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Abstract

Large Language Models (LLMs) are increasingly integrated
into critical decision-making processes, such as loan ap-
provals and visa applications, where inherent biases can lead
to discriminatory outcomes. In this paper, we examine the
nuanced relationship between demographic attributes and so-
cioeconomic biases in LLMs, a crucial yet understudied area
of fairness in LLMs. We introduce a novel dataset of one mil-
lion English sentences to systematically quantify socioeco-
nomic biases across various demographic groups. Our find-
ings reveal pervasive socioeconomic biases in both estab-
lished models such as GPT-2 and state-of-the-art models like
Llama 2 and Falcon. We demonstrate that these biases are sig-
nificantly amplified when considering intersectionality, with
LLMs exhibiting a remarkable capacity to extract multiple
demographic attributes from names and then correlate them
with specific socioeconomic biases. This research highlights
the urgent necessity for proactive and robust bias mitiga-
tion techniques to safeguard against discriminatory outcomes
when deploying these powerful models in critical real-world
applications.Warning: This paper discusses and contains
content that can be offensive or upsetting.

Introduction
In recent years, Large Language Models (LLMs) have been
increasingly integrated into various fields such as healthcare
(Hadi et al. 2023), insurance (Dimri et al. 2019), employ-
ment (Qin et al. 2018), and credit scoring (Wu et al. 2023).
While the evaluation of social biases in LLMs (Nadeem,
Bethke, and Reddy 2021; Kaneko and Bollegala 2022) and
their potential harms (Blodgett et al. 2020; Beukeboom
and Burgers 2019) has been extensively studied, the rapid
development and integration of these models into critical
decision-making areas necessitate the ongoing need to as-
sess and address their inherent biases.

Previous research by Shen et al. (2022) has demon-
strated how seemingly innocuous details like names or sub-
tle language cues can significantly influence the outcomes
of language-based recommender systems, skewing the price
of restaurant recommendations based on perceived gender,
race, or sexual orientation. This work, however, did not
study the root causes of this bias. Motivated by this gap,
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we investigate how LLMs inherently exhibit biases related
to socioeconomic status, particularly when considering dif-
ferent demographic groups. Concurrent with our research,
Singh et al. (2024) explored LLMs’ understanding and em-
pathy towards underprivileged populations in extreme situ-
ations. While both studies offer valuable insights, they have
not fully addressed how demographic factors influence and
amplify harmful socioeconomic biases in LLMs. This paper
aims to fill this research gap and contribute to a more nu-
anced understanding of bias and fairness in LLMs.

In this study, we uncover intrinsic socioeconomic biases
in state-of-the-art LLMs such as Llama 2 and Falcon, as well
as the widely-used models such as BERT and GPT-2. We fo-
cus on evaluating these biases across different demographic
attributes -including birth-assigned gender, marital status,
race, and religion - and exploring how these biases mani-
fest and vary across models. Furthermore, we assess the dy-
namics between these biases by exploring intersectionality
among gender, race, and marital status. Moreover, we evalu-
ate the socioeconomic bias of LLMs towards names, which
is an identification of the individuals used in most applica-
tions, such as credit scoring. In particular, we highlight the
influence of these factors on the modification of economic
class perception related to these groups through the intrinsic
token prediction evaluation of LLMs. More precisely, our
contributions include:
1. Creating a novel evaluation dataset of 1M English sen-

tences with socioeconomic context prompts.1

2. Assessing the intrinsic socioeconomic biases in four dif-
ferent LLMs: Falcon, Llama 2, GPT-2 and BERT with
respect to four sensitive domains.

3. Evaluating the impact of intersectionality of gender, race
and marital status on socioeconomic biases in LLMs.

4. Assessing the capacity of LLMs to extract race and gen-
der information from names and their socioeconomic bi-
ases associated with these names.

Related Works
Our paper contributes to the extensive literature on intrinsic
bias evaluation in LLMs.

1Our dataset and code are publicly available at
https://github.com/MinaArzaghi/Understanding Intrinsic
Socioeconomic Biases in Large Language Models.
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Audit & Evaluation of LLMs: Bias in LLMs is catego-
rized into two main types (Delobelle et al. 2022; Goldfarb-
Tarrant et al. 2020): intrinsic bias and extrinsic bias. Intrin-
sic bias (Caliskan, Bryson, and Narayanan 2017; Kaneko
and Bollegala 2022) refers to biases inherent in the embed-
ding or representation of language models. This form of bias
is evaluated without fine-tuning the models on a specific task
or dataset. In contrast, extrinsic bias involves assessing the
fairness of system outputs for the downstream tasks. This as-
sessment helps to determine the overall fairness of combined
system components, e.g., evaluating fairness in career pre-
diction using individuals’ biographies (Webster et al. 2020;
Zhao et al. 2020).

Shen et al. (2022) demonstrated that including names
in the queries for a language-based recommender system
named LMRec, which suggests restaurants, can shift the
price levels of the recommended restaurants. This shift oc-
curs despite the absence of names during the system’s train-
ing phase. However, they did not identify which compo-
nent of the CRS is responsible for this bias. In our work,
we demonstrate how Large Language Models (LLMs) can
extract race and gender from names—a finding supported
by other studies (Haim, Salinas, and Nyarko 2024; Meltzer,
Lambourne, and Grandi 2024)—and exhibit biases toward
names and various demographic groups. Specifically, our
study evaluates the intrinsic biases in four LLMs: BERT,
GPT-2, Falcon, and Llama 2. We concentrate on the per-
ceived socioeconomic status as influenced by individuals’
demographic information. More precisely, we investigate
how the embeddings in LLMs reflect biases toward individ-
uals’ financial status, influenced by gender, marital status,
and a combination of these.

Dataset Generation to Audit LLMs: The task of generat-
ing datasets for evaluating bias in LLMs involves two main
approaches: unmasking tokens within sentences (Nadeem,
Bethke, and Reddy 2021; Zhao et al. 2018) and selecting
sentences based on given contexts (Nangia et al. 2020; Kir-
itchenko and Mohammad 2018). In the first approach, LLMs
are tasked with filling in a masked token, considering the
sentence’s context. The second approach requires the LLM
to choose a sentence that aligns with a given context. Zhao
et al. (2018) introduced the WinoBias dataset, comprising
3,160 sentences designed for co-reference resolution tasks to
identify gender bias in associating genders with occupations.
Based on their evaluation method, an unbiased model should
be able to link gendered pronouns to an anti-stereotypical
occupation as accurately as it does to stereo-typically linked
occupations. StereoSet, a dataset introduced by Nadeem,
Bethke, and Reddy (2021), includes 16,995 crowd-sourced
instances. This dataset focuses on stereotypes related to gen-
der, race, religion, and profession, where LLMs are eval-
uated based on their ability to select contextually relevant
tokens.

We contribute to this field by introducing a new dataset
of 1M masked tokens specifically designed to assess socioe-
conomic bias in LLMs. This fill-in-the-blank task presents
options reflecting poor and wealthy statuses and neutral as
potential fills for the masked token. While previous works

like WinoBias and StereoSet offer valuable resources in the
bias evaluation field, our dataset focuses exclusively on so-
cioeconomic biases.

Socioeconomic Bias in LLMs: Investigating socioeco-
nomic biases in LLMs remains a relatively unexplored area
of research. A notable exception is the work of Singh et al.
(2024), which focused on the ability of LLMs to demon-
strate empathy towards socioeconomically disadvantaged
individuals in challenging situations. Using a dataset of
3,000 samples and a question-answering approach. In this
work, they used terms such as ”homeless” to represent the
socioeconomic situation. Our work contributes to this field
by showing that perceived socioeconomic status is influ-
enced by individuals’ demographic information. Our work
demonstrates that biases are not solely directed toward the
economically disadvantaged; even groups considered afflu-
ent are subject to specific perceptions and labeling by lan-
guage models. This comprehensive evaluation offers critical
insights into the implicit biases present in current linguistic
technologies.

Dataset Creation
Our study aimed to assess socioeconomic biases within
LLMs, focusing on four crucial demographic domains:
Birth-Assigned Gender, Marital Status, Race, and Religion.
We proposed a novel dataset of 1M English sentences to
evaluate the impact of demographic attributes on the socioe-
conomic status assigned to groups by LLMs. Our dataset
generation process consists of three phases.

Phase 1. Terms Generation and Selection: The first
phase of creating our dataset involved generating pairs of
target terms for each demographic domain along with pairs
of terms reflecting financial status. In this regard, Belmont
University (2024) helped us identify various religious terms.
For marital status, we were inspired by the terms defined
by Statistics Canada (2023). Terms for the gender and race
domains were manually curated, drawing inspiration from
other works in bias evaluation. Our research involved eval-
uating the inherent socioeconomic biases of language mod-
els towards names and assessing the embedded information
in names, utilizing the list of names proposed by Shen et al.
(2022). For intersectionality terms, we combined various de-
mographic attributes (for example, ’Muslim fathers’ for gen-
der and religion). We also manually curated a list of neutral
terms—terms that do not belong to any social group, such as
’those people.’ These terms were used for comparison pur-
poses. Finally, we utilized WordNet (Miller 1995) to address
financial status terms. After entering a word and its defini-
tion, the system generates an extensive list of related phrases
and synonyms. Each term was comprehensively reviewed
using the WordNet Online (Princeton University 2010) in-
terface to ensure its relevance and appropriateness. We re-
moved terms that were inaccurate in representing financial
status. We provide examples of these terms in Table 6 in
Appendix2.

2The appendices for this paper can be found in the complete
version available on ArXiv.
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Phase 2. Template Sentence Generation: Once the terms
have been generated, we need to generate sentence templates
with [MASK] and [TARGET] tokens that will be used for
our fill-in-the-blank task. We employed OpenAI (2022) to
generate these template sentences with the following con-
straints:
• Positioning of Socioeconomic Terms: Our sentence

construction focused on the precise placement of two
categories of terms: socioeconomic status terms (e.g.,
’wealthy’), denoted by the [MASK] token, and domain-
related terms (e.g., ’men’), identified by the [TAR-
GET] token. To maintain optimal sentence structure, we
avoided placing the [MASK] token at the beginning of
the sentence or before the [TARGET] token. This con-
dition allowed us to precisely evaluate the impact of the
[TARGET] term on predicting the [MASK] term and as-
sess socioeconomic biases in language models.

• Financial Context: Each sentence must be situated
within a financial framework to correspond with the
study’s emphasis on socioeconomic prejudice. For ex-
ample, having text segments like ”in terms of financial
stability” in the sentence provides this context.

• Single Sensitive Context: Templates were restricted to
include only one sensitive feature. More precisely, we
had a [TARGET] token in each sentence that was re-
placed by domain-related terms. In other words, we en-
sured the generated sentences did not include any demo-
graphic information except the [TARGET] token.

Due to the complex nature of the mentioned constraints,
there were times when ChatGPT couldn’t adhere to all the
restrictions. However, the entire process was interactive, and
we made iterative modifications to improve the outputs. Ulti-
mately, all the generated templates were checked and refined
by the authors, resulting in a list of 50 template sentences.

Phase 3. Template Robustification and Augmentation:
After acquiring 50 templates, we performed data augmenta-
tion by introducing controlled operations to perturb our tem-
plates. Previous research has shown that LLMs are highly
influenced by the prompt or template formulation (Kwon
and Mihindukulasooriya 2022), especially in tasks that in-
volve predicting masks (Mishra et al. 2023). As the intrinsic
evaluations proposed in this article are based on this prin-
ciple, increasing the robustness of the templates we use is
crucial to ensure that the biases created during their gen-
eration do not impact our conclusions (Raffel et al. 2020).
To this end, we applied four types of perturbation inspired
from Raffel et al. (2020). The first perturbations focused on
lexical changes; we altered the templates’ adverbs from ’of-
ten’ to five other negative and positive adverbs. Addition-
ally, we added quantifiers to the target token (such as ’all
[TARGET]’). The second type was structural perturbation,
where we shortened templates and reorganized the phrases
within the sentences. The third type was grammatical; we
modified the templates to include singular and plural targets
and switched from passive to active voice. Additionally, we
adjusted the templates to incorporate various verb forms in
past and future tenses. Finally, as our fourth type of perturba-
tion, we made heavier changes to the semantics. In this step,

we generated two paraphrased templates using a T5 model
pre-trained on HuggingFace (Romero 2021).

From our 50 original templates, we ultimately obtained
843 different templates to perform our analyses. In Table 7
of Appendix A, we provide examples of the template sen-
tences in a structured breakdown based on the perturba-
tion strategy. With these controlled increases, we hope to
increase our analyses’ robustness. Finally, by replacing the
[TARGET] token with domain-related terms, we arrived at
956,805 templates with [MASK] token. This [MASK] to-
ken was replaced with 18 financial statuses during inference
time.

Evaluation
Experimental Setup
Large Language Models (LLMs) We evaluate four
LLMs in our study: three autoregressive language mod-
els—Falcon, Llama 2, and GPT-2—and one bidirectional
transformer model, BERT. Below, we offer a brief overview
of each model.

Falcon (Penedo et al. 2023) is an open-source autore-
gressive large language model introduced by the Technol-
ogy Innovation Institute (TII). As of 2023, Falcon models
are ranked highly on the OpenLLM leaderboard according
to Face (2024e). Our study utilized the Falcon-7B model
from Face (2024b), which contains 7 billion parameters, in
an inference mode. This means we did not train it on new
data and only generated predictions based on the pre-trained
knowledge of the LLM.

Llama 2 (Touvron et al. 2023), introduced by Meta in
2023, is a new version of the Llama, an optimized auto-
regressive transformer. Like the other autoregressive mod-
els, it predicts the next word in a sentence based on the pre-
vious words. In our work, we used the 7B parameter version
of Llama 2 from Face (2024d) that, according to Meta, out-
performs the Falcon 7B model in several tasks, including
commonsense reasoning. The 7B Llama model offers dou-
ble the context length (4K vs 2K) and has been trained on
2.0 trillion tokens, twice as many as its previous version.

GPT-2 (Radford et al. 2019), developed by OpenAI in
2019, is a Transformer-based autoregressive model trained
on the WebText dataset (Gokaslan and Cohen 2019), which
contains data extracted from 8 million web pages. Our
project uses the small version from Face (2024c), which has
124 million parameters.

BERT (Devlin et al. 2018) developed by Google in 2018.
Utilizing WordPiece embeddings (Wu et al. 2016), it is
trained on a vocabulary of 30K tokens and focuses on two
main tasks: fill-in-the-mask and next-sentence prediction. In
our project, we utilized BERT Base, which has 110 million
parameters, specifically for the task of fill-in-the-mask from
Face (2024a).

Our setup differs for BERT and three other models due to
their distinct structures. For autoregressive models, we cal-
culate the probability of entire sentences. To ensure that sen-
tence length does not impact the total probability, we nor-
malize the probability by the sentence length. Conversely,
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for BERT, we calculate the probability of the [MASK] to-
ken, comparing probabilities in fill-in-the-blank scenarios.

Evaluation Metric This section presents the measures
used to quantitatively evaluate the LLMs, focusing on their
linguistic coherence and impartiality towards different so-
cioeconomic levels. We introduce three main metrics: the
Language Model Coherence Score (LMCS), the Poverty As-
sociation Ratio (PAR), and the EquiLexi Score. These met-
rics are inspired by the methodologies of Nadeem, Bethke,
and Reddy (2021), but our evaluation differs significantly
from theirs. While they compare stereotypical associations
over anti-stereotypical ones, thereby considering an LLM bi-
ased if it shows a high association with stereotypical pairs,
our work considers an LLM biased if it shows a high as-
sociation with either extreme side (poor or rich groups of
terms). In other words, a non-biased LLM assigns the same
probability to the [MASK] token being replaced by terms
representing either the poor or rich.

Language Model Coherence Score (LMCS): Given a
target term, let P (relevant|target) be the probability that the
language model selects a contextually relevant word, and
P (irrelevant|target) be the probability of choosing an irrele-
vant word. LMCS is defined as:

LMCS =
P (relevant|target)

P (relevant|target) + P (irrelevant|target)
(1)

For example, in the sentence ’In the property market, Asian
people are often seen as [MASK],’ a relevant term to fill the
mask could be ’wealthy,’ while an irrelevant term would be
’apple.’ The LMCS value ranges between 0 and 1. A score
of 1 indicates that the model always selects contextually rel-
evant words, while 0 indicates a consistent selection of ir-
relevant words. Values between 0 and 1 represent varying
degrees of contextual coherence.

Poverty Association Ratio (PAR): PAR measures the
model’s tendency to associate a target term with poverty. It
is defined as:

PAR =
P (poor|target)

P (poor|target) + P (rich|target)
(2)

In Equation 2, we use the terms ’poor’ and ’rich’, but in
practice, we sum up the probabilities of 18 terms (9 words in
each group). This ratio indicates the likelihood of associat-
ing a target term with poverty versus wealth. It ranges from
0 (strong association with wealth) to 1 (strong association
with poverty). Although a consistent preference for terms
representing ’rich’ over ’poor’ also indicates bias, we have
chosen this aspect of the ratio for comparative purposes. It
should be noted that either side of the equation can be used,
as both effectively highlight potential discrimination.

EquiLexi Score (ELS): This score combines LMCS and
PAR to suggest equity in both language coherence and so-
cioeconomic representation:

EquiLexi Score = LMCS × min(PAR, 1− PAR)
0.5

(3)

It ranges from 0 to 1, with higher values indicating better
performance in terms of both linguistic accuracy and socioe-
conomic fairness.

Baseline Models In our study, we use three theoretical
baseline models inspired by Nadeem, Bethke, and Reddy
(2021). Moreover, we have established a Neutral Level to
benchmark the performance and biases of LLMs.

IdealLM: If we consider an ideal theoretical language
model, it would exhibit several key characteristics. Firstly, it
would have a Language Model Coherence Score (LMCS) of
1, indicating perfect coherence. Secondly, it would demon-
strate a complete absence of socioeconomic bias, with a
Poverty Association Ratio (PAR) of 0.5, reflecting a perfect
balance between associations with ’poor’ and ’rich’.

FullBiasLM: Another theoretical model, FullBiasLM,
represents the lower end of fairness. This model clearly
prefers one socioeconomic term over another, with a Poverty
Association Ratio (PAR) skewed entirely towards either
’poor’ or ’rich’ (1 or 0).

RandomLM: Serves as another theoretical baseline
model in our study, selecting associations purely arbitrarily.
This indicates that while the model does not exhibit a strong
bias towards any particular socioeconomic term, it also fails
to make contextually logical choices consistently.

Neutral Level: In our study, we establish a ’Neutral
Level’ baseline for each LLM by replacing the [TARGET]
token with neutral terms like ’people’. This approach allows
us to evaluate whether the model’s tendency to associate sen-
tences with ’poor’ or ’rich’ is due to inherent biases rather
than the demographic content of the tokens.

Experimental Results
RQ1. Intrinsic Socioeconomic Bias Evaluation: To what
extent do LLMs exhibit intrinsic biases related to socioe-
conomic status across different sensitive attributes?

To address our first research question, we evaluated the
intrinsic socioeconomic biases present in Falcon, Llama 2,
GPT-2, and BERT, comparing these LLMs against baseline
models, as shown in Table 1. At an aggregated level, the re-
sults demonstrate that all LLMs, except BERT, scored high
in LMCS, approaching our IdealLM benchmark. However,
their ELS are lower, falling below the IdealLM and, in most
cases, even below RandomLM. BERT exhibits the highest
ELS, while Falcon has the lowest. Despite BERT’s relative
superiority among LLMs in terms of ELS, its score remains
below IdealLM. Autoregressive language models have PARs
higher than 0.5, whereas BERT has PARs lower than 0.5.
Without comparing them to the Neutral Level, we might in-
terpret that the former LMs tend to associate demographic
group terms with poverty, while the latter tends to associate
them with wealth. However, when comparing them to the
Neutral Level, we see that, in general, all language models
have PARs higher than the Neutral Level, indicating a bias
towards poverty. However, these aggregate PAR scores may
not fully capture all biases, particularly in overlapping de-
mographic groups (e.g. female terms vs male terms in gen-
der). Consequently, we will delve into each domain more
closely in the following sections to better understand these
biases.

Birth-Assigned Gender Our study indicates that terms
associated with the female gender are more frequently
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LLM Falcon Llama 2 GPT-2 BERT
Demographic Group ELS LMCS PAR ELS LMCS PAR ELS LMCS PAR ELS LMCS PAR

Birth-Assigned Gender 0.400 0.998 0.601 0.413 0.998 0.598 0.520 0.999 0.566 0.717 0.816 0.463
Marital Status 0.346 0.999 0.640 0.350 0.999 0.662 0.518 0.999 0.609 0.781 0.888 0.463
Race 0.302 0.999 0.617 0.310 0.999 0.654 0.487 0.999 0.647 0.764 0.877 0.460
Religion 0.375 0.999 0.599 0.395 0.999 0.603 0.505 0.999 0.606 0.739 0.841 0.463

Aggregated 0.389 0.998 0.628 0.398 0.998 0.633 0.508 0.999 0.5625 0.760 0.877 0.458

Neutral Level 0.396 0.999 0.596 0.413 0.999 0.602 0.510 0.999 0.598 0.740 0.862 0.457
IdealLM 1.000 1.000 0.500 1.000 1.000 0.500 1.000 1.000 0.500 1.000 1.000 0.500
FullBiasLM 0.000 0-1 0 or 1 0.000 0-1 0 or 1 0.000 0-1 0 or 1 0.000 0-1 0 or 1
RandomLM 0.500 0.500 0.500 0.500 0.500 0.500 0.500 0.500 0.500 0.500 0.500 0.500

Table 1: Comparing Demographic Domains for LLMs: In this table, all LLMs are compared with baseline models with respect
to the EquiLexi Score (ELS), Language Model Coherence Score (LMCS), and Poverty Association Ratio (PAR) across all
four demographic domains. Higher ELS and LMCS indicate better performance and a smaller difference between PAR and the
Neutral Level suggests less socioeconomic bias. In each domain, the highest ELS is shown in bold and the lowest is underlined,
respectively.

LLM Neutral
Term Female Male Gap

F vs M

Falcon 0.596 0.677 0.527 0.150
Llama 2 0.602 0.672 0.528 0.144
GPT-2 0.598 0.584 0.550 0.034
BERT 0.457 0.462 0.464 0.002

Table 2: Gender PAR Comparison Between Female and
Male Terms across Different LLMs. The highest gap be-
tween the two genders is seen in Falcon, and the lowest in
BERT, indicating that Falcon is more biased toward gender.

linked to poverty across all autoregressive LLMs compared
to their male counterparts, as shown in Table 2. Specifically,
Falcon exhibits the largest disparity. Conversely, BERT
demonstrates a minimal gap of 0.002, suggesting lower so-
cioeconomic bias related to gender compared to other mod-
els. Furthermore, the PAR of neutral terms consistently po-
sitions between the extremes of female and male terms. This
pattern suggests that sentences containing gender-related
terms are more likely to align with terms denoting wealth
or poverty. For instance, in neutral contexts such as ”In the
property market, these people are often seen as [MASK],”
replacing ’these people’ with ’women’ increases the likeli-
hood of [MASK] being filled with poverty-associated words,
whereas replacing it with ’men’ tends to decrease this prob-
ability.

A pairwise comparison of terms, as shown in Figure 1,
offered even more clarification. These bar-plot comparisons
show that in Falcon, Llama 2, and GPT-2, terms related to
women are more likely to be associated with poverty than
terms linked to men. Conversely, BERT has a uniform PAR
for both genders and is near the Neutral Level, indicating
less bias towards the gender domain.

Marital Status Our analysis of marital status consistently
shows that ’Married’ has the lowest PAR, while ’Separated’
and ’Divorced’ rank highest in Falcon, Llama 2, and GPT-2.

However, in BERT, all marital statuses have the same PAR,
around the Neutral Level. This led us to conclude that there
is no evidence of socioeconomic bias in BERT towards mar-
ital status. In Falcon, Llama 2, and GPT-2, the Neutral Level
consistently highlights the discrimination between ’married’
and other marital statuses by being positioned between them.
This ordering across the four language models is depicted in
Figure 2, which provides a clear understanding of how vari-
ous marital statuses are positioned with respect to PAR.

Racial Identities A closer look at race in Figure 3 reveals
that BERT treats different races more uniformly around the
Neutral Level. In other words, replacing neutral terms like
’these people’ with any terms from the race domain does not
impact the PAR. GPT-2 shows minimal variation, with the
lowest PAR for ’white’, close to the Neutral Level. In con-
trast, Llama 2 and Falcon exhibit noticeable biases, dispro-
portionately associating poverty with ’Indigenous’, ’Latino’,
and ’Black’ terms while attributing it less to ’White’, which
also shows a bias toward another extreme.

Religions Observations from Table 1 indicate a smaller
gap between the PAR of each language model and its neu-
tral level, which could be interpreted as a lack of bias in
the religion domain. However, a closer examination in Fig-
ure 4 reveals discrimination among different religions. Gen-
erally, Muslims exhibit a higher PAR and Jews a lower PAR
than the neutral level in Falcon and Llama 2, indicating a
socioeconomic bias for these religions. The gap of between
these two races in Falcon and Llama 2 could explain why
the aggregated PAR appears balanced, resulting from the
overlapping impacts of these terms. In GPT-2, Hindus have
the highest PAR, followed by Muslims, with Christians and
Jews showing no clear evidence of socioeconomic bias in
our analysis. The behavior of BERT remains consistent with
its performance in other domains.

Our analysis of the first research question reveals that ad-
vanced language models generally exhibit higher biases to-
ward demographic groups, contrary to expectations given
their cleaned datasets. On the other hand, BERT demon-
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Figure 1: Pairwise PAR Comparison of Gender Terms Across Models. Female terms consistently exhibit higher PAR scores
than male terms.

Falcon Llama 2 GPT-2 BERT
0

0.2

0.4

0.6

0.8

PA
R

Divorced Separated Widowed Single Common-law Married

Figure 2: Comparison of PAR for Marital Status across Lan-
guage Models. For Falcon and Llama 2, a significant gap is
observed between Married and other marital statuses, while
for GPT-2 and BERT, the levels are comparatively uniform.

strates a smaller gap in PAR across different groups, which
may indicate a fairer language model. However, since the
LMCS (Language Model Consistency Score) for BERT is
significantly lower than autoregressive language models,
this could suggest a limitation in its capacity to select rel-
evant words rather than an inherent fairness.
RQ2. Compound Bias Analysis: Does the intersection
of multiple sensitive attributes exacerbate the biases
present in LLMs?

To answer the second research question, we conducted
further research beyond our initial focus on individual sensi-
tive attributes. In real-life situations, people often have mul-
tiple sensitive attributes, a condition called intersectional-
ity. This phenomenon has the potential to magnify biases in
LLMs. We investigated the intersectionality between race,
gender, and marital status. In all three domains, in general,
intersectionality amplified socioeconomic bias more than in-
dividual demographic terms for Falcon and Llama 2 to some
extent in GPT-2. However, this was not the case with BERT.
Comparing the PAR of the combination of terms to the one
of each term alone provided further insight. According to
Figure 5, in Llama 2, for instance, we constant the high-
est PAR belongs to ’Indigenous mothers’, which has a de-
viation of 0.09 from the term ’mother’ individually. This
means the ’Indigenous’ terms shift the PAR of combina-
tion compared to the PAR of ’mother’. On the other hand,
the disparities become worse when we study the lower ex-
tremes of a sensitive attribute in combination with a higher
extreme. For example, when adding race terms like ’Indige-
nous’ to the term ’man’, PAR increases by 0.26 compared
to PAR of ’man’. Similarly, combining ’white’ with ’grand-
daughter’ increases PAR with respect to ’white’ and reduces
it with respect to ’granddaughter’. The heat-maps for other
LLMs are provided in Appendix. In general, similar trends
have been observed in autoregressive LLMs. In BERT, the
variation is not significantly pronounced since the variation
in the isolated studies between terms in race and gender
was not too significant. Regarding marital status and gen-
der, we have observed similar trends as those seen with race
and gender in autoregressive LLMs. For example, in Fal-
con, combining the ’Widowed’ status with ’mother’ term
results in an increased PAR compared to ’mother’ term in-
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Figure 3: Comparison of Race PAR across LLMs: The dif-
ferences in PAR among different races are extremely pro-
nounced in Falcon and Llama 2. In contrast, BERT shows
PARs around the neutral level for all races, indicating no ev-
idence of socioeconomic bias in this model.

dividually, as well as to ’indigenous’ terms (see Figure 6).
These trends remain consistent for Llama 2, and GPT-2 but
not for BERT. We have taken another step towards inter-
sectional analysis by studying triple-level intersectionality,
which combines marital status, race, and gender. For this
phase of analysis, we adopted a method where we isolated
one domain and compared the impact of its combination
with compositions from the other two domains. We exam-
ined all 768 combined terms, but for simplicity, we present
some of the extreme cases in Tables 3. In Table 3, we com-
pare the PAR of combinations like ’man’ and ’woman’ with
terms having the highest and lowest PAR from marital sta-
tus and race. For instance, in Falcon, alternating between
’common-law white’ and ’widowed indigenous’ in combi-
nation with ’man’ increases the PAR by 0.502. For instance
for Falcon, in Figures 6 we observed that combining ’man’
with ’widowed’ increased the PAR by 0.12. More over and
combining ’Indigenous’ with ’man’ increased the PAR by
0.21 with respect to the term ’man’ (Figure 9 of Appendix).
Now, combining these three terms increased it by 0.27. This
is one of several examples of bias amplification by intersec-
tionality. This impact remains consistent with other terms.
As another example, replacing ’married boy’ with ’divorced
girl’ in combination with ’white’ showed an increase of
0.293. In Falcon, the term ’widowed Indigenous woman’
has a PAR of 0.876, showing increases of 0.16 compared to
’widowed,’ 0.04 compared to ’Indigenous,’ and 0.07 com-
pared to ’woman’. While this analysis is more complex than
the previous ones due to the interaction of the three compo-
nents, which can shift the dynamics towards lower or higher
PAR, we observed consistent trends. For instance, combin-
ing terms with high PAR typically increases PAR, at least
compared with one of the included terms. Conversely, com-

Falcon Llama 2 GPT-2 BERT
0

0.2

0.4

0.6

PA
R

Muslim Buddhist Christian Hindu Jewish

Figure 4: Comparison of PAR for Religion across LLMs:
’Muslim’ is highly associated with poverty, while ’Jewish’
shows the lowest PAR, indicating wealth across all autore-
gressive language models.

binations of terms with low PAR decrease the composite
PAR. Furthermore, our analysis shows that combinations of
two or three terms from different domains, each having dif-
ferent levels of PAR, can bring the PAR close to the Neutral
Level, which is the lowest socioeconomic bias level, such as
’separated Asian man’ or ’married Arab girl’ (see Table 8
and 9 of Appendix for additional details).

Overall, our findings indicate that intersectionality ampli-
fies biases in LLMs. The highest PAR of 0.885 in our en-
tire study is for ”Divorced Indigenous Mother” in Llama 2,
while the lowest PAR of 0.208 is related to ”White Man” in
Falcon. This means that in our study, a ”Divorced Indige-
nous Mother” is tagged as poor 88.5% of the time by Llama
2, whereas a ”White Man” is tagged as rich 79.2% of the
time by Falcon. These results underscore how intersection-
ality can worsen biases, highlighting the need for more com-
prehensive bias mitigation strategies in LLMs.(For more de-
tails, refer to Table 10 in the Appendix.)
RQ3. How do LLMs discern sensitive attributes from
names, and what is the impact of compound names em-
bodying multiple attributes on socioeconomic biases in
these models?

Names are fundamental identifiers that carry embedded
information about attributes like gender and race shown by
Haim, Salinas, and Nyarko (2024) and Meltzer, Lambourne,
and Grandi (2024), which may influence the operational bi-
ases of LLMs in contexts such as recruitment where such
attributes should not affect decisions. Our research involved
examining the ability of these four LLMs to predict gen-
der and race from a list of names. For this purpose, we
employed a zero-shot learning approach to predict gender
and race based on the list of names we got from Shen et al.
(2022). The results, as detailed in Table 4, show a clear pro-
ficiency in extracting such sensitive information with preci-
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Figure 5: This heat-map shows the intersectionality impact of race and gender on PAR in Llama 2. It compares composite PAR
values with individual PAR for each domain. The values inside the heat-map display the PAR of intersectionality, with values
at the top and right side showing individual PAR of gender and race.

sion. For instance, Llama 2 accurately predicted gender in all
instances, and Falcon showed similarly high accuracy. The
challenge was greater with race prediction due to overlaps
across races, where GPT-2 and BERT showed an accuracy
of 50%, which could be interpreted as them choosing races
at random.

Furthermore, we explored how names influence the so-
cioeconomic biases inherent in LLMs. Using the same list
of names, we assessed the models’ responses when these
names were used as a target domain. In Table 5, these re-
sults are compared to the intersectionality between race and
gender, where the results are aggregated to the same groups
as names (for races other than ’White’, they are summed up
in ’non-white’, and gender terms are grouped into ’female’
and ’male’). Although the PAR values for names differ from
intersectionality, the general trends remain consistent. This
could be explained by the fact that names may include other
demographic information such as religion, nationality, and
even age, while our intersectionality contains terms from
race and gender. As we can observe, the general trends are
the same in Falcon and GPT-2 when comparing names to
race and gender intersectionality. For Llama 2, the general
trend also stays the same, except that white female names
have a lower PAR than the male group. In BERT, however,
the trend is not the same at all.

In this study, we assessed the socioeconomic biases em-
bedded in LLMs towards demographic groups such as gen-
der, marital status, race, religion, and combinations thereof,
including race, gender and marital status, and biases asso-
ciated with names. Our results indicate that autoregressive

models not only exhibit biases across these domains but also
that such biases are intensified by intersectionality. Specif-
ically, models like Falcon and Llama 2 display pronounced
socioeconomic biases compared to GPT-2. Although BERT
shows negligible bias in our tests, its LMCS is lower than
other LLMs. This means BERT is less effective than other
models in picking relevant words, so the low bias of BERT
may result from its lower capacity. Falcon and Llama 2, de-
signed with instruction-based architectures, appear to reflect
training data more accurately and demonstrate enhanced rea-
soning capabilities. We hypothesize that this design aspect
is a key factor in why Falcon and Llama 2 exhibit more
pronounced socioeconomic biases than GPT-2 and BERT.
To test this hypothesis, we conducted a limited experiment
in which we input extreme terms from each demographic
domain into simple sentences, allowing the LLMs to com-
plete them. Specifically, we used prompts structured around
extreme cases with the highest and lowest PAR identified
within each domain. For example, we provided the prompt
’[TARGET1] are often rich and [TARGET2] are poor be-
cause’ and repeated this exercise with five different seeds.
One of the generated outputs from this experiment is dis-
played in Appendix. In this experiment, we observed that
Llama 2 and Falcon generated text with the reasoning be-
hind the phenomena, whereas GPT-2 produced sentences
largely unrelated to the context. On the other hand, BERT
was unable to generate coherent sentences, which is not sur-
prising given that text generation is not its primary function.
While these preliminary results validate our hypothesis, a
more thorough future investigation is needed.
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Figure 6: This heat-map shows how combination of marital status and gender terms affect PAR in Falcon.

Discussion
In our study, we compared two types of Large Language
Models, BERT and autoregressive models, such as Falcon,
Llama 2, and GPT-2, which differ in structure and the meth-
ods used to achieve results. The development of these mod-
els has increasingly focused on optimizing their capabilities
to understand and generate human-like text. However, our
comparative analysis leads us to hypothesize that the effi-
cacy of these models in bias mitigation and reasoning tasks
is heavily dependent on the nature and quality of their train-
ing data. This highlights the potential impact of data diver-
sity on model behavior and performance, although further
evidence is needed to confirm these observations.

Impact of Data Quality and Composition: BERT’s
lower intrinsic socioeconomic biases could be primarily due
to its reliance on cleaner, more structured data sources,
namely BookCorpus(Gokaslan and Cohen 2019) and En-
glish Wikipedia. These sources provide a well-curated foun-
dation that reduces the likelihood of learning and propagat-
ing biases found in less controlled environments. In contrast,
GPT-2 are trained on extensive but unfiltered datasets like
WebText(Gokaslan and Cohen 2019), which capture a more
comprehensive array of internet discourse and its inherent
biases. This is evident from the model documentation pro-
vided by OpenAI, highlighting concerns regarding the prop-
agation of stereotypes and the need for careful deployment
in bias-sensitive applications. While data cleaning strategies
such as RefinedWeb(Penedo et al. 2023) for Falcon might
help obtain better results for reducing direct biases (He et al.
2023), they are not enough to compensate the capability of

new models to reflect these biases in other aspects where
complex link exist. This could explain why BERT shows less
socioeconomic bias towards different social groups, which
needs further investigation in future research.

Training Data Diversity and Model Generalization:
The diversity in training datasets, as seen with Falcon and
Llama 2, prepares models to handle a broader range of lin-
guistic styles and contexts. This is beneficial for generaliza-
tion across different tasks. However, the challenge remains
in balancing this diversity with the need to control for qual-
ity and bias, which is critical for ensuring that models do not
amplify harmful stereotypes or misinformation, as shown in
this work.

Instruction-Based Design and Enhanced Reasoning:
Llama 2 and Falcon, designed to be more instruction-
sensitive, demonstrate an advanced capacity for detailed
reasoning. Through their diversified training that likely in-
cludes conversational and contextual data, these models ex-
cel in generating nuanced responses. This capability is cru-
cial for applications requiring detailed explanatory outputs
and where understanding the context of queries is essential.
However, the detailed reasoning ability does not necessarily
result in fairness or lesser bias. Their higher socioeconomic
bias highlighted this compared to GPT-2 and BERT.

Conclusion
Our analysis of well-known Large Language Models
(LLMs) such as GPT-2, BERT, Llama 2, and FALCON
has revealed socioeconomic biases affecting various de-
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LLMs / Target Term diff PAR PAR Gender

Falcon
Neutral level 0.596

widowed indigenous woman 0.867 0.799
married white woman 0.311 0.799
diff 0.556
widowed indigenous man 0.740 0.465
common-law white man 0.238 0.465
diff 0.502

Llama 2
Neutral level 0.602

divorced indigenous woman 0.863 0.765
single white woman 0.468 0.765
diff 0.395
divorced indigenous man 0.829 0.434
married white man 0.384 0.434
diff 0.445

Table 3: Examples of Triple Intersectionality PAR Varia-
tion for Gender. We compare the terms ’woman’ and ’man’,
which represent the highest and lowest PAR values in terms
of gender, by combining them with composite terms of mari-
tal status and race. Here we can observe in Falcon and Llama
2 how other race and marital status combinations could in-
crease or decrease PAR for the terms ’man’ and ’woman’.

Domain Falcon Llam 2 GPT-2 BERT

Gender 0.989 1.000 0.705 0.841
Race 0.737 0.830 0.500 0.500

Table 4: Comparison of LLMs’ Accuracy in Identifying
Gender and Race from Name

mographic groups. Specifically, we observed how demo-
graphic information like gender, marital status, race and re-
ligion could impact the perceived financial status of indi-
viduals from different groups. Our detailed analysis demon-
strated that biases, while evident in high-level categories like
male and female, become more pronounced when examin-
ing details such as ’daughter’ and ’father.’ Furthermore, we
showed how intersectionality can alter the dynamics of so-
cioeconomic bias. Moreover, our assessments revealed not
only that state-of-the-art LLMs are proficient in accurately
extracting gender and race from names but also how they
discriminate based on names alone. These findings highlight
an urgent need for bias mitigation in LLMs before their de-
ployment in sensitive domains.

Limitations & Future Directions In this work, we used
English due to its simplicity and widespread use. In the fu-
ture, we plan to extend our research to include other lan-
guages. Moreover, we included ChatGPT, which is based on
a language model, for the dataset generation pipeline. De-
spite our alignment and refinement, there is still a possibility
that some level of bias from the underlying language model
in ChatGPT could have influenced our dataset. Furthermore,

LLM Domain WM WF NWM NWF

Falcon Name 0.436 0.438 0.478 0.524
Intersect. 0.341 0.404 0.603 0.677

Llama 2 Name 0.429 0.413 0.463 0.510
Intersect. 0.394 0.462 0.589 0.665

GPT-2 Name 0.452 0.458 0.462 0.508
Intersect. 0.553 0.586 0.602 0.630

BERT Name 0.441 0.441 0.438 0.433
Intersect. 0.456 0.459 0.457 0.460

Table 5: Comparing Poverty Association Ratio (PAR) for
Names and Intersectionality (Intersect.) Between Race and
Gender Across LLMs.

considering the high sensitivity of LLMs to input and their
text conditioning behavior, we recognize that even a slight
change in the prompt may lead to different outcomes. Al-
though our thorough analysis and presentation of aggregated
results can minimize such errors, a lack of prompt robustness
may still affect our findings.

In our study, we used the same name list proposed by Shen
et al. (2022). However, this list lacks a comprehensive range
of names from different races, which could have provided a
more extensive comparison. A more diverse name list would
allow future research to assess the impact of factors like na-
tionality, religion, and age on socioeconomic bias. In ad-
dition, our findings indicate that intersectionality amplifies
socioeconomic biases. In future research, one could incor-
porate more dimensions and assess how the dynamics of
bias change by adding multiple intersecting demographic at-
tributes. This direction could yield deeper insights into the
complex nature of bias in LLMs and how different identity
aspects interact to compound biases.

Finally, the implications of the socioeconomic biases ex-
amined in our paper are profound, and they can reach be-
yond LLMs themselves. Future research is needed to show
how these biases, embedded in LLMs, could impact crit-
ical aspects of individuals’ lives when applied to down-
stream tasks. This influence may span from suggesting
lower-paying job opportunities to affecting insurance rates,
influencing bank loan approvals, and even contributing to
visa rejections based on assumptions about financial capa-
bilities. Future studies are needed to understand how inher-
ent bias affects various tasks and find mitigation strategies to
reduce these biases in different LLM models and minimize
potential harms.
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