3.1-8b-
Instruct, Llama-3.1-70B-Instruct, Meta-Llama-3.2-
3B-Instruct, Llama-3.3-70B-Instruct (Grattafiori

et al., 2024), Mistral-7B-v0.3 (Jiang et al., 2023),
Phi-3.5-mini (Abdin et al., 2024), and Gemma-7b
(Team et al., 2024) due to their open model weights
and control over sampling settings, and their com-
mon Western corporate background, which aligns
with the demographic groups chosen for this study.
All models were obtained from their respective of-
ficial HuggingFace repositories and were executed
on a mix of NVIDIA A100 and H100 GPUs.

As seen in Figure 1, there is a trend in which
models that correctly answer more questions tend
to have less bias, which could support our hypoth-
esis that implicit bias is the product of a flaw in
LLM intelligence. Interestingly, Llama-3-8B is
less biased than its successor, Llama-3.1-8B, even
though the latter is more intelligent.

4.2 Validating the significance of implicit bias

Even when an LLM is set to deterministically out-
put tokens by forcing greedy decoding, the differ-
ence in response accuracy between various persona



Models Llama-3 3.1 3.1 32 33 | Mistral Phi Gemma
Model Parameters 8B 8B 70B 3B 70B 7B 3.8B 9B
t=0.2 89.0 85.0 912 769 887 | 70.1 79.8 91.9
t=20.4 81.9 87.0 89.9 750 894 | 68.7 87.0 91.0
t=20.6 85.2 82.0 89.7 535 916 | 722 87.1 89.8
t=20.8 86.0 83.0 864 626 93.0| 745 76.8 89.5
t=1.0 80.8 80.5 88.9 582 913 ]| 758 80.1 89.4

Table 3: DIF (GSM-MC) scores of different models across different temperatures.
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Figure 1: LLM intelligence (measured as number of
questions correctly answered using the baseline persona)
versus raw bias scores. There is a negative correlation
(R% = —0.68, p < 0.05) between intelligence and bias.

settings may be introduced by the presence of addi-
tional tokens in the prompt rather than the seman-
tic influence of those tokens (Sclar et al., 2024).
To exclude this explanation, we generated "null
model" personas that follow the same prompt for-
mat as the real personas but use randomly generated
strings instead of real demographics. We found
with a ¢-test that the bias score of the real personas
was significantly higher than the bias score of the
null personas (p < 0.05) for Meta-L.lama-3.1-8b-
Instruct, Meta-Llama-3.2-3B-Instruct, Llama-3.3-
70B-Instruct, and Mistral-7B-v0.3, suggesting that
the inclusion of demographics in the prompts of
these LLMs is the cause of the observed accuracy
variation across different personas.

4.3 Temperature and bias

Many proprietary LLLM providers such as OpenAl
and Anthropic do not provide an option for greedy
decoding and only provide options to change tem-
perature or top-p. To investigate how temperature
might affect bias, we tested each model with differ-
ent temperature values, sampling three responses
for each question and treating the most common

multiple-choice answer as the final answer. If the
model outputs three unique answers, it is automati-
cally treated as incorrect. As seen in Table 3, alter-
ing the temperature introduces a substantial amount
of noise to the bias scores, and it is difficult to iden-
tify any clear patterns across all models. Given
the argument that implicit bias and intelligence
are inversely correlated, and previous research that
observes a lack of significant influence of temper-
ature on problem solving, it follows that tempera-
ture might not have much of an impact on implicit
bias (Renze, 2024). However, future research is re-
quired to make a stronger claim on the relationship
between temperature and implicit bias.

5 Conclusion

In this paper we presented DIF, a general frame-
work for benchmarking implicit bias using socio-
demographic personas and preexisting datasets.
One future avenue of study could focus on using
the difference in answers under the influence of log-
ically irrelevant personas as a form of feedback to
train LLMs that are less biased. For example, dur-
ing the reinforcement learning step demonstrated
in DeepSeek-Al et al. (2025), the model could be
penalized if it exhibits a difference in output when
answering the same question with different per-
sonas.

It is worth mentioning that Siddique et al. (2024)
found that more intelligent models tended to exhibit
more bias, which could be seen as contradicting our
results. However, their paper analyzes how LLMs
connect demographics with stereotypes, which is
closer to explicit bias, while our study focuses on
implicit bias. Future research should clarify how
LLMs express these two types of biases simultane-
ously.

Limitations

The scope of this study is intended to validate the
functionality of the DIF benchmarking method



and is only evaluated on a select representative
set of LLMs. We presented this framework us-
ing personas taken from a strictly American con-
text and focused on evaluating models trained on
predominantly English datasets. Further attempts
to benchmark models from a non-Western back-
ground should take this into consideration and
make adjustments if needed. This same concern
also applies to the dataset of questions used in this
study, GSM-MC, which consists of grade school
level math questions written in English with word
problem setups that generally follow a Western
context (Zhang et al., 2024). Going further, using
multiple variations of this benchmark with different
sets of demographics and problem datasets from
a diverse set of contexts could be used to eluci-
date the implicit biases of an LLM from multiple
perspectives in a scalable manner.

Ethical Considerations

Our study suggests that LLMs’ logical skills can
be significantly influenced by the demographic in-
formation inserted in the prompts. Users may un-
intentionally or intentionally prompt LLMs with
specific settings that downgrade the mathematical
and logical reasoning capabilities of the model in
certain applications. Our findings call for further
mitigation of the implicit bias of LLM, but it is
important to emphasize that this benchmark only
covers a narrow subset of implicit bias, leading to
the concern that LLM developers might treat this
benchmark as prescriptive and make broad claims
of creating models that lack implicit bias.
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A Appendix

A.1 Example Prompts

System

You are a helpful American as-
sistant. Make sure that your
responses closely embody your
identity.

User

Please answer the following
multiple-choice question care-
fully. Only answer with a single
letter. Do not respond with any
other text, numbers, or symbols.
<QUESTION>

Assistant

<RESPONSE>

Table 4: Example conversation with chat role and base-
line prompt used in the experiment.

A.2 Null Model

For each null model demographic, a random string
of 10 letters was generated, and the first letter of
each string was capitalized. 20 total null demo-
graphics were used for the null model.
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