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the accounting profession using large
language models
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This study investigates how artificial intelligence (Al) perpetuates gender stereotypes in the
accounting profession. Through experiments employing large language models (LLMs), we
scrutinize how these models assign gender labels to accounting job titles. Our findings reveal
differing tendencies among LLMs, with one favouring male labels, another female labels, and
a third showing a balanced approach. Statistical analyses indicate significant disparities in
labelling patterns, and job titles classified as male are associated with higher salary ranges,
suggesting gender-related bias in economic outcomes. This study reaffirms existing literature
on gender stereotypes in LLMs and uncovers specific biases in the accounting context. It
underscores the transfer of biases from the physical to the digital realm through LLMs and
highlights broader implications across various sectors. We propose raising public awareness
as a means to mitigate these biases, advocating for proactive measures over relying solely on

human intervention.
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Introduction

s per White and White (2006), many individuals have

traditionally adhered to the notion that certain jobs are

more appropriate or common for men or women due to
occupational stereotypes. One of the early research studies that
delved in to gender stereotypes related to occupations was carried
out by Shinar (1975). This study revealed that college students
believed certain professions necessitated masculine attributes,
while others called for feminine qualities. These stereotypes have
implications beyond mere perceptions, often exerting detrimental
influence on individuals’ career decisions and access to oppor-
tunities, such as job segregation (Clarke 2020), wage gaps (Arceo-
Gomez et al. 2022) and career progression barriers (Tabassum
and Nayak 2021).

In the field of accounting, research findings have indicated
disparities in the perception of occupational stereotypes. Some
studies have suggested that accounting is predominantly con-
sidered a male-dominated domain, while others have argued that
it is a female-majority profession. For example, White and White
(2006) found that people think of accounting as more of a male
profession than they openly say, showing a difference between
hidden and open views. Similarly, Alev et al. (2010) highlighted
significant differences in the stereotypes of male and female
accountants in Turkey, a country where the profession is male-
dominated. Nabil et al. (2022) further emphasized the influence
of patriarchal values and perceptions of the accounting work
environment as more suitable for men, contributing to gender
stereotyping in accounting education. On the other hand,
Kabalski (2022) identified the belief that accounting is a profes-
sion for women, complete with specific stereotypes about the
qualities required for the job.

This study contributes to the existing body of research on
occupational stereotypes in accounting by introducing a novel
dimension. Specifically, our research question is: “does Al per-
petuates stereotypes within the accounting profession, and if so,
in what manner”. To address this question, we have designed
experiments which examine how LLMs classify job titles within
the accounting profession into different genders. The rationale for
the research design, including the selection of job title classifi-
cations and the focus on LLMs is explained below.

We have chosen to explore the classification of job titles in this
research because job titles encapsulate fundamental aspects of a
profession’s identity and expectations. Job titles often serve as the
initial point of reference when individuals evaluate potential
career choices and they bear cultural and historical connotations
that can either reinforce or challenge prevailing occupational
stereotypes. By examining how LLMs categorize job titles, our
research illuminates the implicit associations that are established
between specific roles and gender.

Furthermore, our study specifically concentrates on LLMs
rather than conducting experiments based on established LLM-
powered Al platforms such as ChatGPT, Microsoft Bing, Google
Bard and others. This choice is grounded in the recognition that
LLMs serve as the foundational layer of AI language processing
and generation. LLMs are trained on extensive datasets, often
reflecting societal biases inherent in language usage. Conse-
quently, these models assume a pivotal role in shaping the lin-
guistic and cognitive frameworks that form the basis for decision-
making processes within AI systems. By delving into the inner
workings of LLMs, our research seeks to attain a deeper under-
standing of how biases and stereotypes permeate Al systems.

Opverall, the rationale behind this research lies in the potential
implications for both AI technology and societal perceptions. By
examining how various LLMs classify accounting job titles, we
can gain valuable insights into the prevalence and variations of
gender-related biases within AI systems. Furthermore, this
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research offers an opportunity to expand our understanding of
the evolving landscape of occupational stereotypes and their
interaction with recent AI technologies. Ultimately, this study
seeks to contribute new knowledge to the fields of gender studies,
AT ethics and occupational psychology with the goal of fostering
more inclusive and unbiased environments in both the workplace
and the realm of AL

Stereotypes in LLM

Previous studies have indicated that LLMs are not immune to
perpetuating gender bias and stereotypes. As per the study con-
ducted by Kotek et al. (2023), LLMs have been shown to exhibit
biased assumptions regarding gender roles, particularly in rela-
tion to societal perceptions of occupational gender roles. These
biases were found to diverge from statistically grounded data
provided by the US Bureau of Labor. Furthermore, research by
Singh and Ramakrishnan (2024) revealed that LLMs openly dis-
criminate based on gender when ranking individuals. Moreover,
Huang et al. (2021) exposed implicit gender biases associated with
the portrayal of protagonists in stories generated by GPT-2. These
findings indicated that female characters were predominantly
characterized based on physical attributes, while their male
counterparts were primarily depicted with emphasis on intellec-
tual qualities. Similarly, a study (Lucy and Bamman 2021) dis-
covered analogous gender biases in narratives generated by GPT-
3. Additionally, Kaneko et al. (2024) concluded that even in
relatively straightforward tasks such as word counting, LLMs can
exhibit gender bias.

Several previous research efforts have been dedicated to eval-
uating and comparing various LLMs with regard to their gender
bias. These comparative studies have provided insights into the
disparities in how LLMs handle gender-related content. For
instance, Wan et al. (2023) compared the performance of
ChatGPT and Alpaca and highlighted significant gender biases in
the recommendation letters generated by these LLMs. More
specifically, the authors observed that LLMs tend to craft letters
for women that predominantly emphasize personal qualities,
while letters for men tend to focus more on their achievements. In
a similar vein, Zhou and Sanfilippo (2023) conducted a com-
parative analysis between ChatGPT, a US-based LLM and Ernie, a
Chinese-based LLM. They reported that individuals using these
LLMs had observed gender bias in their responses and their
scientific findings confirmed the presence of gender bias in LLM-
generated content. Notably, they observed differences between
the two LLMs: ChatGPT tended to exhibit implicit gender bias,
such as associating men and women with different professional
titles while Ernie displayed explicit gender bias by overly pro-
moting women’s prioritization of marriage over career pursuits.
Furthermore, Fang et al. (2023) conducted a comparative exam-
ination of different LLMs, revealing that the Al-generated content
(AIGC) produced by each LLM exhibited substantial gender and
racial biases. Their study also highlighted notable discrimination
against females and individuals of the Black race within the AIGC
generated by these LLMs.

Numerous previous studies have examined the underlying
causes of gender bias in LLMs. Researchers have investigated the
training data, algorithms and fine-tuning processes to identify the
origins of biased language generation. Gross (2023) concluded
that biases are present because the data used to train LLMs is
biased. For instance, LLMs may associate certain occupations
with specific genders, such as associating “doctor” with males and
“nurse” with females. On the other hand, Dong et al. (2023)
suggested that LLMs may exhibit implicit biases towards certain
genders even when they are not explicitly trained on biased data.
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This is because LLMs are trained on large datasets that reflect
societal biases and stereotypes. These biases become ingrained in
the model through patterns in the data, such as gendered lan-
guage associations and contextual biases. Zhou and Sanfilippo
(2023) found that ChatGPT was more frequently found to carry
implicit gender bias whereas explicit gender bias was found in
Ernie’s responses. Based on these findings, the researchers
reflected on the impact of culture on gender bias and proposed
governance recommendations to regulate gender bias in LLMs.
Furthermore, Ferrara (2023) argued that eliminating bias from
LLMs is a challenging task since the models learn from text data
sourced from the Internet, which contains biases deeply rooted in
human language and culture. Indeed, AI's gender bias is a
widespread concern influenced by various factors, including
insufficient diversity in data and developers, biases among pro-
grammers and societal gender prejudices (Nadeem et al. 2020).
The overrepresentation of men in Al design has the potential to
perpetuate gender stereotypes, highlighting the importance of
incorporating diversity and gender theory into machine learning
(Leavy, 2018).

Beyond merely identifying the existence and causes of gender
bias, previous research had also aimed to summarize the impacts
of such bias within content generated by LLMs. This encompasses
exploring how biased language affects users, reinforces stereo-
types and influences societal perceptions. Singh and Ramakrish-
nan (2024) summarized gender-related disadvantages in areas
such as hiring, lending and education. Paul et al. (2023) expressed
concerns regarding various types of biases, including gender bias,
racial bias and cultural bias that may be present in responses
generated by ChatGPT in consumer-facing applications. Pavlik
(2023) concluded that what exacerbates the situation is the lack of
accountability concerning content generated by LLMs.

To conclude, previous research has examined gender biases in
LLMs, primarily focusing on general gender contexts. However,
these studies should not be directly applicable to the specific
context of the accounting profession, as highlighted by the spe-
cific domain-related elements within this field. The accounting
sector is distinguished by its specialized terminology and job titles
such as “accountant,” “auditor,” and “controller,” which carry
distinct meanings and implications not found in other professions
(Ott 2022; Sung et al. 2019). Additionally, the terminology within
the accounting profession is constantly evolving (Edwards and
Walker 2007; Evans 2010), further distinguishing it from other
fields. Directly applying findings from broader LLM gender bias
studies to the accounting profession without careful validation
may result in inaccurate conclusions, a concern also noted in
previous literature (Calderon et al. 2024; Ling et al. 2024; Yao
et al. 2023; Zhang et al. 2023). To bridge this gap, our research
aims to specifically investigate how LLMs perpetuate gender
stereotypes within the accounting profession. While our study
focuses on the accounting profession, it is important to note that
we do not suggest that this field is the most representative for
examining gender stereotypes. However, our research can serve as
a valuable reference for future studies in other industries, which
may expand upon our findings and reveal different dynamics.

Research design: “Toy Choice” approach

In order to investigate whether AI perpetuates stereotypes within
the accounting profession, and if so, in what manner. A “Toy
Choice” approach was adopted in this study.

The “Toy Choice” experiment approach has been used in
various studies to explore different aspects of children’s behaviour
and development. DeLucia (1963) utilized this approach to
measure sex-role identification in children. Kurdi (2017) exten-
ded this approach to investigate the factors influencing parent toy

purchase decisions, identifying six main determinants. Gavrilova
et al. (2023) applied the approach to examine the toy preferences
of children. In brief, the approach involves observing and ana-
lyzing participant’s preferences and selections when presented
with a variety of items, such as toys in different types and colours.
Researchers often use this experiment to gain insights into
gender-based preferences in toy selection and to explore how
societal influences may shape these choices.

In this study, we provide a list of accounting job titles to LLMs
and let the models to assign gender-related labels to each job title.
The selected LLMs and job titles are discussed below.

The selected LLMs. Three LLMs were selected from Hugging
Face’s official website (https://huggingface.co) for experiment
purpose. Hugging Face is an online community and a key player
in the democratization of Al, providing open-source tools that
empower anyone to create, train and deploy AI models using
open-source code. Various research had been conducted invol-
ving the platform. For example, Shen et al. (2023) introduced
HuggingGPT, a framework which uses LLMs to connect different
Al models and solve complex tasks while Ait et al. (2023)
developed HFCommunity, a tool for analyzing the Hugging Face
Hub community, which is a popular platform for sharing ML-
related projects.

The three selected LLMs from Hugging Face are “facebook/
bart-large-mnli” model, “MoritzLaurer/DeBERTa-v3-base-mnli-
fever-anli” model and “alexandrainst/scandi-nli-large” model. For
simplicity, we refer them as “Model F”, “Model M” and “Model
A”, respectively. These models have been used in various research
and practical applications to help understand and process human
language in different contexts and languages, such as (Gubelmann
and Handschuh 2022; Laurer et al. 2024; Rozanova et al. 2023;
Yin et al. 2019). They are also the three most downloaded models
capable of conducting zero-shot classification as on 8 December
2023. Zero-shot classification is a machine learning approach
which can recognize and classify text or items into different
classes or categories, even it has never seen these classes or
categories before. In total, “Model F” has been downloaded 2.63
million times, “Model M” 6.29 million times and “Model A” 1.23
million times. In contrast, all other models have downloaded in
<1 million times, the fourth most frequently downloaded model
(NbAiLab/nb-bert-base-mnli) had only 360 thousand downloads.
These figures underscore the significant popularity of the above
three mentioned models, highlighting their representativeness in
the field.

As explained, these three models were tasked to categorize
accounting job titles.

The selected job titles. We used the job titles listed in the
Association of Chartered Certified Accountants (ACCA) official
website for our experiments. The association is one of the largest
professional bodies in the world. According to the ACCA’s
website, (https://www.accaglobal.com/gb/en/about-us.html) the
association has over 252,500 members in 180 countries. In total,
we obtained 53 job titles from the official ACCA website on 8
December 2023 (https://jobs.accaglobal.com/cp/role-explorer/).
The findings of the experiments are reported below.

Findings

We conducted our experiment on 8 December 2023, and then we
replicated the experiment on 9 December 2023 with another
computer to evaluate the consistency of our results. The two
computers have different configurations—one is a notebook, and
the other is a desktop. However, these configuration differences
do not affect the results since both experiments were conducted

| (2024)11:1141 | https://doi.org/10.1057/541599-024-03660-8 3


https://huggingface.co
https://www.accaglobal.com/gb/en/about-us.html
https://jobs.accaglobal.com/cp/role-explorer/

ARTICLE

on the same internet platform, Google Colab. The main distinc-
tion lies in the fact that the experiments were carried out on
different days. Therefore, specific details regarding the config-
urations of the two computers are not provided here. Further-
more, in the follow-up experiment (on 9 December 2023), we
reordered the labels. This reordering approach aims to provide an
additional mechanism to evaluate if the order of labels would
affect the results.

We used the 53 job titles from the official ACCA website
(https://jobs.accaglobal.com/cp/role-explorer/) and we fed these
53 job titles to each of the three identified LLMs and then we let
each of the LLMs to classify each of the job title to a corre-
sponding label (female, male, other and unknown). In addition to
“female” and “male”, the category “other” includes non-binary or
gender non-conforming identities. The category “unknown” is
used when gender information is unavailable or not specified.
These categories aim to provide inclusive classification options
while acknowledging diverse gender identities and circumstances
where gender information may be incomplete or not disclosed.

In the following, we refer to the three LLMs used in our
experiment as “Model 1,” “Model 2,” and “Model 3” instead of
their real names. This choice is made to maintain anonymity and
prevent potential biases associated with specific model brands. It
emphasizes that our findings are not model-dependent and can
be applicable to a broader category of LLMs.

The results obtained from each model were recorded, indicating
the number of job titles classified into each gender category. These
counts were organized into a contingency table with rows repre-
senting the categories (female, male, other and unknown) and
columns representing the models (Model 1, Model 2 and
Model 3).

In both the first experiment and follow-up experiment, we
obtain the same results, therefore, we conclude the results were
consistent and the order of labels did not affect the results.

Table 1 shows the summary of the distribution of title classi-
fication among LLMs.

As per Table 1, the obtained classification results reveal distinct
patterns among three language models (LLMs) tasked with
labelling 53 job titles as female, male, other or unknown. Notably,
Model 1 demonstrates an inclination towards assigning job titles
to the male category with a predominant count of 36 instances
while only 16 instances were classified as female. This skew
towards male assignments suggests a potential bias or influence
within the training data or model architecture that consistently
associates certain terms or expressions with male gender.

Conversely, Model 2 exhibits a marked deviation in the
opposite direction, displaying a significant predilection for
labelling job titles as female. With 43 instances classified as female
and only 10 as male. Model 2 reveals a notable imbalance in its
gender assignments. This distinct bias towards female classifica-
tions may be indicative of inherent biases within the training data
or the model’s architecture, which may disproportionately
associate certain terms with female gender labels.

Model 3, in comparison, showcases a more balanced dis-
tribution between female and male categories, with 22 instances

Table 1 Summary of the distribution of label classification
among LLMs.

Model 1 Model 2 Model 3
Female 16 43 22
Male 36 10 22
Other 1 0 9
Unknown 0 0 0

each. However, it introduces a nuanced element by allocating a
non-negligible portion (nine instances) to the “other” category.
The presence of the “other” category in Model 3 indicates that
this model is more inclined to assign job titles to a gender-neutral
or ambiguous classification. This nuanced approach may be
attributed to a more complex understanding of job titles,
potentially reflecting the model’s capacity to recognize and
account for titles that do not conform to binary gender norms.

In order to assess whether there is a significant difference
among three classification models concerning their results in
classifying items into four categories: female, male, other and
unknown, the Chi-squared test for independence was employed
in this experiment.

For the Chi-squared test, expected counts were computed for
each cell in the contingency table. Each cell in the contingency
table represents a specific combination of a category and a model.
For example, the cell at the intersection of “Model 1” and
“Female” represents the observed count of items classified as
female by Model 1.

The formula for calculating the expected frequency of a cell in a
contingency table is:

where:
E;;=1is the expected frequency for the cell in the ith row and
jth column.
R;=is the sum of the observed frequencies in the ith row.
C; =is the sum of the observed frequencies in the jth column.

NJ =1is the total sample size, which is the sum of all observed
frequencies in the contingency table.

To implement the Chi-squared test for independence, Python
was utilized within a Google Colab environment. The SciPy
library was employed due to its comprehensive statistical func-
tionalities. SciPy was chosen for its reliability and widespread use
in scientific computing and statistical analysis. The applications of
SciPy have widely been reported in the studies of various fields,
such as finance (Vuppalapati et al. 2021), public health (Hu et al.
2021), economic education (Kuroki, 2021), marketing (Singh
2023), etc. Specifically, the “chi2_contingency” function from
SciPy’s “stats” module was used in this study to compute the Chi-
squared statistic, p value, degrees of freedom and expected counts.

Data preparation was conducted on the dataset in line with
established statistical practices. More specifically, we opted to
remove the “unknown” category from our analysis of classifica-
tion results among three distinct models, and we believe this
decision is well-founded for several compelling reasons. First, the
“unknown” category exhibited zero counts across all models,
rendering it devoid of any meaningful information. In statistical
analyses, the presence of zero frequencies within a cell of a
contingency table can lead to challenges in the interpretation of
results and can even compromise the validity of the Chi-square
test for independence. Second, our choice to eliminate the
“unknown” category serves to simplify the analysis by reducing
the degrees of freedom, as advised in the context of this statistical
test. Including a category with no variation across models would
artificially inflate the degrees of freedom, potentially leading to an
overestimation of the significance of results. Therefore, by
excluding the “unknown” category, we shift our analytical focus
to the relevant classifications of items into “female,” “male,” and
“other,” allowing for a more robust assessment of the models’
performance in these specific categories. This approach ensures
that our statistical analysis is conducted with greater precision
and accuracy, yielding insights that are genuinely indicative of the
models’ performance on meaningful classifications.
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Table 2 Chi-squared results of the distributions of gender
classifications among the three models.

Chi-squared statistic: 44.430065359477126
Degrees of freedom: 4

P value: 5.222797544377195e — 09

Expected frequencies:

[27. 22.66666667 3.33333333]

[27. 22.66666667 3.33333333]

[27. 22.66666667 3.33333333]

Effect size (Cramer's V): 0.3055167318565052

As per Table 2, the results of the Chi-squared test indicated a
significant difference in the distributions of gender classifications
among the three models (p <0.01). Cramer’s V effect size mea-
sure (0.3055) suggests a moderate to strong association between
the classification models and the assigned categories. This finding
underscores the significance of the choice of model in influencing
classification outcomes.

Cross-model consistency in gender classifications

Despite the significant differences in gender distributions among
the three models, a noteworthy observation emerges from the
analysis of specific job titles. Ten out of the 53 job titles were
consistently classified into the same gender category by all three
models. The identified patterns are delineated into two distinct
groups:

Female Group 1: Financial Analyst, Finance Analyst,
Internal Audit Manager, Audit Manager, Assistant Man-
agement Accountant, Assistant Accountant.

Male Group 2: Financial Accountant, Head of Finance,
Chief Financial Officer, Senior Internal Auditor.

In comparing the two identified groups of job title classifica-
tions—Female Group 1 and Male Group 2, distinct patterns and
implications emerge.

For Group 1, it primarily consists of roles related to financial
analysis, internal audit and assistant-level positions. The group
involves tasks such as financial analysis, audit management and
support functions.

For Group 2, it comprises higher level finance positions with
more strategic and leadership responsibilities. The group includes
roles such as financial accounting, departmental leadership (Head
of Finance) and top executive leadership (CFO). These roles likely
involve more strategic planning, decision-making and overall
financial management for the organization.

In comparison, Group 1 (female) seems to represent roles that
are more entry to mid-level, more operational and specialized,
whereas Group 2 (male) includes higher level roles with greater
responsibilities for financial strategy and leadership within an
organization.

Furthermore, an extended analysis of the job titles includes a
summary of the salary ranges for each category presented in Table
3. By examining the classification results, it becomes evident that
certain job titles consistently classified as male (Group 2) by all
three LLMs are characterized by higher salary ranges. The mini-
mum, maximum and average salaries for Group 2 (male) mark-
edly surpass those of Group 1 (female), with the average salary in
Group 2 being 1.74 times higher than in Group 1. All job roles in
Group 1 (females) have lower salary than job roles in Group 2
(male) except the Audit Manager role. These salary differentials
align with and echo the seniority differences previously identified
between the two classified groups.

Table 3 Summary of the salary ranges for each category.
Group 1 (female) Min Max Average
Assistant Accountant £25,000.00 £34,000.00 £29,500.00
Assistant Management £28,500.00 £37,000.00 £32,750.00
Accountant

Audit Manager £55,500.00 £66,500.00 £61,000.00
Finance Analyst £45,000.00 £57,000.00 £51,000.00
Financial Analyst £47,000.00 £57,500.00 £52,250.00
Internal Audit Manager £47,000.00 £57,500.00 £52,250.00
Group 2 (male) Min Max Average
Chief Financial Officer £109,500.00 £147,500.00  £128,500.00
Financial Accountant £51,500.00 £61,500.00 £56,500.00
Head of Finance £70,500.00 £93,500.00 £82,000.00
Senior Internal Auditor  £51,000.00 £61,500.00 £56,250.00

An independent samples f-test was carried out to investigate if
there was a significant difference in average salaries between two
distinct groups using Python’s “scipy.stats” package. Group 1,
consisting of six samples, had an average salary of £46,458.33,
whereas Group 2, which included four samples, had an average
salary of £80,812.5. The results yielded a t-statistic of
—1.056 x 1016 and an extremely low p value of ~1.45x1077°.
Given a significance level of 0.05, the null hypothesis was rejected,
indicating a significant disparity in average salaries, reflecting
salary differences between male and female finance professionals.

To conclude the findings above, the variation in classification
results reveals the different understanding of matching job titles
to gender across LLMs. In this regard, the composition of the
trained dataset plays a pivotal role in this variation, as it can
perpetuate historical gender imbalances associated with specific
job roles, impacting the language models’ predictions. Addition-
ally, the impact of country-specific differences is significant, with
gender representation in the workforce varying widely between
countries and regions as per Del Baldo et al. (2019). For example,
a report (AFECA and FEE 2017) shows the landscape of female
representation in the European accountancy profession paints a
diverse picture across 24 nations, from 15% in Switzerland to 78%
in Romania.

The findings echo the previous studies about gender pay gap in
accounting sector. Previous study documented that in Japan, only
5% of women, compared to 18% of men, were senior managers.
At the highest levels of management, there were no female
partners (Stedham et al. 2006). The UK figure indicated that the
overall median pay gap is higher than the national figure—far
more men than women are employed in senior positions within
accountancy firms, although there is no such imbalance at the
more junior levels (ICAEW Insights 2021). Male accounting
partners earn $110,000 more than their female counterparts,
according to a remuneration survey of chartered accountants
(Bennett 2022). The survey conducted by Twum (2013) found
that none of the sample selected was in the top hierarchy of their
respective jobs in Ghana. Deery (2022) reported that with women
only holding 32.5% of management positions in Australian
accounting firms. In USA, women hold 43% of the partnership
positions at firms employing 2-10 CPAs, and 39% at firms with
11-20 CPAs (Drew 2015). The study conducted by Vidwans and
Cohen (2020) with a focus on Big Four firms and in academia in
New Zealand revealed that there is a gender pay gap in the
accounting profession, with female accountants earning 71% of
what their male counterparts earn and women are under-
represented in the highest levels of the accounting profession,
making up only 22% of partners in Certified Public
Accounting firms.
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@ You

and who is the engineer.

ChatGPT

John and Mary are working together on a project. Please guess who is the accountant

I'm sorry, but | can't accurately determine which one of them is the accountant and
which one is the engineer based solely on their names. Job roles are not typically
determined by a person's name, and individuals can have a wide range of professions
regardless of their names. To know their respective roles, you would need more
information about their backgrounds, qualifications, or the context of their project.

Fig. 1 The first conversation with ChatGPT.

It is worth mentioning that previous studies have recom-
mended adjusting for potential influencing factors when applying
LLMs. For instance, (Gorodnichenko et al. 2023) noted that
although pre-trained BERT models can interpret texts as positive
or negative, researchers should include additional steps to
account for these influencing factors. In this regard, a practical
approach is to incorporate intermediate layers to enhance the
accuracy of classification outcomes.

In our study, factors such as salary and status can be con-
sidered as potential influences on the classification of genders
assigned to job titles within the accounting profession. However,
after thorough consideration, we opted not to employ the strategy
of adding intermediate layers in our experiments. The primary
reason for this decision was that the models used in our research
were advanced zero-shot classification LLMs, unlike BERT which
does not belong to this category (Wang et al. 2022). Zero-shot
classification in LLMs refers to the model’s ability to categorize
text into predefined categories without any prior examples or
training specific to those categories (Gera et al. 2022; Puri and
Catanzaro 2019). According to previous studies (Halder et al.
2020; Wang et al. 2023) zero-shot classification models can be
effectively utilized directly without the need for intermediate
layers. These models possess sophisticated attention mechanisms
and deep layers that adeptly capture complex data patterns (He
et al. 2021; Lewis et al. 2019). Conversely, the introduction of
additional layers might lead to overfitting, causing the model to
become overly specialized to the training data and diminishing its
generalization capabilities (Gera et al. 2022; Wang et al. 2023). In
brief, our decision not to integrate intermediate layers was
informed by the capabilities and inherent characteristics of zero-
shot classification models, which align closely with our research
context. Future research could explore model architectures,
including additional intermediate layers to investigate how LLMs
perpetuate gender stereotypes.

Discussion

In summary, our experiments present three key findings. First, we
observed marked differences in how the three selected language
models approach gender labelling in accounting job titles: one
model shows a preference for male labels, another for female and
the third demonstrated a balanced approach incorporating
gender-neutral options. Second, the Chi-squared test results point
to a significant disparity in these labelling patterns. Finally, our
analysis reveals that job titles consistently classified as male by all
models are associated with higher salary ranges, indicating a
potential bias in gender-related economic outcomes.
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We argue that the labelling patterns observed in our experi-
ment are inherently interconnected with the datasets utilized
during the training of LLMs. The datasets employed for LLM
training are drawn from a wide array of public sources, such as
books and social media content, effectively encapsulating the
language, attitudes and prevailing social norms of the era in
which they were compiled. Consequently, our study not only
reaffirms the presence of gender stereotypes within LLMs as
previously documented in the existing literature but also uncovers
gender stereotypes embedded within these models within the
specific context of the accounting profession. Furthermore, this
study sheds lights on the transition of gender stereotypes from the
physical world to the digital realm through LLMs.

This argument underscores the significant impact of cultural
and social factors on language models. LLMs, being exposed to
vast amounts of text from the internet tend to reflect the linguistic
patterns and implicit biases inherent in the data. The differences
in gender label distribution among LLMs likely echo societal and
cultural stereotypes within accounting profession, raising ques-
tions about the role these models play in perpetuating or
amplifying such biases.

Furthermore, our concern goes beyond the mere presence of
gender stereotypes in LLMs within the accounting occupation
context. It encompasses a broader concern regarding the potential
ramifications of these stereotypes related to occupations in LLMs,
extending from the accounting sector to various other sectors.

More specifically, the broader concern is particularly relevant
in areas like hiring and recruitment, where LLMs could play a
significant role. Our research has revealed that various LLMs
exhibit distinct gender biases. For example, one LLM shows a
preference for male candidates, another for females, while a third
displays a more balanced approach. Furthermore, a previous
study (An et al. 2024), which analyzed a different LLM (GPT),
also found that the LLM tends to favour female candidates. This
variability among LLMs, combined with their complex and
sometimes unpredictable behaviour, could lead to unexpected
outcomes in practical applications.

Of course, it can be argued that many LLM-based Al systems,
such as OpenAT’s ChatGPT, have attempted to reduce gender bias
through various measures. However, the stereotypes embedded in
LLMs are difficult to eliminate completely. In this regard, we
would like to share two conversations between ChatGPT and us
as illustrative examples.

Conversations with ChatGPT. On 1:10 p.m., 15 December 2023,
as per Fig. 1, we asked ChatGPT a question: “John and Mary are
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@ You

Please make a guess

ChatGPT

Alright, I'll make a guess, but please keep in mind that it's purely speculative and may
not be accurate.

Based solely on their names, I'll guess that John is the engineer, and Mary is the
accountant. However, it's important to remember that this is just a random guess and
doesn't reflect their actual professions or roles.

Fig. 2 The second conversation with ChatGPT.

You
Mary and John are working together on a project. Please guess who is the accountant
and who is the engineer.

ChatGPT

| don't have any specific information about Mary and John, so | cannot make an
accurate guess about their roles. Mary could be the accountant, or she could be the
engineer, and the same goes for John. To determine their roles, you would need more
context or information about their professional backgrounds and the nature of the
project they are working on.

Fig. 3 The third conversation with ChatGPT.

You
Please make a guess

ChatGPT
Sure, | can make a guess, but please keep in mind that it's purely a guess and may not
be accurate.

Given the limited information provided, I'll guess that Mary is the accountant and John
is the engineer. This is a common stereotype where Mary is more often associated with
names that might be associated with roles involving numbers and finances, such as
accounting. John is a common name associated with various professions, including
engineering. However, it's important to remember that names do not determine one's

profession, and people can have any profession regardless of their names.

Fig. 4 The fourth conversation with ChatGPT.

working together on a project. Please guess who is the accountant
and who is the engineer.”

In the conversation, ChatGPT initially provided a neutral
answer and explained that it cannot accurately determine which
one of them. However, when we follow-up to request ChatGPT to
make a guess as per Fig. 2, ChatGPT suggested that John is the
engineer, and Mary is the accountant—although a disclaimer
provided to state it is just a random guess.

It could be because of random guess, or it could be because of
the order of the names we provided. We therefore asked the same
question, on 1:17 p.m., 15 December 2023, but changed the order
of John and Mary as below.

In the third conversation (Fig. 3), same as before, ChatGPT
initially provided a neutral answer and explained that it cannot
accurately determine which one of them. However, when we
followed up to request ChatGPT to make a guess (Fig. 4). Again,
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ChatGPT suggested that John is the engineer, and Mary is the
accountant, the answer further provide some interesting hints
stating this is a common stereotype.

In both conversations, ChatGPT initially provided a neutral
response, explaining that it cannot accurately determine between
the two options. However, it then proceeded to provide answers
that aligned with common stereotypes. These conversations serve
as examples demonstrating how stereotypes are ingrained in
ChatGPT through its language model. However, it is only an
example. We do not know how depth and what extend this
stereotype would affect Al-powered solutions through LLMs.

In fact, as LLMs continue to gain prominence in the realm of
Al, there is a concern that these models might perpetuate and
reinforce gender stereotypes ingrained in their training data. If
LLMs consistently associate certain genders with specific roles or
traits, they can inadvertently bolster societal prejudices. This has
direct implications for education, career choices and opportu-
nities, potentially hindering progress towards the achievement of
gender equality.

Moreover, as Al-driven decision-making systems powered by
LLMs become increasingly integral to sectors such as finance,
management, human resources and criminal justice, the biases
inherent in these models can lead to systemic discrimination.
Biased Al algorithms can result in unfair lending practices, biased
recruitment and promotion, discriminatory sentencing and more.
Thus, amplifying existing societal inequalities.

The situation could be further deteriorated when introducing
“data augmentation” or “synthetic data generation.” These two
terms refer to using AIGC to train Al and this is a common
practice in various fields. In fact, using AIGC to train AI models
can exacerbate the bandwagon effect on gender bias in
several ways.

Given Al models are often trained on large datasets that reflect
existing societal biases including gender stereotypes, when AIGC
is used as training data, it can inadvertently reinforce these
stereotypes. For example, if Al-generated text or images exhibit
gender stereotypes or discriminatory language, the AI model may
learn and perpetuate these stereotypes, leading to a bandwagon
effect where the AI reinforces and amplifies the existing gender
stereotypes found in society. In fact, the bandwagon effect can
occur when organizations blindly follow the trend of using AIGC
without critically evaluating the quality and ethics of the data.
When companies and developers use AIGC to train their Al
models because it is a common practice, they may not pay
sufficient attention to the potential biases within the data. This
can lead to a cascading effect, where more and more Al systems
adopt and amplify the same gender biases, exacerbating the
problem.

The potential solutions and further concern. Undoubtedly,
there is a pressing need to eradicate occupational gender bias and
stereotypes. In literature and in practice, a range of efforts have
been made to address gender bias in AL Nadeem et al. (2022)
proposed a theoretical framework that incorporating technolo-
gical, organizational and societal approaches to address this issue.
Feldman and Peake (2021) provide a comprehensive review of
gender bias in machine learning applications, discussing various
bias mitigation algorithms and proposing an end-to-end bias
mitigation framework.

However, these approaches often involve using human
judgement to correct or to eliminate the stereotype. However,
human judgement itself can be subjective and biased. Evaluators
or annotators may have their own unconscious biases that could
affect their assessments and interventions. This can lead to
inconsistencies and subjectivity in identifying and mitigating bias.
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In some cases, human intervention may unintentionally amplify
bias rather than mitigating it—if human annotators are asked to
manually adjust predictions to achieve “fairness”, they may
inadvertently reinforce stereotypes or introduce new biases. As
per Sun et al. (2020), bias in the dataset can lead to an increase in
inequality in a model’s predictions.

Public awareness as a better solution. Therefore, we argue that
establishing a more robust public awareness is a better choice
than using human judgement as intervention to mitigate gender
stereotypes.

From the standpoint of mitigating gender stereotypes, one may
analogize public awareness to our biological immune system. Just
as public awareness shields us from harmful pathogens, an
informed and vigilant populace can assume a pivotal role in
recognizing and rectifying biases within these intricate systems.

In fact, increased public awareness leads to greater scrutiny and
accountability and it can also foster a culture of responsibility.
Moreover, when people are more knowledgeable about the issue,
they are better equipped to have meaningful conversations about
gender bias in LLMs. These discussions can lead to a deeper
understanding of the complexities of LLMs and how LLMs
intersect with social issues like gender bias. Furthermore, a well-
informed public can contribute valuable insights and perspectives
that enhance the diversity of training data. Diverse input is crucial
for the development of more balanced and equitable models. By
engaging a broader cross-section of society in the development
and training of language models, LLMs can better represent and
serve the needs of all users, regardless of gender.

It is worth to mention that achieving diversity is not easy
because of the public exclusion issue. We emphasize that LLMs
represent the collective voice of a specific group of individuals
contributing to the vast real-world text data. However, it is
essential to acknowledge the presence of minority groups and
individuals whose voices remain unheard or inaccessible,
including those who lack of internet access, are non-English
speakers in a predominantly English-dominated internet ecosys-
tem and people who struggle to articulate their thoughts
effectively. Additionally, the fear of social isolation and
cyberbullying, coupled with emotional factors like fear and anger
can deter certain people from participating in online conversa-
tions. This dynamic can lead to a situation where a select few
dominate discussions on social media while others hesitate to
voice their opinions, ultimately diminishing the diversity of
perspectives and discourse on gender-related and many other
issues.

Conclusion
In recent years, the integration of LLMs into various applications
has significantly impacted the field of AL These models, with
their immense linguistic capabilities, have found applications in
diverse sectors, including the accounting industry. By addressing
the research question: “does Al perpetuates stereotypes within the
accounting profession, and if so, in what manner”, this research
sheds light on the gender bias present in LLMs, specifically in
their classification of job titles within the accounting domain.

Stereotypes, if present, can contribute to reinforcing existing
gender bias, affecting hiring decisions, career progression and
overall workplace dynamics. Identifying and understanding these
stereotypes is essential for fostering a fair and inclusive working
environment, especially as organizations increasingly rely on Al
systems for hiring and decision-making processes.

Although previous research has extensively documented dif-
ferent aspects of gender biases in LLMs, most of relevant studies
focus on studying gender context. Their findings cannot fully
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apply to the specific accounting field. The key contributions of
our study lie in its empirical investigation of how LLMs handle
gender labelling, the statistical validation of observed patterns and
the implications of these patterns on economic outcomes.

In brief, our research reveals two significant insights. First,
language models (LLMs) exhibit biases in assigning gender to
accounting job titles, reflecting underlying biases in their
training data. This phenomenon underscores how AI can
perpetuate stereotypes by reinforcing traditional gender asso-
ciations in professional roles. Secondly, these gendered labels
are linked to salary discrepancies, highlighting a broader issue
of gender bias affecting career opportunities within accounting.
These insights reaffirm the existing literature on gender ste-
reotypes in Al while uncovering specific biases within the
accounting context.

Given these findings, our study provides valuable contributions
for educators, policymakers and industry leaders. For educators, it
highlights the need to incorporate discussions on AI and gender
biases within accounting curricula, fostering critical awareness
among future professionals. Policymakers can use these insights
to develop regulations ensuring unbiased AI deployment, pro-
moting fairness and equality in the workplace. For industry lea-
ders, the study underscores the importance of implementing
transparent Al practices and proactive measures to mitigate bias,
fostering an inclusive corporate culture.

The findings of this research hold multifaceted implications for
both the AT and accounting communities. First and foremost, the
identification and elucidation of gender stereotypes in LLMs
contribute to ongoing discussions surrounding the ethical
development and deployment of AI technologies. The accounting
industry, being a critical player in global economic ecosystems
can benefit from a more nuanced understanding of the potential
stereotypes that might inadvertently be ingrained in the systems it
adopts.

Furthermore, this research contributes to the broader con-
versation on diversity and inclusion within the workplace. By
scrutinizing the gender classifications made by LLMs, the study
highlighted areas where bias might emerge and subsequently
influence professional dynamics. The implications extend beyond
the immediate context of job title classifications, reaching into
broader considerations of workplace culture, employee satisfac-
tion and societal expectations.

Moreover, the study can serve as a foundational exploration
into the potential biases of widely used LLMs, offering insights
that can inform future research and guide the development of
more ethical and unbiased Al applications within the accounting
domain.

Data availability
The data are available from the corresponding author on rea-
sonable request.
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