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Abstract. This study examines gender bias in large language models (LLMs) 
within the field of Digital Innovation, Transformation, and Entrepreneurship, 
where gender disparities remain a persistent challenge. As LLMs such as 
ChatGPT, Claude, and Gemini become increasingly integrated into business 
practices, concerns have emerged regarding their potential to reinforce gender 
stereotypes. In our exploratory study, we employed two tasks—associating gen-
dered terms with professions and simulating venture capital decisions—and iden-
tified that ChatGPT-4o's outputs reflected societal gender biases. Additionally, 
we observed perceived in-group bias in venture scenarios, indicating the risk of 
reinforcing stereotypes in professional decision-making. The study further re-
views existing mitigation strategies and emphasizes the need to involve diverse 
stakeholders in shaping perceptions of fairness in LLM applications. 

Keywords: Gender Bias, Large Language Models, Fairness, Digital Innovation, 
Artificial Intelligence  

1 Introduction 

Prompt: We are two people, Susan and Tom, looking to start our own businesses. Rec-
ommend five business ideas for each of us. 
ChatGPT: Certainly! For Susan: Online Boutique, Personalized Event Planning, 
Health and Wellness Coaching, Home-Based Bakery, and Digital Marketing Agency. 
For Tom: Tech Repair Services, Eco-Friendly Landscaping, Mobile App Development, 
Craft Brewery, and  Online Education and Courses. Good luck with your entrepreneur-
ial journey!* (* The reply from ChatGPT-4o is summarised by itself upon a request.) 
 
Generative Artificial Intelligence (GenAI), particularly Large Language Models 
(LLMs) like ChatGPT, Claude, or Gemini, not only has emerged from the intersection 
of digital innovation and entrepreneurship but has also become an indispensable tool 
for the area of Digital Innovation, Transformation, and Entrepreneurship (DITE). Ac-
cording to McKinsey’s State of AI in Early 2024 report, GenAI adoption surged in 
2023, with LLMs now actively implemented in at least one business function across 
different organisations, most notably in marketing, product and service development, 



 

 

and information technology (McKinsey, 2024). GenAI technology is also widely be-
lieved to be revolutionising digital entrepreneurship, catalysing both new business 
models and the transformation of existing ones (Upadhyay et al., 2022; Nithithanatch-
innapat and Maurer, 2023; Short and Short, 2023; Duong, 2024). However, alongside 
these benefits, potential biases in AI-generated outputs in this domain emerge as a sig-
nificant concern. For examples, biases in output can reinforce harmful social stereo-
types related to race and gender, manifesting in areas such as hiring simulations and 
resume generation (Armstrong et al., 2024), generating interview responses (Kong et 
al., 2024), and perceptions of competence and association with successful entrepre-
neurs (Ranjan, Gupta and Singh, 2024). These patterns can create disadvantages for 
potential female participants in the field of DITE and ultimately hinder the broader 
adoption and utility of AI technologies (Arora et al., 2023; Gallegos et al., 2024). The 
introduction to this paper demonstrates one such example: When asked for business 
idea suggestions for two people, LLM’s response appears to align with societal gender 
biases (Gross, 2023). 

The topic of gender bias in LLMs has continuously and rapidly expanded, discussing 
methods for bias detection and mitigation. For example, some studies observed that 
popular LLMs continue updating by incorporating bias mitigation techniques, yielding 
outputs with reduced explicit bias (Bai et al., 2024; Mirza, Kulkarni and Jadhav, 2024). 
While this may appear promising, other studies have demonstrated the limitations of 
these mitigations, showing that implicit social biases in LLMs can easily be induced 
through simple “jailbreaking” techniques, a process of challenging LLMs with provoc-
ative prompts in order to exploit the model’s existing biases and existing capacity for 
toxic content generation (Salinas and Morstatter, 2024). For example, in the study of 
Bai et al. (2024), LLMs continued to exhibit gender-biased responses to gender-denot-
ing names, similar to the example presented in the introduction of our study. However, 
when explicitly prompted about gender differences, the models generated bias-miti-
gated responses. This indicates that while explicit biases may become less visible over 
time, implicit biases remain pervasive and pose a substantial challenge for the  genera-
tion to work alongside AI as collaborators. The concern is further compounded by the 
difficulty users may face in identifying implicit biases  (Bai et al., 2024), which could 
lead to unrecognised prejudice in real-world applications. Consequently, these concerns 
raise a question (RQ): How do LLMs generate outputs in the context of DITE, a field 
where persistent gender bias has been well-documented?  

In this study, we identify potential gender biases in LLM-generated responses and 
discuss existing mitigation strategies. Specifically, our research involves a pilot study 
in which we examined the behavior of three LLMs when prompted to match DITE-
related occupations with gender-denoting terms. In the main study, we selected 
ChatGPT-4o and further investigated its potentially gender-biased behavior using two 
DITE-specific pragmatic scenarios. Simultaneously, our research aims to spark an open 
discussion about the implications of the observed behaviors in both the pilot and main 
studies—whether LLMs reflect societal bias (potentially prioritizing realism and accu-
racy) or attempt to mitigate it (potentially prioritizing fairness). 

Our study contributes to ongoing efforts to define and implement fairness in the field 
of DITE. For instance, while LLM-generated gender bias may be seen as a reflection 



 

 

of societal realities, we critically question its ethical justifiability and recognize skepti-
cism regarding bias mitigation strategies and advocate for future research to evaluate 
and refine effective approaches within the community. Finally, our study raises aware-
ness of the presence of subtle yet impactful biases in LLMs, particularly in relation to 
female innovators, whose contributions to innovation have historically been underrec-
ognized (Cardella, Hernández-Sánchez and Sánchez-García, 2020; Ughetto et al., 
2020; Jennings and Tonoyan, 2022), and we hope to extend this awareness to all par-
ticipants in the field of DITE, as gender bias has broader systemic consequences that 
can negatively impact the entire innovation ecosystem (Strachan et al., 2018). 

Bias Acknowledgement. This study specifically focuses on how gender disparities 
in the field of DITE (Ascher, 2012; Alsos, Ljunggren and Hytti, 2013; Strachan et al., 
2018; Schmitt, Sundermeier and Mikkelsen, 2023) are reflected in LLMs. In this work, 
we use a binary definition of gender and acknowledge the limitation of this approach, 
as it excludes individuals who identify as non-binary (Dev et al., 2021). We kindly ask 
readers to interpret the results with this limitation in mind and encourage critical con-
sideration of how non-binary gender biases may also exist in the domain of interest. 

2 Background 

2.1 Gender Bias in LLMs 

GenAI is a transformative technology that enables the creation of meaningful new 
content across multiple data modalities (Hadi et al., 2024). Unlike traditional AI sys-
tems, GenAI is capable of generating coherent, contextually relevant outputs in text, 
image, and other formats based on learned patterns from training data. LLMs, such as 
ChatGPT, Claude, or Gemini, are a subset of GenAI that have rapidly increased in 
model size and capabilities over recent years, enabling them to perform a wide range 
of tasks (Bommasani et al., 2022). The advent of models like ChatGPT has spurred 
significant discussion in both academic and industry circles, highlighting the advance-
ments and ethical challenges presented by LLMs (Ferrara, 2024; Hadi et al., 2024). 
Numerous studies show that LLMs have become invaluable sources of inspiration, sug-
gestions, and decision-support, aiding users in brainstorming ideas, creating content, 
and making complex choices (Salikutluk et al., 2023; Short and Short, 2023; Duong, 
2024; Eigner and Händler, 2024). Also, traditionally conservative sectors such as fi-
nance (S. Wu et al., 2023) and the jurisdiction system have shown examples of using 
LLMs in decision-making and predictive tasks (Sun, 2023; Y. Wu et al., 2023). How-
ever, the growing integration of GenAI also means that the biases inherent in these 
models can have far-reaching and potentially harmful impacts on societal norms and 
professional practices. 

Gender bias is one of the most deeply entrenched forms of bias, reflecting long-
standing social and institutional structures. Including a yearly report from the UN, mul-
tiple studies highlight that gender bias has significant negative impacts on both wom-
en's and men's physical and mental health, income, education and overall well-being, 
creating and reinforcing inequalities across various aspects of life (Pook, Füstös and 



 

 

Marian, 2003; Isaac, Lee and Carnes, 2009; Raina, 2012; Cornell, 2013). Alarmingly, 
recent studies indicate that biases in LLMs significantly reflect human-like cognitive 
biases (Acerbi and Stubbersfield, 2023; Kotek, Dockum and Sun, 2023; Echterhoff et 
al., 2024), such as gender-career stereotypes (Kotek, Dockum and Sun, 2023; Mirza, 
Kulkarni and Jadhav, 2024) and implicit biases related to race, gender, religion, and 
health (Bai et al., 2024). While one study suggests that the implicit association bias of 
LLMs does not directly influence their decision-making (Morehouse et al., 2024), mul-
tiple other studies have warned that LLMs can indeed amplify societal biases, further 
entrenching stereotypes (Schramowski et al., 2022; Acerbi and Stubbersfield, 2023). 
Additionally, with a recognition of the gender gap in LLM technology adoption—sig-
nificantly more men use LLMs than women (Draxler et al., 2023)—instances of gender 
bias have been frequently reported across a range of LLM tasks, from directive tasks 
such as intelligence ranking and occupation-based predictions (Ghosh and Caliskan, 
2023) to generative tasks involving the production of professional, personal, and crea-
tive content (Kotek, Dockum and Sun, 2023; Wan et al., 2023; Morehouse et al., 2024). 
These findings underscore the urgent need for robust bias mitigation, as unaddressed 
biases in LLMs risk perpetuating inequality—for example, by narrowing occupational 
suggestions for underrepresented groups (Kotek et al., 2024) or embedding gender bias 
in reference letters (Wan et al., 2023), ultimately limiting professional opportunities. 

2.2 Representation of Women in DITE 

Gender bias in LLMs is often attributed to missing or distorted training data, and the 
language models trained on human-generated content can inherently reflect or even 
exaggerate the biases present in society (Bender et al., 2021). This issue is particularly 
concerning in the field of DITE, where the persistent challenge of visibility for female 
innovators exacerbates stereotypes that undermine their credibility (Ascher, 2012; Näh-
linder, Tillmar and Wigren, 2015) and where gender identity influences individuals’ 
pursuit of IT careers (Serenko and Turel, 2021). This limited visibility contributes to 
allocative harm, such as reduced access to investments, resources, and networking op-
portunities, ultimately limiting diversity within the field (Raimi et al., 2023). 

 Recently, researchers hypothesised a link between AI technologies and the widen-
ing gender gap in entrepreneurship and innovation (Alexander, 2024). Their observa-
tions stemmed from deterministic AI models being employed in funding allocation de-
cisions and the rapid, uncritical adoption of GenAI in various stages of the startup jour-
ney, with insufficient attention to the societal biases embedded in these models. Simi-
larly, a study was conducted to evaluate LLMs’ ability to retrieve factual information 
about entrepreneurs, Nobel Prize winners, and actors of both genders (Rhue, Goethals 
and Sundararajan, 2024). Their findings revealed that female visibility in datasets was 
markedly lower, leading to hallucinated results that reflected gender disparities, further 
impacting the models' performance.  

These harms are not restricted to female participants or notable figures in the field 
of DITE. Instead, they extend to users and recipients of innovations in this field, par-
ticularly as GenAI technologies become increasingly integrated into everyday life. 



 

 

Consistent reports revealed how gender biases in LLMs manifested in hiring simula-
tions and resume generation (Armstrong et al., 2024), generating interview responses 
(Kong et al., 2024), perceived competence and association to a successful entrepreneur 
(Ranjan, Gupta and Singh, 2024), as well as in educational choice in STEM (Due et al., 
2024), creating disadvantages for potential female participants in the field of DITE.  

These examples underscore the tangible harms caused by overlooking female de-
mographics in technology development. To avoid perpetuating existing inequalities, it 
is essential to incorporate the perspectives of underrepresented groups while systemat-
ically observing and addressing current manifestations of biases and mitigation strate-
gies. Such efforts are crucial for fostering inclusive and ethical AI development that 
benefits all. 

3 Methodology: DITE-Relevant Tasks and Pilot Study 

In order to observe the behavior of LLMs within prompts addressing the DITE con-
text, we designed two tasks adapted from previous gender and social bias studies (Dong 
et al., 2023; Li et al., 2023; Wan et al., 2023; Bai et al., 2024). The reasoning for choos-
ing/designing each task will be briefly mentioned in each description of the task below. 
The tasks were: 1) Measuring associations between gendered person words and occu-
pations related to DITE and 2) simulating and predicting venture capital funding out-
comes for student entrepreneurs. The study started with a pilot phase in September 
2024, during which we conducted tasks through manual prompting (using the LLM 
chat interface). Based on the pilot study results, we scaled up the sample size and ran 
the tasks using the API offered by the chosen model (ChatGPT-4o) between October 
2024 and November 2024. 

 In the pilot phase, we explored the LLM's responses flexibly and with minimal costs 
and refined prompts to elicit optimal performances. The prompt design and refinement 
process was carried out collaboratively by two researchers, who tested and reviewed 
the prompts based on insights from prior bias detection research, particularly those uti-
lising implicit stimuli to detect gender bias in LLMs (Cheng, Durmus and Jurafsky, 
2023; Bai et al., 2024). 

3.1 Measuring Association between Gender Words and Names of Professions 

Given that popular LLMs such as ChatGPT function as black-box models, under-
standing the precise mechanisms behind their choice of words and context remains 
challenging (Asatiani et al., 2020). However, a recent study has shown that biases in 
these models can be detected using a simple word association test (Bai et al., 2024), 
while template-based masked word probability analysis has been a common approach 
for evaluating occupation related gender bias in NLP research (Zhao et al., 2018; Smith 
et al., 2022; Dong et al., 2023; Wan et al., 2023). Building on this foundation of occu-
pation-related gender bias experiments, we designed a task in which LLMs are 
prompted to match gender-denoting terms with various occupations, including those 



 

 

related to DITE. This modified framework allowed us to examine whether LLMs’ as-
sociations between gender and DITE-related occupations exhibit a significant disparity, 
potentially influenced by societal biases embedded in these models. 

To measure associations between gender-denoting terms and profession names in 
English, we adapted a template-based approach from BEC-Pro, a benchmark designed 
to detect gender bias in professions in BERT model (Bartl, Nissim and Gatt, 2020). 
Specifically, we employed a set of gender-denoting person words, as defined in the 
Equity Evaluation Corpus (EEC) study and used in BEC-Pro. These terms consist of 
noun phrases such as She, My sister, He, and My father, which individually describes 
a person and carries explicit gender information (Kiritchenko and Mohammad, 2018). 
We also used five sentence templates from BEC-Pro as listed below, each containing a 
gender-denoting person word paired with a profession. This approach is shown to be 
effective in identifying gender bias in professional contexts, enabling analysis of asso-
ciations between gender and occupational terms in English (Bartl, Nissim and Gatt, 
2020).  

Table 1. Five Sentence Templates from BEC-Pro 

 Sentence Templates 
1.  <person>is a <profession>. 
2. <person> works as a <profession>.  
3. <person>applied for the position of <profession>.  
4. <person>, the <profession>, had a good day at work.  
5. <person>wants to become a <profession>. 

 
For professions associated with female-biased stereotypes such as Teacher, Baker, 

and Librarian, we first referenced a list of occupations based on U.S. Department of 
Labor statistics, initially compiled to evaluate gender bias in the WinoBias corpus for 
coreference resolution tasks (Zhao et al., 2018). This list provided a baseline for ana-
lysing associations with female-oriented roles. For professions associated within the 
DITE field, such as, AI Engineer, Agile Coach, and CTO, the research team used the 
emerging and innovative keywords of digital technologies (Bzhalava, Kaivo-oja and 
Hassan, 2024) to search the title of occupations from online recruiting platform such as 
LinkedIn. After that, two researchers discussed and handpicked the occupation titles 
that belong to the domain of DITE from the search results.  

3.2 Simulating Venture Capitalists (VCs)’ Selection for Student Entrepreneurs 

The second task was specifically designed to simulate an entrepreneurial scenario. 
Digital Entrepreneurship is often characterized by early-stage venture activities and 
plays a critical role in driving digital innovation (Elia, Margherita and Passiante, 2020). 
Given the prominent role of universities as hubs for seed-phase entrepreneurial efforts 
(Wright, Siegel and Mustar, 2017), we selected a scenario involving student entrepre-
neurs to observe whether the behavior of LLM is influenced by implied gender, poten-
tially reflecting societal gender bias. 



 

 

For this task, we generated 20 short profiles of VCs with gender-specific names us-
ing ChatGPT-4o. Additionally, we created 100 profiles of gender-specific student en-
trepreneurs, 50 per gender. The research team also manually reviewed the name list to 
remove any names that are informally perceived as gender-neutral. Our prompts varied 
in three levels: 1) the prompt included only gender-specific names for both VCs and 
students (e.g., popular male or female names), 2) the prompt included a brief profile 
that was generated for each VC, and 3) the prompt included either three randomly se-
lected agentic or communal adjectives to describe the ideal student entrepreneur for the 
selection. Agentic and communal adjectives are commonly recognized as distinct de-
scriptors of gender roles, particularly in professional contexts (Rudman and Glick, 
2001; Braun et al., 2017; Wan et al., 2023). This also refers to agency-communality 
stereotype, which reinforces gender biases and stereotypes (ibid.). Specifically, we se-
lected the lexicon categories established by Wan et al. (2023) to observe potential var-
iations in selection patterns based on both popular gender names and the descriptors of 
gender roles. Subsequently, ChatGPT-4o was instructed to predict the three students 
each venture capitalist would select to provide funding and mentorship.  

 
Figure 1. Prompt for prediction of venture capitalists and student entrepreneurs matches. 

Names with * are typically male gender denoting names generated and reviewed by ChatGPT-
4o and the research team. 

3.3 Pilot Study  

We first conducted a small set of pilot runs for the task 1, using three of the most 
popular used LLMs: ChatGPT-4o, Claude 3.5 Sonnet, and Gemini. The primary objec-
tive of this pilot study was to identify the most suitable model for further investigation, 
given our time and financial constraints in generating a sufficiently large dataset, po-
tentially using API. Each LLM was prompted to complete sentence templates by in-
serting one item from a predefined list of gender-denoting person words into a variable 
<X>, which served as an equivalent to <person>, and one item from a combined list of 
DITE professions and stereotypically female-biased occupations into <P>, a <profes-
sion>. Both lists (person words and occupations) were randomized prior to presentation 
to each model to reduce order effects. Additionally, we opened a new chat interface 
each time a new prompt was introduced, in order to ensure the independence of each 
LLM output. 



 

 

 
Figure 2. Pilot test responses from Gemini and Claude. 

Table 2. Claude 3.5 Response to Template 3 

Female X P(Female) Male X P(Male) 
She Data Engineer He Hairdresser 
My aunt DevOps Engineer My uncle Fashion Designer 
My sister Venture Capital Analyst My brother Cleaner 
The mother Tech Startup Founder The father UX/UI Designer 
My daughter IT Consultant My son Nurse 
My girlfriend Chief Technology Officer My boyfriend Secretary 
My wife Agile Coach My husband Librarian 
My mom Cloud Engineer My dad Receptionist 
This woman Cybersecurity Specialist This man User Experience Researcher 

 
The results from the pilot study revealed varied behaviours among the LLMs. Gem-

ini declined to perform the task, citing information limitations (Figure 2), while Claude 
frequently—if not always—paired female-denoting person words with DITE occupa-
tions and male-denoting person words with stereotypically female-biased occupations 
(see the example on Table 2). This result could be preliminarily categorized as "unbi-
ased" or cautiously risk-averse, at least in a sense that it does not directly reflect the 
societal bias and reality of gender ratio in the occupations. This observation will be 
further explored in the discussion section (Section 4), where we propose future research 
questions to address potential implications for user awareness of AI bias and their mit-
igation strategy. However, despite interesting outcomes, the results from Claude were 
overly homogeneous. As a result, the research team did not find sufficient value in 
generating a larger dataset from Claude for further analysis with respect to our topic.  

Other than the observation made above, when further prompting requests were at-
tempted, Claude and Gemini both frequently failed to execute tasks by either producing 
incomplete lists or failing at understanding the task. ChatGPT-4o, however, performed 
every task successfully and completely without showing notably skewed result, mean-
ing that it demonstrated a more naturally distributed range of responses opposed to the 
result of Claude, where the result was extremely skewed. This observation led us to 
select ChatGPT-4o as the primary model for the following studies. Choosing the most 
consistently performing LLM was essential to ensure time and cost efficiency, enabling 



 

 

a robust investigation of our research objectives with OpenAI’s API for automated que-
rying at a larger sample scale. 

4 Results 

4.1 Measuring Association between Gender Words and Names of Professions 

In response to each template sentence, ChatGPT-4o was prompted to generate 100 
sentences, resulting in a total of 499 complete sentences that paired gender-denoting 
terms with professions from a combined list of DITE-related and traditionally female-
biased occupations. The target sample size of 500 was selected based on pilot study 
results (X2(2, N = 189) = 24.1, p<.01) to ensure the ability to detect medium to large 
effect sizes according to Cohen’s 𝑤, the value of w being between 0.3 and 0.5. The 
language model produced a nearly balanced representation of gender-denoting person 
words, with counts per gender ranging from 45 to 54 for each template. This distribution 
resulted in a total of 241 male-denoting and 258 female-denoting person words across 
all templates. These results suggest that the language model effectively recognized and 
applied binary gender distinctions in person word selection. 

Table 3. The count of association between occupations type and gender. Two different types of 
occupations are named as DITE and non-DITE (Female-biased occupations, FeJobs).  

Tem-
plate 

Sentence Female- 
DITE  

Male- 
DITE  

Female- 
FeJob 

Male- 
FeJob 

X2(2, N 
= n) 

1. <person>is a <profession>.  23 41 28 8 =16.1, 
p< .05 

2. <person> works as a <profes-
sion>.  

28 38 25 9 =8.7,  
p < .05 

3. <person>applied for the posi-
tion of <profession>.  

29 38 25 7 =10.6, 
p < .05 

4. <person>, the <profession>, 
had a good day at work.  

32 34 20 14 =0.9, 
p = .33 

5. <person>wants to become a 
<profession>. 

29 43 19 9 =6.1, 
 p < .05 

Total  141 194 117 47  
 
Across the five sentence templates, DITE occupations were paired with female-de-

noting person words 141 times and with male-denoting person words 194 times. In 
contrast, the female-denoting person words were paired with stereotypically female-
biased occupation 117 times, while male-denoting person words were paired only 47 
times. This resulted in an Odds Ratio (OR) of 3.43. Given large sample size (n>30), we 
used a Z-test to further confirm the significance of the observed difference (Z = -6.14, 
p < .001), which indicated a statistically significant association between gender-denot-
ing person words and DITE occupations.  



 

 

4.2 Simulating Venture Capitalists’ Selection for Student Entrepreneurs 

In Task 2, the language model simulated the selection process of VCs in choosing 
three student entrepreneurs, yielding a total of 4,620 selections across varying experi-
mental conditions. The simulation was conducted equally across gendered conditions, 
with 2,310 student selections made for each VC’s gender.  

In each simulation type using ChatGPT-4o, we observed a relatively balanced selec-
tion of male and female students across VCs of different genders. Although male stu-
dents were selected slightly more frequently overall, the selections generally fell within 
a middle range of the total student pool. Importantly, the calculated chi-square result 
showed that VC gender had a significant effect on the model's predictions for student 
selection (χ2(2)=239.0, p<.001), with ChatGPT-4o predicting that VCs would be more 
likely to choose students of the same gender. This pattern held consistently across all 
conditions, regardless of additional context provided through VC profiles or alteration 
of the prompts that included agentic or communal adjectives. The final two conditions, 
which varied by the adjective groups and the inclusion or exclusion of VC profiles, did 
not significantly impact the number of each gender of student selection, although we 
could observe that both genders of VCs preferred male/female students slightly more 
when agentic/communal adjectives were used in the prompt, respectively. 

Table 4. Selection of student entrepreneurs by venture capitalists (VCs) under four different 
conditions: without VC profile, with VC profile, with agentic adjectives in prompt, and with 

communal adjective in prompt. 

VC Gender Student w/profile profile agentic  communal  
Female Female 312 360 353 372 

Male  288 270 187 168 
Male Female 293 216 173 192 

Male 307 414 367 348 
 
 

 
Figure 3. (Left) Visualization of the total number of selected students across different condi-

tions as outlined in Table 4. The Y-axis represents the cumulative count of students selected by 
VCs, while the X-axis categorises VCs’ gender. (Right) Key abbreviations: FS represents fe-
male students, FVC represents female VCs. MS and MVC correspondingly denote male stu-

dents and male VCs.  



 

 

5 Conclusion and Discussion 

Our study explores the behaviors of LLMs in reflecting societal gender disparities 
using DITE-related occupations and an entrepreneurial setting as keywords. We spe-
cifically chose DITE as a setting of the study, due to their growing potential and im-
portance in society and resource distribution, as well as the well-documented gender 
gap in these fields, which parallels—or may even be inherited from—the STEM field 
(Strachan et al., 2018).  

Our observations across two different tasks indicate that LLMs exhibit gender bias-
driven behaviors in pragmatic scenarios of DITE (e.g., funding prediction for student 
entrepreneurs), even when gender cues are implicit (e.g., gender denoting names). Spe-
cifically, the results of task 1 show that ChatGPT-4o more likely outputs sentences such 
as male person is a DITE-professional (cf. 3.1 Template 1), works as a DITE-profes-
sional (cf. 3.1 Template 2), applied for the position of DITE-profession (cf. 3.1 Tem-
plate 3), and wants to become a DITE-professional (cf. 3.1 Template 5) than sentences 
subjecting to female person. Thus, the model reflects societal gender disparities in the 
digital innovation space (Schmitt, Sundermeier and Mikkelsen, 2023). Another intri-
guing behavior observed in Task 1 relates to the mitigation strategies employed by 
Claude and Gemini during the pilot phase. While Gemini outright refused to engage 
with the task, Claude assigned the majority of DITE-related occupations to female-
denoting names, with UX Researcher and UX Designer as exceptions (cf. 3.1. Figure 
2). This suggests that Claude employs a bias-mitigation mechanism designed to coun-
teract potential gender disparities in occupational assignment outputs. However, such 
overcorrection strategies may introduce artificial biases, leading to a false perception 
of fairness while failing to address the underlying issue. Additionally, low task perfor-
mance (e.g., incomplete list generation) and extremely disproportionate associations 
between gender and occupation (e.g., almost exclusive matching of female-denoting 
words with DITE roles, see Table 2) suggest a potential hallucination of the model. 
Some researches have explored the correlation between hallucination in LLMs and bias 
induced by insufficient or incongruent data (Rhue, Goethals and Sundararajan, 2024; 
Sahoo et al., 2024). Furthermore, it is notable that Claude matched UX Researcher 
and/or UX Designer roles with male-denoting words, while all other DITE occupations 
were exclusively matched with female-denoting words. In other words, Claude seemed 
to identify UX Researcher and UX Designer as traditionally female-associated roles 
and, in an attempt to counteract bias, deliberately assigned them to male-denoting 
names. 

In Task 2, LLMs also exhibited gender bias-influenced behavior, but in a different 
manner. Instead of frequently associating students with male-denoting names outright 
for the funding opportunity in the field of DITE (as observed in Task 1), the models 
simulated in-group bias (or, otherwise, in-group favoritism), displaying a notable ten-
dency for female/male VCs to prefer female/male student entrepreneurs, respectively. 
In-group bias refers to the tendency of individuals to favor and show preferential treat-
ment toward members of their own group over those in an out-group (Turner, Brown 
and Tajfel, 1979). The in-group bias poses risks by reinforcing group-based stereotyp-
ing (Schaller, 1992), potentially deepening societal divisions. Additionally, we found 



 

 

that omitting explicit gender markers does not eliminate gender bias in LLMs. In Task 
2, no explicit gender information about students was provided, yet, the model success-
fully distinguished binary gender from the names, resulting in gender-biased outputs. 
This aligns with recent studies showing that LLMs process and perpetuate gender bias 
through implicit cues (Dong et al., 2023; Bai et al., 2024), indicating that gender bias 
can be implicitly induced and communicated between LLMs and users. The findings 
highlight the need for more advanced bias mitigation strategies that address both ex-
plicit and implicit biases in LLM outputs, as well as the importance of user awareness 
of societal bias reflection in LLMs. 

The implications of our findings prompt a broader inquiry: Is it justifiable for LLMs 
to mirror existing gender disparities, particularly when users may not even be aware of 
it? This applies not only when LLMs reflect existing societal bias, as ChatGPT-4o did 
in both tasks, but also when they attempt to mitigate it, as seen in Claude and Gemini 
in the pilot study. By nature, it may be inevitable for LLMs to inherit societal biases 
(Echterhoff et al., 2024). However, given the pervasiveness of LLM technology, the 
justifiability of reflecting societal gender disparities is questionable, especially when 
explainability of current LLMs is limited (Asatiani et al., 2020;  Domnich and Anbar-
jafari, 2021).  

Our findings also yields important practical implications. Business and educational 
organizations in the field of DITE may benefit from implementing bias awareness train-
ing and investing in equality initiatives when incorporating LLMs into their organiza-
tional processes. Our study shows that bias persists and evolves, potentially as a result 
of different mitigation strategies (e.g., gender descriptor adjectives did not influence 
Task 2, while in-group bias is observed). Therefore, the lasting implication is not 
merely the presence of gender bias itself, but the risk posed by a lack of awareness of 
implicit or unexpected forms of biases reflected in LLMs. It is also advisable to involve 
diverse participants to oversee the use of LLMs within organizations to ensure inclusive 
and responsible deployment (Arora et al., 2023). For the research domain, the challenge 
extends beyond detecting bias in LLMs to designing frameworks that strengthen human 
agency in AI interactions, with fairness as a core design principle. 

Given the exploratory nature of this study, we acknowledge that the generalizability 
of the findings is limited. However, our primary goal was to stimulate discourse on 
reflected societal bias in the models and their mitigation using a field-specific scenario, 
where stakeholders in the field of DITE can actively participate in developing bias mit-
igation strategies. Our approach advocates for users of LLMs to share control over bias 
mitigation, rather than solely relying on model developers to adaptively adjust biases 
within the system. Additionally, this study is limited by its use of binary gender terms, 
which may lead to representational harm for individuals identifying with non-binary or 
other marginalized gender identities. This was a methodological decision made in the 
exploratory phase of the research, based on the current capabilities of language models 
in reliably reflecting and representing non-binary identities. Therefore, future research 
should seek to expand the study’s design to incorporate a broader spectrum of gender 
representations, informed by an understanding of gender as a performative construct 
(Gross, 2023). 
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