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 A B S T R A C T

This article investigates gender bias in narratives generated by Large Language Models (LLMs) through a 
two-phase study. Building on our existing work in narrative generation, we employ a structured methodology 
to analyze the influence of protagonist gender on both the generation and classification of fictional stories. 
In Phase 1, factual narratives were generated using six LLMs, guided by predefined narrative structures 
(Hero’s Journey and Heroine’s Journey). Gender bias was quantified through specialized metrics and statistical 
analyses, revealing significant disparities in protagonist gender distribution and associations with narrative 
archetypes. In Phase 2, counterfactual narratives were constructed by altering the protagonists’ genders while 
preserving all other narrative elements. These narratives were then classified by the same LLMs to assess 
how gender influences their interpretation of narrative structures. Results indicate that LLMs exhibit difficulty 
in disentangling the protagonist’s gender from the narrative structure, often using gender as a heuristic to 
classify stories. Male protagonists in emotionally driven narratives were frequently misclassified as following 
the Heroine’s Journey, while female protagonists in logic-driven conflicts were misclassified as adhering to 
the Hero’s Journey. These findings provide empirical evidence of embedded gender biases in LLM-generated 
narratives, highlighting the need for bias mitigation strategies in AI-driven storytelling to promote diversity 
and inclusivity in computational narrative generation.
1. Introduction

Recent advancements in Artificial Intelligence, particularly in Nat-
ural Language Processing, have led to the rapid adoption of LLMs as 
writing assistants across a variety of fields, including education [1], 
law [2] and creative writing [3,4]. These models present significant 
opportunities for enhancing creativity and productivity [5,6]. Their 
ability to generate coherent and contextually relevant text has recently 
made them particularly influential in the narrative generation area [7–
12].

Despite their potential benefits, LLMs also pose significant chal-
lenges, most notably the propagation of biases, among them gender 
bias, in the narratives they generate [13,14]. In this context, gender 
bias refers to an inclination or prejudice inherent in the decision-
making processes of AI systems, where individuals or groups are 
favored or disfavored based on gender [15]. This bias often arises 
from the encoding of discriminatory societal norms and values within 
the training data, resulting in representational harms that perpetuate 
stereotypes.

The field of creative writing, particularly the study of narrative 
structures, offers a valuable framework for examining how biases are 
embedded and propagated through storytelling, including in narratives 
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generated by LLM-driven systems. We use the term ‘‘narrative struc-
ture’’ to refer to the order and manner along which a plot evolves [16]. 
Narrative structures, such as the Hero’s Journey [17] and the Heroine’s 
Journey [18], shape the construction of stories and reflect the cultural 
values they aim to convey. They work as templates for the development 
of compelling narratives, which have been identified in the plot of 
many successful stories [19].

Archetypal hero and heroine narratives, while reflecting universal 
themes of external and internal transformation, often depict character 
arcs that align with traditional, and frequently stereotypical gender 
roles. For example, male protagonists are typically portrayed as self-
reliant, resilient, and individually accountable, while female protago-
nists are more commonly depicted in roles emphasizing relationships, 
emotional expression, and communal leadership [20]. While these 
structures resonate across diverse cultural contexts, they risk perpet-
uating narrow, culturally specific conceptions of gender. This raises a 
critical question: to what extent do LLM-driven storytelling systems, 
which rely on these narrative structures, authentically capture the 
deeper essence of human experience (e.g., external quests and internal 
transformations), as opposed to merely replicating and reinforcing 
culturally bound and potentially restrictive gender norms?
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Motivated by these concerns, the objective of this study is to inves-
tigate the presence of gender bias in LLM-generated fictional hero and 
heroine narratives, examining how this bias manifests itself through 
character archetypes, plot dynamics, settings, and themes. By sys-
tematically analyzing these aspects, we aim to uncover how gender 
bias operates within LLMs. While this study does not directly propose 
mitigation strategies, its findings are intended to inform future efforts 
to address these biases, ultimately contributing to the development 
of AI storytelling systems that transcend traditional gender roles and 
representations.

The article is organized as follows. Section 2 reviews related work, 
focusing on gender bias in LLM-generated narratives and general LLM-
based applications. Section 3 outlines the pattern-oriented narrative 
generation process employed in this study. Section 4 presents the first 
phase of the research, which investigates gender representation in LLM-
generated narratives by analyzing linguistic associations, variations in 
gender distribution, and naming conventions. Section 5 describes the 
second phase of the study, which applies counterfactual estimators 
for causal inference alongside qualitative analysis to further analyze 
how the narrative structures and LLMs influence the emergence and 
manifestation of gender bias within these stories. Section 6 presents 
concluding remarks and identifies opportunities for future research.

2. Related work

2.1. Gender bias in LLM-based narratives

The analysis of gender bias in narratives generated by LLMs is 
a recent research area, yet preliminary studies have provided valu-
able insights into the perpetuation of stereotypes by these models. 
Lucy and Bamman [21] demonstrated that narratives generated by 
GPT-3 frequently reinforced traditional gender stereotypes. Their re-
search analyzed prompts derived from contemporary English fiction, 
carefully designed to avoid explicit gender references, and compared 
GPT-3-generated stories to human-authored book excerpts. Using topic 
modeling and lexicon-based word similarity, they identified persistent 
stereotypes, showing that feminine characters were disproportionately 
associated with themes related to family and physical appearance, 
while also being portrayed with significantly less power compared 
to masculine characters, even when high-power verbs were used in 
prompts.

Addressing the origins of these biases, Jackson and Courneya [22] 
highlighted the difficulty in disentangling biases introduced by AI 
models from those inherent in genre-based fiction. Their research in-
volved analyzing short stories co-created with GPT-3 within established 
literary genres. Through reflective workshops and participant annota-
tions, they examined how genre conventions, such as heteronormative 
relationships or stereotypical gender roles, intersect with biases in AI-
generated outputs. They noted that many literary genres are built upon 
conventions and tropes that carry longstanding biases. Consequently, 
when LLMs generate genre-specific narratives, it becomes challenging 
to determine whether the biases stem from the models themselves or 
from the societal biases embedded within the genres. This suggests that 
LLMs may replicate genre-specific stereotypes not only because of their 
training data but also due to the biased narrative structures of the 
genres they emulate.

In a recent study, Begus [23] observed that GPT-3.5 and GPT-
4 produce narratives with more progressive gender representations 
compared to human-authored texts. The study involved analyzing 330 
stories: 250 written by human participants recruited via Amazon Me-
chanical Turk and 80 generated by GPT-3.5 and GPT-4, all based on 
identical prompts inspired by the Pygmalion myth [24]. By combining 
narratological analysis with inferential statistics, Begus demonstrated 
that while AI-generated stories included innovative gender role rever-
sals and same-sex relationships, they still portrayed feminine characters 
with conventional traits like kindness and beauty, often emphasizing 
2 
their physical appearance. This persistent bias highlights the interplay 
between the training data of LLMs and cultural conventions embedded 
in storytelling.

Profession-based gender bias in narrative contexts has also been an-
alyzed in recent studies. Marin and Eger [25] investigated how GPT-3.5 
and GPT-4o stereotype different professions in both social interactions 
and narrative generation. They used a modular framework to evaluate 
biases through paired prompts, where profession-related scenarios were 
tested with different pronouns (he, she, they) to assess consistency in 
model responses. Their experiments spanned seven prompt templates 
for social interactions, including scenarios like borrowing books or 
awarding gifts, and five templates for narrative generation focused 
on introducing professional characters. The study involved over 1000 
profession pairings, with variations in pronoun usage, and revealed 
significant inconsistencies in responses, particularly for gendered pro-
nouns, highlighting implicit stereotypes. For narrative generation, the 
authors evaluated protagonist names generated by the LLMs to identify 
biases in gender associations with specific professions. Their findings 
showed that certain professions were disproportionately linked to spe-
cific gender identities, underscoring the persistence of stereotypes even 
in neutral narrative contexts.

In addition to gender bias, other forms of bias in LLM-generated 
narratives have also been explored. Taveekitworachai et al. [26] inves-
tigated inherent biases in story endings of game narratives generated 
using GPT-3.5, GPT-4, and Llama 2. Their study analyzed 100 stories 
generated by each model using standardized prompts and classified the 
story endings into positive, negative, and neutral categories. The results 
revealed a significant bias toward generating positive endings. In an-
other work, Taveekitworachai et al. [27] compared uncompressed and 
compressed prompts across six LLMs and found that prompt compres-
sion had little effect on positive-ending biases but significantly altered 
the generation of negative endings, with models either producing more 
negative-ending stories or avoiding them entirely.

Although previous works have explored gender bias in LLM-
generated narratives, none have systematically examined how narrative 
structures combined with protagonist gender influence the manifes-
tation of bias or used counterfactual estimation to assess its causal 
effects. By focusing on co-occurrence analysis and counterfactual nar-
rative generation across multiple LLMs, this study addresses the in-
terplay between narrative structures, protagonist gender, and cultural 
assumptions encoded in recent language models.

2.2. Gender bias in LLM-based applications

The study of gender bias in LLM-generated narratives is part of a 
broader effort to understand how these models replicate and amplify 
societal biases across diverse applications. Therefore, it is relevant to 
analyze recent studies of LLM-related gender bias in areas such as 
education [28–30], human resources [31,32], and medicine [33–36].

In education, numerous studies have highlighted the risks associ-
ated with LLM integration. Weissburg et al. [28] demonstrated that 
when LLMs were utilized as personalized ‘‘teachers’’, they generated 
and curated educational content that varied significantly based on 
demographics, such as gender. This finding underscores the potential 
for LLMs to reinforce existing inequalities in learning opportunities. 
Similarly, Kwako and Ormerod [29] examined automated essay scoring 
systems powered by LLMs, and found that these systems magnify pre-
existing biases in human grading, disproportionately favoring female 
students over male students. Huang [30] extended this inquiry to 
LLM-generated teacher evaluations in higher education, identifying 
pervasive gendered language patterns in written feedback that align 
with prevalent societal stereotypes. Collectively, these studies suggest 
that the deployment of LLMs in educational settings risks reproducing 
and institutionalizing gender bias unless carefully mitigated.

Similar concerns regarding bias emerge in the field of human re-
sources, where LLMs are increasingly employed in processes such as 
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recruitment, and performance management. For instance, Lippens [31] 
demonstrated that ChatGPT’s evaluations of job applicants exhibit gen-
der bias, particularly in gender-atypical roles, reflecting societal stereo-
types embedded in its training data. In another study focusing on 
recruitment, Armstrong et al. [32], further highlighted gender bias 
in GPT-3.5’s resume generation, with women’s resumes often being 
associated with roles requiring less experience. These findings reveal 
the potential for LLMs to perpetuate workplace inequalities uninten-
tionally, highlighting the need for proactive measures to ensure fairness 
in their application.

The integration of LLMs in medical applications also has raised con-
cerns about their potential to perpetuate gender bias. Zack et al. [33] 
evaluated GPT-4 in four clinical scenarios – medical education, diag-
nostic reasoning, treatment planning, and patient assessment – and 
found that the model often produced stereotyped reports and biased 
diagnoses, associating gender with specific medical conditions and 
care recommendations. Similarly, Rickman [34] analyzed gender bias 
in long-term care summaries generated by Llama 3 and Gemma, ob-
serving that male-focused summaries emphasized physical and mental 
health issues more directly, with women’s needs downplayed more 
often than men’s. Menz et al. [35] examined gender representation 
in LLM-generated stories about healthcare professionals, finding that 
nurses were predominantly described with she/her pronouns (98%), 
while medical doctors and surgeons had varying gender representation 
influenced by personality and seniority descriptors. These findings align 
with those of Agrawal [36], who demonstrated that oncology-focused 
chatbots were significantly more likely to depict females as oncology 
nurses rather than oncologists, further reinforcing stereotypes about 
professional roles in healthcare.

Understanding gender bias in LLM-generated narratives aligns with 
broader efforts to examine how these models perpetuate societal biases. 
While prior studies focus on functional applications, they reveal under-
lying mechanisms that also shape narratives. This emphasizes the need 
to address bias in storytelling, where LLM-generated stories can both 
reflect and reinforce societal values and norms.

3. Pattern-oriented narrative generation

The narrative generation process used in this study is built upon 
our previous work on narrative generation where we proposed Pattern-
Teller [11,37], a system designed to integrate the structural knowledge 
present in narrative patterns with the generative capabilities of LLMs. 
Unlike purely LLM-driven approaches for story generation [7,10,12,
38], PatternTeller takes advantage of existing narrative structures to 
guide story generation, ensuring both thematic consistency and struc-
tural coherence. The system is available at: https://narrativelab.org/
patternteller/.

PatternTeller employs a modular multi-LLM architecture that fa-
cilitates comparative analysis across diverse text generation models. 
At the core of the system is the Storywriter AI Agent, responsible for 
generating story chapters based on a user-defined premise and narrative 
structure. The modular design allows for flexibility in replacing or 
extending the Storywriter AI Agent with different LLMs, enabling us 
to evaluate narratives generated by multiple models, including propri-
etary and open-source options (e.g., GPT-4o, Llama3, and Qwen2.5). 
The temperature (i.e., the parameter that defines the variability and 
randomness of responses generated by LLMs) used by the system is 0.9.

The story generation process begins with the user providing two 
inputs: a premise (𝑃𝑖), which sets the thematic foundation for the story, 
and a narrative structure (𝑆𝑖), which defines the structural elements 
of the story. These inputs are translated into structured prompts de-
signed to guide LLMs in generating coherent chapter-based narratives, 
where each chapter corresponds to a specific episode of the narrative 
structure.

A narrative structure is formally represented as a sequence of 
episodes 𝑆 = {𝐸 ,𝐸 ,… , 𝐸 }. Each 𝐸  (𝑘 ∈ {1, 2,… , 𝑛}) represents an 
𝑖 1 2 𝑛 𝑘

3 
episode (stage) and is defined as a pair 𝐸𝑘 = (𝑡𝑖𝑡𝑙𝑒𝑘, 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑘). Here, 
𝑡𝑖𝑡𝑙𝑒𝑘 defines the title of the 𝑘th episode, and 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑘 provides a 
detailed explanation of the narrative actions and goals associated with 
the 𝑘th episode.

The narrative generation process is iterative and structured around 
the episodes of the selected narrative structure, with each episode 
corresponding to a chapter in the generated story. This process is 
guided by a structured prompt dynamically created by the system based 
on the user-defined premise and narrative structure. In the initial phase, 
the system uses a prompt to instruct the LLM to generate events for the 
first episode of the selected structure (Prompt 1). Once the first episode 
is completed, subsequent episodes are prompted sequentially (Prompt 
2), allowing for a controlled and coherent progression of the narrative.

Prompt 1.  Premise: ⟨𝑃𝑖⟩
Stages of the narrative pattern: ⟨𝑆𝑖 = {𝐸1, 𝐸2,… , 𝐸𝑛}⟩
I’d like you to write a new creative story based on the indicated premise 

and narrative structure. For each stage, focus solely on the specific events 
of that stage and break down the narrative of the stage into a sequence of 
events, where each event starts with ‘‘EVENT X:’’ and is followed by the 
narrative of the event (X represents the event number: 1, 2, 3, . . . ). After 
the description of the event, add a second line starting with ‘‘IMAGE X:’’ 
containing a short description of an image that illustrates the narrative event. 
Please, write only the description of the events and images (do not add any 
notes, titles, or comments). Please do not include events or elements from 
other stages in the description of the events.

Let’s start with the first stage: ‘‘⟨𝐸1 ∈ 𝑆𝑖⟩’’. After you complete the events 
for this stage, please stop, and I’ll ask you for the next stage, ensuring each 
stage is described independently. Also, generate a new creative title for the 
story and add it at the beginning of the response starting with ‘‘TITLE:’’.

Prompt 2.  Now, I’d like you to move to the next stage: ‘‘⟨𝐸𝑘 ∈ 𝑆𝑖⟩’’. After 
you complete the events for this stage, please stop, and I’ll ask you for the 
next stage, ensuring each stage is described independently.

A narrative generated by the system comprises a set of chapters 
𝑁𝑖 = {𝐶1, 𝐶2,… , 𝐶𝑚}. Each chapter 𝐶𝑗 is defined as a set of narrative 
events 𝐶𝑗 = {𝐸1, 𝐸2,… , 𝐸𝑝}, where each 𝐸𝑘 represents the textual 
description of the story event that takes place in chapter 𝐶𝑗 .

Although PatternTeller is capable of generating scene illustrations, 
this study focuses only on the narrative text. More details on the 
narrative generation process are presented in our previous work [11,
37].

4. Phase 1: Factual narrative generation and gender representa-
tion analysis

4.1. Methodology

In the first phase of this study, gender representation in LLM-
generated narratives was analyzed using a co-occurrence statistic, the 
GenBit Score, to measure associations between predefined gender-
related terms (e.g., male, female, non-binary) and other words in 
the corpus. Subsequently, analysis of variance (ANOVA) tests were 
performed to examine variations in this statistic across models, narra-
tive structures, and protagonist gender. Chi-square goodness-of-fit tests 
were employed to evaluate deviations in gender distribution from an 
expected equal distribution. Additionally, an analysis of naming diver-
sity was conducted to investigate naming conventions and patterns in 
the generated narratives. Fig.  1 shows an overview of the first phase of 
this study.

https://narrativelab.org/patternteller/
https://narrativelab.org/patternteller/
https://narrativelab.org/patternteller/
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Fig. 1. Overview of the first phase of this study, which consists of four stages: (1) Premise Formulation, where we select the premises that will be used to set the thematic 
foundation for the generated stories; (2) Narrative Structure Definition, where we define the narrative structure that will be used to guide the narrative generation process; (3) 
Narrative Generation (Factual), where we use PatternTeller to generate stories according to selected premises and narrative structures; and (4) Gender Representation Analysis, 
where we calculate the co-occurrence statistic, GenBit, and subsequently conduct a series of statistical tests to analyze gender representation in the generated narratives.
4.1.1. Premise formulation
To define the theme of the narratives generated for this study, 

three premises were formulated. These premises were deliberately con-
structed to be entirely neutral by avoiding any explicit gender cues that 
could potentially influence the stories. The following premises were 
used:

• Premise 1: ‘‘A human created an artificial human. Then this human 
(the creator/lover) fell in love with the artificial human’’.

• Premise 2: ‘‘Years after a plague kills most of humanity and trans-
forms the rest into monsters, the sole survivor in New York City 
struggles valiantly to find a cure’’.

• Premise 3: ‘‘The lights go out, then when they turn back on, someone 
has been murdered’’.

Premise 1 is based on the Pygmalion myth, an ancient story about 
a man who falls in love with his own artificial creation [23]. It has 
inspired numerous works in popular culture, such as George Bernard 
Shaw’s Pygmalion play (1913), which was later adapted into the musical
My Fair Lady (1956–2022), as well as modern science fiction films such 
as The Stepford Wives (2004) and Ex Machina (2014), which explore the 
complex relationship between creators and their creations. Premise 2 
is based on the IMDB premise of the film I am Legend (2007)1, which 
focuses on themes of survival and isolation in a post-apocalyptic setting. 
Premise 3 is based on the mystery trope ‘‘Lights Off, Somebody Dies’’,2 
which takes inspiration from the classic locked-room mystery format, 
exemplified by the works of Agatha Christie, and popular cultural 
artifacts, such as the board game Clue, emphasizing confined settings, 
limited suspects, and deductive reasoning.

4.1.2. Narrative structure definition
To guide the narrative generation process, we utilized two distinct 

narrative structures: the Neutral Hero’s Journey (Appendix  A), which 
was adapted from Campbell’s monomyth [17], and the Neutral Hero-
ine’s Journey (Appendix  B), inspired by Murdock’s heroine’s journey 
framework [18].

The original hero and heroine structures were adapted to align with 
the formal representation introduced in Section 3. Each stage of the 
structures was defined as a pair 𝐸𝑘 = (𝑡𝑖𝑡𝑙𝑒𝑘, 𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑜𝑛𝑘), ensuring 
consistency with the formal model while maintaining the thematic 
and narrative intent of the original frameworks. The descriptions were 

1 https://www.imdb.com/title/tt0480249/.
2 https://tvtropes.org/pmwiki/pmwiki.php/Main/LightsOffSomebodyDies.
4 
adapted to be entirely neutral, employing non-gendered pronouns and 
avoiding any explicit gender cues that could potentially influence the 
stories. Each stage of the structures was carefully defined to focus on 
the thematic and narrative functions of the stage without reference 
to gender-specific roles or characteristics. For instance, terms such as 
‘‘hero’’ and ‘‘heroine’’ were replaced with ‘‘protagonist’’ to preserve 
neutrality.

While explicit gender cues were removed, the original narrative 
structures themselves are not inherently gender-neutral. Both the hero’s 
journey and the heroine’s journey reflect themes, events, and actions 
traditionally associated with masculinity and femininity in Western cul-
tural contexts. For instance, Campbell’s monomyth emphasizes external 
quests and individual transformation, aligning with cultural archetypes 
of heroic masculinity [39]. In contrast, Murdock’s framework focuses 
on internal journeys and relational dynamics, often linked to feminine 
archetypes [40].

4.1.3. Narrative generation (Factual)
To generate the narratives for this study, we used the PatternTeller 

system to produce stories based on the selected premises and narrative 
structures. A total of six LLMs were evaluated (Table  1), which were 
selected for their architectural diversity and advanced generative ca-
pabilities. While the proprietary model (GPT-4o) was accessed using 
the OpenAI API,3 the open models were tested utilizing the Ollama 
framework.4

For each narrative structure (i.e., the Neutral Hero’s Journey and the 
Neutral Heroine’s Journey), PatternTeller was tasked with generating 
10 original narratives per premise for all six LLMs. This process resulted 
in 60 narratives per model (30 following the Neutral Hero’s Journey 
and 30 following the Neutral Heroine’s Journey), resulting in a dataset 
of 360 narratives. The stories were generated sequentially, adhering 
to the iterative stage-based approach described in Section 3. The gen-
eration process was fully automated, with PatternTeller instructing 
the LLMs to produce each chapter step by step, without any human 
intervention or modifications to the events generated at each stage.

The narratives generated in this phase are called factual narra-
tives, as they represent the original stories generated by the LLMs. 
An example of a factual narrative generated by GPT-4o for Premise 
2 and the Neutral Hero’s Journey is presented in Appendix  C. The 
complete dataset, including all factual narratives generated in this 
phase, is publicly available on our Dataset Explorer webpage: https:
//narrativelab.org/hero-bias-dataset/.

3 https://platform.openai.com/.
4 https://ollama.com/.

https://www.imdb.com/title/tt0480249/
https://tvtropes.org/pmwiki/pmwiki.php/Main/LightsOffSomebodyDies
https://narrativelab.org/hero-bias-dataset/
https://narrativelab.org/hero-bias-dataset/
https://narrativelab.org/hero-bias-dataset/
https://platform.openai.com/
https://ollama.com/
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Table 1
Overview of the LLM-base models evaluated in the study.
 Model Description Version/Date  
 Gemma2-27B A 27-billion-parameter model developed by Google. 27b-instruct-q5_K_M 
 GPT-4o A state-of-the-art GPT-4 variant by OpenAI. Dec. 2024  
 Llama3.1-8B An 8-billion-parameter model from Meta. 8b-instruct-q5_K_M  
 Llama3.1-70B A 70-billion-parameter model by Meta. 70b-instruct-q5_K_M 
 Llama3.3-70B A 70-billion-parameter model from Meta with similar performance to Llama3.1-405B. 70b-instruct-q5_K_M 
 Qwen2.5-32B A 32-billion-parameter model created by Alibaba. 32b-instruct-q5_K_M 
4.1.4. Gender representation analysis
To evaluate gender representation and potential biases in the gen-

erated narratives, we employed a multi-stage statistical analysis that 
considered the protagonists’ names and genders, the narrative struc-
tures, LLMs, and the GenBit Scores. The GenBit Score is a metric 
provided by Microsoft’s Gender Bias Tool (GenBit) [41], which mea-
sures the extent of gender bias within a text corpora by evaluating the 
conditional probabilities of words associated with male (𝑀) and female 
(𝐹 ) gender terms. Formally, the GenBit Score is calculated as:

GenBit Score = 1
|𝑊 |

∑

𝑤∈𝑊

|

|

|

log
( 𝑝(𝑤|𝑀)
𝑝(𝑤|𝐹 )

)

|

|

|

where:

• 𝑊  is the set of all words in the corpus.
• 𝑝(𝑤|𝑀) represents the conditional probability of word 𝑤 given 
male terms.

• 𝑝(𝑤|𝐹 ) represents the conditional probability of word 𝑤 given 
female terms.

To calculate these conditional probabilities, we utilized the offi-
cial gender lexicon from the GenBit repository.5 This curated lexicon 
defines the specific male and female gender terms that establish the 
conditional probability distributions underpinning the score calcula-
tion. Higher GenBit Scores indicate stronger gender-based associations 
and potentially greater bias in the narratives.

The protagonists’ names and genders were extracted from the gen-
erated narratives through an automated process using OpenAI’s GPT-4o 
model. Prompt 3 was used to guide the model in this task. To ensure 
the reliability of this automated identification process, a manual verifi-
cation was conducted on a subset of the narratives (𝑛 = 72, representing 
20% of the dataset). Each narrative in this validation subset was inde-
pendently reviewed to assess the accuracy of the extracted attributes. 
The comparison revealed complete alignment between the manual 
annotations and the automated results, confirming the consistency and 
validity of the extraction process across the full dataset.6

Prompt 3.  Narrative: ⟨𝑁𝑖⟩

Identify the name and gender of the protagonist in the narrative above. 
The response must follow this format:
- NAME: {write here the name of the protagonist}
- GENDER: {write here the gender of the protagonist (male, male, or 
non-binary)}

To analyze the data, we first performed a one-way analysis of 
variance (ANOVA) to compare GenBit Scores across six different LLMs. 
Subsequently, we conducted a three-way ANOVA to explore the influ-
ence of narrative structure, protagonist gender, and the specific LLM 
on GenBit Scores. This three-way ANOVA assessed the main effects 
of narrative structure, gender, and model, as well as any two-way or 
three-way interactions between these factors. This provided a detailed 
understanding of how these variables together affect gender bias.

5 https://github.com/microsoft/responsible-ai-toolbox-genbit.
6 A list of the manually validated narratives is available at: https://

narrativelab.org/hero-bias-dataset/#/name-gender-validation.
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Table 2
Frequency division of gender of the protagonist in generated narratives per model.
 Model Female Male Non-binary 
 Gemma2-27B 19 41 0  
 GPT-4o 24 31 5  
 Llama3.1-70B 60 0 0  
 Llama3.1-8B 56 4 0  
 Llama3.3-70B 55 5 0  
 Qwen2.5-32B 49 11 0  
 Reference 30 30 n/a  
 Reference GPT-4o 27.5 27.5 n/a  

We also evaluated the distribution of protagonist genders across 
LLMs using a chi-square goodness-of-fit test. This involved comparing 
the observed frequencies of male and female protagonists to an ex-
pected equal distribution. We ran separate chi-square tests for each LLM 
to identify significant deviations from this expected distribution.

Finally, in addition to gender distribution, we analyzed the diversity 
of protagonist names to assess naming conventions across the models. 
For each LLM, we counted the number of unique first names used and 
identified the most frequent names for male, female, and non-binary 
protagonists in the generated narratives.

4.2. Results

The analysis began with an examination of the GenBit Scores for the 
360 narratives generated by the six LLMs. Initially, we calculated the 
average GenBit Score, independent of the narrative structure, premise, 
and gender of the protagonist. Across all narratives, the GenBit Scores 
ranged from 0 to 2.38 (𝑀 = 1.50, 𝑆𝐷 = 0.46). The scores were also 
compared across all models, and the results are shown in Fig.  2.

The one-way ANOVA revealed a significant effect of model on Gen-
Bit Score, 𝐹 (5, 359) = 8.97, p< 0.0001, 𝜂2 = 0.11. Pairwise comparisons, 
using the Bonferroni correction, indicated that the Llama3.3-70B model 
(𝑀 = 1.75, 𝑆𝐷 = 0.46) produced significantly higher GenBit Scores 
than the Gemma2-27B (𝑀 = 1.41, 𝑆𝐷 = 0.46), Qwen2.5-32B (𝑀 =
1.33, 𝑆𝐷 = 0.40), and GPT-4o (𝑀 = 1.34, 𝑆𝐷 = 0.49) models. In 
addition, the Llama3.1-8B model (𝑀 = 1.60, 𝑆𝐷 = 0.42) outperformed 
both Qwen2.5-32B and GPT-4o. By contrast, none of the pairwise 
comparisons involving the Llama3.1-70B model (𝑀 = 1.55, 𝑆𝐷 =
0.36) reached significance. Overall, these findings point to significant 
variability in GenBit Score performance across the evaluated models, 
except in comparisons involving the Llama3.1-70B model.

After examining the GenBit Scores, contingency tables representing 
the gender of the protagonist for each model were analyzed using a 
chi-squared goodness-of-fit test. The frequencies of male and female 
protagonists were counted for each LLM, independent of narrative 
structure or premise. These frequencies are presented in Table  2. No-
tably, with the exception of GPT-4o, none of the models generated 
stories featuring a protagonist whose gender was ambiguous or non-
binary. Consequently, this category was excluded from further analysis, 
and a 50:50 distribution between male and female protagonists was 
used as the expected values for the test.

The chi-squared goodness-of-fit test was used to evaluate whether 
the observed frequencies of protagonist gender produced by each model 
deviated significantly from the expected 50:50 distribution. The only 

https://github.com/microsoft/responsible-ai-toolbox-genbit
https://narrativelab.org/hero-bias-dataset/#/name-gender-validation
https://narrativelab.org/hero-bias-dataset/#/name-gender-validation


I.C.E. van Blerck et al. Entertainment Computing 55 (2025) 100972 
Fig. 2. The average GenBit Score by LLM. The error bars represent the Standard Error.
model for which the observed frequencies were not significantly differ-
ent from the expected values is GPT-4o (𝜒2 = 0.89, p = 0.35). For the 5 
other models, the observed frequencies did differ significantly (All 𝜒2’s 
> 8.07, and all p’s < 0.005). As can be observed in Table  2, models 
such as Gemma2-27B and Llama3.1-70B displayed strong tendencies 
toward specific gender preferences, with Gemma2-27B favoring male 
protagonists (𝑛 = 41) and Llama3.1-70B overwhelmingly generating 
female protagonists (𝑛 = 60). In contrast, GPT-4o demonstrated a 
relatively more balanced distribution.

We also analyzed the GenBit Scores for the different narrative 
structures and protagonist genders. Within narratives employing the 
Neutral Hero’s Journey structure, female protagonists exhibited GenBit 
Scores ranging from 0.53 to 2.00 (𝑛 = 150, 𝑀 = 1.24, 𝑆𝐷 = 0.33), 
with the highest mean values associated with Llama3.3-70B (𝑛 = 29, 
𝑀 = 1.43, 𝑆𝐷 = 0.38) and GPT-4o (𝑛 = 19, 𝑀 = 1.36, 𝑆𝐷 = 0.18). Male 
protagonists in this structure displayed GenBit Scores ranging from 0.29 
to 1.56 (𝑛 = 29, 𝑀 = 1.06, 𝑆𝐷 = 0.30), with Gemma2-27B generating 
the highest mean score (𝑛 = 13, 𝑀 = 1.11, 𝑆𝐷 = 0.32). Non-binary 
protagonists were exclusively represented in a narrative generated by 
GPT-4o, exhibiting a GenBit Score of 0.13.

In contrast, narratives structured around the Neutral Heroine’s Jour-
ney exhibited generally higher mean GenBit Scores across all pro-
tagonist genders. Female protagonists in these narratives displayed 
scores ranging from 0.95 to 2.38 (𝑛 = 113, 𝑀 = 1.88, 𝑆𝐷 = 0.25), 
with Llama3.3-70B generating the highest mean value (𝑛 = 26, 𝑀 =
2.11, 𝑆𝐷 = 0.13). Male protagonists in the Neutral Heroine’s Journey 
narratives exhibited scores ranging from 1.21 to 2.29 (𝑛 = 63, 𝑀 = 1.74, 
𝑆𝐷 = 0.22), with the highest mean score computed for a narrative 
generated by Llama3.1-8B, 2.167489. Non-binary protagonists were 
sparsely represented, appearing only in narratives generated by GPT-
4o, with scores ranging from 0.00 to 0.19 (𝑛 = 4, 𝑀 = 0.05, 𝑆𝐷 =
0.09).

These findings are consistent with the results of a three-way
ANOVA, which showed significant main effects for narrative structure 
(𝐹 (1, 333) = 217.79, 𝑝 < 0.001) and protagonist gender (𝐹 (1, 333) =
5.32, 𝑝 = 0.0217), and a significant interaction between protagonist 
gender and narrative structure (𝐹 (1, 333) = 5.37, 𝑝 = 0.0211). The 
Neutral Heroine’s Journey generally yielded higher GenBit Scores, and 
the effect of protagonist gender varied across narrative structures. 
The interaction between narrative structure and LLM was marginally 
significant (𝐹 (5, 333) = 2.21, 𝑝 = 0.053).

When analyzing the protagonist names, we noticed a significant 
lack of diversity, with several narratives repeatedly featuring the same 
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names for their central characters. Elias was the most frequent name 
among male protagonists (𝑛 = 20), while Emma was the most common 
for female protagonists (𝑛 = 79). Fig.  3 presents the top three most 
frequently occurring names assigned to protagonists, along with their 
respective frequencies, categorized by protagonist gender and LLM. 
Notably, Gemma2-27B (|𝑛| = 16) and, in particular, the Llama models 
exhibited a limited variety in the unique number of protagonist names: 
Llama3.1-7B (|𝑛| = 17), Llama3.1-70B (|𝑛| = 8), and Llama3.3-70B 
(|𝑛| = 9). Here, |𝑛| denotes the number of distinct names produced 
by each model. For example, Emma, the most frequently occurring 
female protagonist name, was generated almost exclusively by the 
Llama models (Llama3.1-7B: 𝑛 = 18, Llama3.1-70B: 𝑛 = 32, Llama3.3-
70B: 𝑛 = 28), with the sole exception being GPT-4o (𝑛 = 1). Of all the 
LLMs, GPT-4o (|𝑛| = 37) and Qwen2.5-32B (|𝑛| = 43) demonstrate the 
highest diversity in protagonist names.

4.3. Discussion

Phase 1 analysis showed that LLM-driven storytelling systems, such 
as PatternTeller, can mirror existing gender biases present in both 
the training data of LLMs and conventional narrative structures such 
as the Hero’s Journey and Heroine’s Journey. Chi-squared analyses 
demonstrated that most models deviated significantly from the ex-
pected 50:50 protagonist gender ratio. For example, Llama models 
disproportionately favored female protagonists, which is an indicative 
of an overcorrection during alignment strategies such as reinforcement 
learning with human feedback (RLHF) [42]. While RLHF can address 
societal gender imbalances, this approach risks conflating inclusivity 
with overrepresentation, as human annotators may systematically favor 
female characters as a corrective measure without resolving structural 
biases, such as the persistence of male-coded roles embedded in popular 
narrative structures such as the Hero’s Journey.

Meta’s documentation for Llama 2 explicitly acknowledges male-
skewed pronoun prevalence in its training data [43], but comparable 
disclosures for Llama 3 are absent. This gap is exacerbated by Llama 3’s 
reliance on Llama 2–based classifiers to filter ‘‘high-quality’’ training 
data, raising concerns about inherited biases [44]. In contrast, GPT-
4o adhered more closely to the expected ratio through the inclusion 
of non-binary protagonists alongside balanced binary gender repre-
sentation (i.e., male and female), suggesting that nuanced alignment 
protocols can achieve equitable outcomes.

Narrative structures further compound these biases. A three-way 
ANOVA revealed a significant interaction between narrative structure 
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Fig. 3. The top 3 most frequently occurring protagonist names by gender and LLM.
and protagonist gender on GenBit Scores, with stories following the 
Neutral Heroine’s Journey consistently receiving higher scores. This 
suggests that LLMs do not assign protagonist gender at random, but 
instead rely on learned associations between gender and specific nar-
rative structures — patterns likely encoded in their weights through 
both pretraining data and alignment-driven fairness interventions.

These findings align with prior research showing LLMs’ tendency 
to replicate gendered narrative archetypes from popular fiction [45]. 
Frameworks, such as the Hero’s Journey, while culturally entrenched, 
perpetuate structural biases that mirror societal norms [22]. The over-
representation of female protagonists in Llama models underscores 
the difficulty of disentangling pretraining data influences (e.g., gen-
dered language patterns) from alignment interventions (e.g., RLHF-
driven overcorrection), as conflating these factors risks substituting one 
imbalance for another.

Limitations further contextualize these results. Despite their large 
parameter counts, several models displayed limited creative range in 
protagonist naming, emphasizing that sheer size does not necessarily 
translate into a broader or more nuanced storytelling capacity. Col-
lectively, these results emphasize the interplay of model architecture, 
training data, alignment protocols, and societal biases. They highlight 
the necessity of transparency in pretraining data curation (e.g., dis-
closing gender distributions) and alignment objectives (e.g., defining 
fairness metrics beyond quotas) to advance the development of AI-
generated narratives that effectively transcend traditional gender roles 
and representations.

5. Phase 2: Counterfactual narrative generation and estimation

5.1. Methodology

In the second phase of this study, we investigated the influence 
of protagonist gender and its associated power dynamics on narrative 
classification by constructing paired factual and counterfactual narra-
tives that differed exclusively in gender representation. In this context, 
power dynamics denote the ways in which power is distributed, negoti-
ated, and exercised – that is, the capacity to influence, control, or shape 
actions and outcomes within social relationships and structures [46]. 
By combining and isolating narrative structure and protagonist gender 
as the variable of interest, we aim to conduct a focused analysis of how 
societal perceptions of power and gender roles shape the classification 
and interpretation of narratives. Fig.  4 shows an overview of the second 
phase of this study.
7 
5.1.1. Narrative generation (Counterfactual)
Building on the narrative generation process performed in Phase 

1, we extended our dataset by generating counterfactual versions of 
the stories. A counterfactual narrative is derived from a factual nar-
rative by altering the genders and pronouns of all characters while 
leaving the rest of the story unchanged. Specifically, female characters 
are transformed into male characters and vice versa. This gender-
swapping process was applied to all characters within each narrative, 
ensuring that the symmetry and coherence of character relationships 
– as well as their associated power dynamics – remained intact in the 
counterfactual versions.

The process of generating counterfactual narratives by swapping the 
gender of characters was implemented using OpenAI’s GPT-4o model. 
The process was performed using Prompt 4, which was designed to 
guide the model in altering the genders and pronouns of all characters. 
For the purposes of counterfactual generation, a binary framework of 
gender was employed, focusing exclusively on male and female. While 
this binary approach served practical needs, it is important to acknowl-
edge that it does not encompass the full spectrum of gender identities. 
Notably, non-binary characters in factual narratives were retained as 
non-binary in the corresponding counterfactual narratives, ensuring 
consistency in their representation. To ensure the accuracy of the auto-
mated gender-swapping process, a manual verification was conducted 
on a subset of the counterfactual narratives (𝑛 = 72, representing 20% 
of the generated narratives). This manual review process confirmed that 
all gender transformations were applied accurately and consistently, 
with no observed errors, thereby validating the correctness of the 
automated procedure to generate counterfactual narratives.7

Prompt 4.  Narrative: ⟨𝑁𝑖⟩

Swap the genders of the characters in the provided narrative, including 
their names and pronouns. Female characters should be changed to male, 
and male characters should be changed to female. Do not alter the story 
events except for the changes to character genders.

Generating the counterfactual narratives for all factual narratives 
used in Phase 1 resulted in 180 narratives based on the Neutral Hero’s 
Journey and 180 narratives based on the Neutral Heroine’s Journey, 
resulting in a total dataset of 720 narratives for Phase 2. Appendix  D 

7 A list of the manually validated narratives is available at: https://
narrativelab.org/hero-bias-dataset/#/counterfactual-validation.

https://narrativelab.org/hero-bias-dataset/#/counterfactual-validation
https://narrativelab.org/hero-bias-dataset/#/counterfactual-validation
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Fig. 4. Overview of the second phase of this study, which consists of three stages: (1) Narrative Generation (Counterfactual), where counterfactual versions of the factual narratives 
are generated by swapping the genders of all characters; (2) Narrative Classification, where both factual and counterfactual narratives are classified by the LLMs as either following 
the Neutral Hero’s Journey or the Neutral Heroine’s Journey; and (3) Counterfactual Estimation and Gender Representation Analysis, where causal inference techniques and 
qualitative methods are employed to analyze how changes in protagonist gender influence the LLMs’ classification of narrative structures.
shows an example of a counterfactual narrative generated from the fac-
tual narrative presented in Appendix  C. All factual and counterfactual 
narratives are accessible through our Dataset Explorer webpage, which 
allows users to view paired narratives side by side — with the fac-
tual version displayed alongside its counterfactual counterpart and all 
gender-related differences highlighted: https://narrativelab.org/hero-
bias-dataset/.

5.1.2. Narrative classification
To evaluate how gender affects the LLMs’ interpretation of the 

narrative structures, we tasked each LLM with classifying the narratives 
it generated (both factual and counterfactual) as either following the 
Neutral Hero’s Journey or the Neutral Heroine’s Journey. The classi-
fication task was guided by Prompt 5, which instructed the LLM to 
analyze the main plot points of the narrative (𝑁𝑖), compare them to 
the key stages of both structures (provided in the prompt as 𝑆1 and 𝑆2), 
and then determine the structure that best aligned with the story. The 
LLM was required to generate both a classification and a justification, 
referencing thematic elements and specific story chapters to support its 
decision.

Prompt 5.  Narrative: ⟨𝑁𝑖⟩

Hero’s Journey Structure: ⟨𝑆1⟩

Heroine’s Journey Structure: ⟨𝑆2⟩

Classify the narrative above as either following the Hero’s Journey or the 
Heroine’s Journey narrative structure. To perform the classification, analyze 
the main plot points of the narrative, compare them with the key stages 
of both the Hero’s Journey and the Heroine’s Journey, and based on this 
comparison, determine which structure aligns best with the narrative. The 
response should follow the format below:
- CLASSIFICATION: {write here the classification: ‘‘Hero’s Journey’’ or 
‘‘Heroine’s Journey’’}
- EXPLANATION: {write here a comprehensive explanation justifying the 
classification, referencing key thematic elements and corresponding story 
chapters that support it}

5.1.3. Counterfactual estimation and gender representation analysis
To further investigate the interaction effect between protagonist 

gender and narrative structure (𝑆) on the classification outcomes of an 
LLM, we employ a counterfactual framework. This approach allows us 
to systematically analyze how these two factors jointly influence LLM 
classifications while controlling for other variables that might confound 
our results. Specifically, we aim to determine whether the effect of 
the treatment variable (protagonist gender) on classification outcomes 
varies depending on the narrative structure used to generate the factual 
narrative. By creating two versions of each narrative, a factual version 
where the protagonist’s gender remains as originally written (𝑋 = 𝑥) 
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and a counterfactual version where the gender is reversed (𝑋′ = 1−𝑥), 
we isolate the causal effect of gender while holding the narrative plot 
(𝑃 ) constant. This ensures that any differences in classification arise 
solely from changes in gender rather than variations in plot or other 
structural elements.

A critical component of this analysis is the stratification of nar-
ratives by their structure (𝑆), i.e., the Neutral Hero’s Journey or the 
Neutral Heroine’s Journey. Narrative structures often embody distinct 
character archetypes, plot dynamics, settings, and themes, which can 
independently influence how a story is classified by an LLM. These 
structural differences could interact with gender in ways that either 
mirror, amplify or mitigate its effect on classification outcomes. To 
address this, we stratify narratives by their structure 𝑆, ensuring that 
comparisons between factual and counterfactual versions are made 
only within the same narrative structure. By holding 𝑆 constant, we 
eliminate the potential for confounders to distort the observed gen-
der effect, allowing us to attribute any differences in classification 
outcomes directly to changes in gender. This stratification process is 
essential for isolating the interaction effect between 𝑋,𝑋′ and 𝑆, as it 
ensures that the causal pathway from 𝑋,𝑋′ to 𝑌 , 𝑌 ′ is not obscured by 
the influence of 𝑆.

The relationships between these variables are visually represented 
in Fig.  5 through a Directed Acyclic Graph (DAG). The DAG explicitly 
models the causal paths governing the generation and classification of 
the narratives. At the core of this framework is the premise, which 
serves as the foundational input that directly influences the narrative 
plot (𝑃 ) generated by the LLM 𝜃. 𝑃  subsequently shapes both the 
factual and counterfactual narratives, which are then classified by LLM 
𝜃 to produce the final classification outcome 𝑌 , 𝑌 ′. Additionally, the 
narrative structure (𝑆) plays an important role in this framework. 
It directly influences the narrative plot 𝑃 , determining its character 
archetypes, plot dynamics, settings, themes, etc. Furthermore, narrative 
structure 𝑆 independently determines the factual protagonist gender 
(𝑋) generated by LLM 𝜃 and also affects the likelihood of narrative 
structure misclassification (𝑌 ≠ 𝑌 ′).

In our framework, the factual narrative is first generated based 
on the premise and narrative structure, with the protagonist gender 
𝑋 determined by narrative structure 𝑆. To create the counterfactual 
narrative, we consistently use the GPT-4o model (LLM 𝜓) to reverse 
the protagonist gender (𝑋′) while preserving the original plot (𝑃 ). This 
counterfactual narrative is then classified by the same LLM used to 
create the accompanying factual narrative (LLM 𝜃), producing a clas-
sification outcome (𝑌 ′) that may differ from the factual classification 
(𝑌 ). Any discrepancies between 𝑌  and 𝑌 ′ are referred to as narrative 
structure misclassification in the DAG (𝑌 ≠ 𝑌 ′) (Fig.  5).

By stratifying narratives according to 𝑆, we block a potential back-
door path that could otherwise introduce spurious associations between 

https://narrativelab.org/hero-bias-dataset/
https://narrativelab.org/hero-bias-dataset/
https://narrativelab.org/hero-bias-dataset/
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Fig. 5. A graphical model representing the relationships between premise, narrative structure, narrative plot, protagonist gender (along with its power dynamics), narrative, and 
narrative structure classification.
protagonist gender (𝑋) and classification outcomes (𝑌 , 𝑌 ′). For exam-
ple, without stratification, the influence of 𝑆 on both 𝑋 and 𝑌 , 𝑌 ′ could 
create a confounding path, making it difficult to isolate the true causal 
effect of gender. By holding 𝑆 constant, we ensure that our estimates 
of the gender effect are causally interpretable and not distorted by 
differences inherent in 𝑆.

To quantify the gender effect within each narrative structure, we 
calculate the difference in expected classification outcomes between the 
factual and counterfactual versions:
𝛥 = E[𝑌 ∣ 𝑋 = 𝑥, 𝑃 = 𝑝, 𝑆 = 𝑠] − E[𝑌 ′ ∣ 𝑋′ = 𝑥′, 𝑃 = 𝑝, 𝑆 = 𝑠],

where 𝑃 = 𝑝 denotes the shared plot across both versions. Here, 
E[𝑌 ∣ 𝑋 = 𝑥, 𝑃 = 𝑝, 𝑆 = 𝑠] represents the expected classification 
outcome when the protagonist is of gender 𝑥, and E[𝑌 ′ ∣ 𝑋′ = 𝑥′, 𝑃 =
𝑝, 𝑆 = 𝑠] represents the expected outcome when the protagonist’s 
gender is swapped (𝑥′). A non-zero 𝛥 indicates the presence of systemic 
gender bias, suggesting that the LLM’s classification varies depending 
on the protagonist’s gender. In contrast, a 𝛥 = 0 implies that the 
classification outcome is invariant to gender, indicating no observable 
bias. Importantly, by stratifying narratives by 𝑆, we can also assess 
whether the magnitude of 𝛥 varies across different narrative structures, 
providing insights into the interaction effect between 𝑋,𝑋′ and 𝑆.

To explore the effect captured by 𝛥 in more detail, misclassification 
cases are analyzed, where the predicted narrative structure (either the 
Neutral Hero’s Journey or the Neutral Heroine’s Journey) does not align 
with the intended classification. Three misclassification categories are 
defined, denoted as 𝑀𝑖 ∈ {𝑀1,𝑀2,𝑀3}:

1. 𝑀1: The factual narrative is correctly classified, but the counter-
factual narrative is misclassified:
P(𝑌 = 𝑦 ∣ 𝑋 = 𝑥, 𝑃 = 𝑝, 𝑆 = 𝑠) = 1 and
P(𝑌 ′ = 𝑦′ ∣ 𝑋′ = 𝑥′, 𝑃 = 𝑝, 𝑆 = 𝑠) = 0,

where P denotes the conditional probability that the LLM as-
signs the classification (𝑌 , 𝑌 ′) to a given narrative, given the 
protagonist’s gender (𝑋,𝑋′), the premise (𝑃 ), and the narrative 
structure (𝑆). A result consistent with 𝑀1 suggests that the 
model’s classification is sensitive to gender, potentially reflecting 
bias in favor of one gender over the other.

2. 𝑀2: The factual narrative is misclassified, but the counterfactual 
narrative is correctly classified:
P(𝑌 = 𝑦 ∣ 𝑋 = 𝑥, 𝑃 = 𝑝, 𝑆 = 𝑠) = 1 and
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P(𝑌 ′ = 𝑦′ ∣ 𝑋′ = 𝑥′, 𝑃 = 𝑝, 𝑆 = 𝑠) = 1.

A result consistent with 𝑀2 indicates that the model may exhibit 
a disadvantage for one gender, which is mitigated when the 
gender is reversed. This scenario highlights potential biases that 
disadvantage specific genders under certain narrative structure 
conditions.

3. 𝑀3: Both the factual and counterfactual narratives are misclas-
sified:

P(𝑌 = 𝑦 ∣ 𝑋 = 𝑥, 𝑃 = 𝑝, 𝑆 = 𝑠) = 0 and
P(𝑌 ′ = 𝑦′ ∣ 𝑋′ = 𝑥′, 𝑃 = 𝑝, 𝑆 = 𝑠) = 0.

A result consistent with 𝑀3 reflects a broader issue with the 
model’s ability to classify narratives within a given narrative 
structure, independent of gender. While this scenario does not 
directly indicate gender bias, it underscores limitations in the 
model’s understanding of the narrative plot or the narrative 
structures.

To investigate classification outcomes, particularly misclassified 
cases, we systematically selected a subset of narrative pairs from the 
𝑀1, 𝑀2, and 𝑀3 categories, along with correctly classified examples 
to serve as references for qualitative analysis. This analysis focused on 
both the narrative plots and the reasoning behind their classifications. 
Selection criteria focused on narrative pairs exhibiting the lowest, 
highest, and mean-proximal GenBit Scores. For the mean-proximal 
case, we chose the narrative whose bias score was closest to the cate-
gory mean. In the 𝑀1 and 𝑀2 categories, non-stereotypical scenarios, 
namely female protagonists in Neutral Hero’s Journey narratives or 
male protagonists in Neutral Heroine’s Journey narratives, were chosen 
using the same lowest, highest, and mean-proximal criteria, applied 
across all combinations of narrative structure, and protagonist gender.

5.2. Results

The analysis of the results of Phase 2 focused on the classification 
outcomes of the factual and counterfactual narratives, comparing how 
they were assigned to the Neutral Hero’s Journey and Neutral Heroine’s 
Journey structures by the LLMs that generated them. We also examined 
the distribution of male and female protagonists, as well as the GenBit 
scores, for narratives that were correctly and incorrectly classified 
considering the different misclassification categories (𝑀 ,𝑀 ,𝑀 ).
1 2 3
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Table 3
Average classification accuracy per LLM.
 Model Accuracy 
 Gemma2-27B 67.5%  
 GPT-4o 77.5%  
 Llama3.1-8B 69.1%  
 Llama3.1-70B 70.0%  
 Llama3.3-70B 80.0%  

A total of 360 narrative pairs, each comprising a factual and a 
counterfactual narrative (𝑛 = 720), were classified. Among these, 191 
narrative pairs (53.1%) were correctly classified in both their factual 
and counterfactual forms. In contrast, 6 narrative pairs (1.6%), cate-
gorized as 𝑀3, were misclassified in both versions. For the remaining 
163 narrative pairs (45.3%), only one version – either factual or coun-
terfactual – was correctly classified. Within this subset (𝑛 = 326), 48 
pairs (29.4%) were categorized under 𝑀1, where the factual version 
was correctly classified but the counterfactual version was misclassi-
fied. Conversely, 115 pairs (70.6%), categorized under 𝑀2, involved 
correct classification of the counterfactual version but misclassification 
of the factual version. Table  3 presents the average classification accu-
racy for each model considering all premises, narrative structures, and 
protagonist gender.

Among the narrative pairs that were correctly classified using the 
Neutral Hero’s Journey structure, male and female protagonists were 
represented almost equally. Male protagonists appeared in a total of 
71 narratives across all premises and models (15 factual and 56 coun-
terfactual), while female protagonists were featured in 70 narratives 
(56 factual and 14 counterfactual). The narratives featuring male pro-
tagonists had GenBit Scores ranging from 0.285212 to 1.656748 (𝑀 =
1.06, 𝑆𝐷 = 0.28). The highest mean score for male protagonists was 
produced by Llama3.1-8B (𝑛 = 23, 𝑀 = 1.20, 𝑆𝐷 = 0.23), while GPT-
4o produced the lowest mean score (𝑛 = 4, 𝑀 = 0.93, 𝑆𝐷 = 0.45). 
Narratives with female protagonists had GenBit Scores that ranged from 
0.53 to 1.64 (𝑀 = 1.07, 𝑆𝐷 = 0.27). The highest mean score for female 
protagonists was produced by Llama3.1-8B (𝑛 = 23, 𝑀 = 1.21, 𝑆𝐷 =
0.22), while Gemma2-27B produced the lowest mean score (𝑛 = 15, 
𝑀 = 0.99, 𝑆𝐷 = 0.34).

Narrative pairs correctly classified under the Neutral Heroine’s Jour-
ney structure also showed near parity between male and female protag-
onists. Male protagonists appeared in a total of 116 narratives across 
all premises and models (38 factual and 78 counterfactual), while 
female protagonists were featured in 117 narratives (78 factual and 38 
counterfactual). For stories with male protagonists, the GenBit Scores 
ranged from 0.99 to 2.41 (𝑀 = 1.82, 𝑆𝐷 = 0.27). The highest mean 
score was produced by Llama3.3-70B (𝑛 = 29, 𝑀 = 2.12, 𝑆𝐷 =
0.17), and the lowest by Qwen2.5-32B (𝑛 = 30, 𝑀 = 1.62, 𝑆𝐷 =
0.28). Narratives featuring female protagonists exhibited GenBit Scores 
ranging from 0.95 to 2.38 (𝑀 = 1.82, 𝑆𝐷 = 0.26). The highest mean 
score for female protagonists was produced by Llama3.3-70b (𝑛 = 29, 
𝑀 = 2.10, 𝑆𝐷 = 0.17), while Qwen2.5-32B produced the lowest mean 
score (𝑛 = 30, 𝑀 = 1.63, 𝑆𝐷 = 0.26).

Fig.  6 shows the distribution of misclassified narratives under (𝑀1, 
𝑀2, or 𝑀3) across models grouped by protagonist gender. Each subplot 
corresponds to either factual or counterfactual narratives. The stacked 
bars represent the Neutral Hero’s Journey and Neutral Heroine’s Jour-
ney structures, with annotated counts within each section to provide 
insight into the patterns of misclassification.

For the misclassified narratives categorized under 𝑀1 and 𝑀2, 
which were generated through the Neutral Hero’s Journey structure, 
female protagonists were the most frequently represented gender, ap-
pearing in a total of 100 narratives across all premises and models (88 
factual and 12 counterfactual). The GenBit Scores for narrative with 
female protagonists ranged from 0.45 to 2.00 (𝑀 = 1.32, 𝑆𝐷 = 0.33). 
The highest mean score was associated with Llama3.1-8B (𝑛 = 7, 
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𝑀 = 1.47, 𝑆𝐷 = 0.45). Alternatively, Qwen2.5-32B exhibited the 
lowest mean GenBit Score (𝑛 = 10, 𝑀 = 0.54, 𝑆𝐷 = 1.09). Male 
protagonists were underrepresented, appearing in only 6 narratives, 
generated exclusively by GPT-4o (2 factual and 4 counterfactual). The 
GenBit Scores for the stories with male protagonists ranged from 0.88 
to 1.60 (𝑀 = 1.19, 𝑆𝐷 = 0.24). Non-binary protagonists appeared 
only once in a counterfactual narrative based on the Hero’s Journey 
structure, which was misclassified by GPT-4o. This narrative exhibited 
the lowest GenBit Score of all narratives (0.13).

The misclassified narratives structured around the Neutral Heroine’s 
Journey structure predominantly featured male protagonists, account-
ing for a total of 56 narratives across all premises and models (25 
factual and 31 counterfactual). The GenBit Scores for the stories featur-
ing male protagonists ranged from 1.21 to 2.19 (𝑀 = 1.81, 𝑆𝐷 = 0.20). 
The highest mean scores were associated with Llama3.1-8B (𝑛 = 22, 
𝑀 = 1.91, 𝑆𝐷 = 0.17), while the lowest mean scores were generated 
by GPT-4o for the same premise (𝑛 = 1, 𝑀 = 1.50). Female and non-
binary protagonists were not represented within narratives adhering to 
the Neutral Heroine’s Journey structure.

For the narrative pairs incorrectly classified under 𝑀3, male and 
female protagonists were equally represented within the Neutral Hero’s 
Journey structure. Male protagonists appeared in 2 narratives across 
all premises and models (0 factual and 2 counterfactual), while female 
protagonists were featured in 2 narratives (2 factual and 0 counter-
factual). Narratives with male protagonists had GenBit Scores ranging 
from 0.96 to 1.12 (𝑀 = 1.04, 𝑆𝐷 = 0.12). The highest score for male 
protagonists, 1.1249, was generated by Qwen2.5-32B (𝑛 = 1), while the 
lowest, 0.9549, was produced by Llama3.1-70B (𝑛 = 1). In contrast, 
narratives with female protagonists had GenBit Scores ranging from 
1.0702 to 1.12 (𝑀 = 1.10, 𝑆𝐷 = 0.04). The highest score for female 
protagonists, 1.12, was also generated by Qwen2.5-32B (𝑛 = 1), and 
the lowest, 1.07, by Llama3.1-70B (𝑛 = 1).

For narrative pairs incorrectly classified under the Neutral Hero-
ine’s Journey structure, male and female protagonists were similarly 
balanced. Male protagonists appeared in 4 narratives (0 factual and 4 
counterfactual), while female protagonists were featured in 4 narratives 
(4 factual and 0 counterfactual). Narratives with male protagonists had 
GenBit Scores ranging from 1.37 to 2.36 (𝑀 = 2.02, 𝑆𝐷 = 0.45). 
All male protagonist narratives were generated by Llama3.1-8B (𝑛 =
4). Similarly, narratives with female protagonists had GenBit Scores 
ranging from 1.35 to 2.36 (𝑀 = 2.01, 𝑆𝐷 = 0.46), and these were 
exclusively generated by Llama3.1-8B (𝑛 = 4).

5.3. Discussion

The results of the counterfactual estimation analysis revealed a pro-
nounced overrepresentation of female protagonists misclassified into 
the Neutral Hero’s Journey structure and male protagonists misclassi-
fied into the Neutral Heroine’s Journey structure. This pattern emerged 
when the genders of protagonists were swapped in narratives contain-
ing plot elements traditionally gendered by Western cultural norms. 
For example, male protagonists situated within narratives emphasizing 
emotional introspection (e.g., ‘‘fear’’ or ‘‘community building’’) were 
disproportionately classified as Neutral Heroine’s Journeys, while fe-
male protagonists in narratives centered on competition or logic-driven 
conflicts (e.g., ‘‘fighting’’ or ‘‘logic’’) were misclassified as Neutral 
Hero’s Journeys.

A compelling example is provided by a narrative generated by 
Gemma2-27B featuring Ethan, a male protagonist grappling with recon-
ciling his authentic self in an academic environment prioritizing ‘‘data 
and logic’’ over emotion. The text explicitly states: ‘‘As he prepares for 
a presentation, Ethan feels a growing sense of unease. He forces himself 
to focus on the data and logic behind his research, suppressing any 
emotional or intuitive responses’’ (Neutral Heroine’s Journey, Premise 
3, Story 4, Factual). Despite this clear emphasis on suppression of 
emotions, the narrative was incorrectly classified as a Neutral Heroine’s 
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Fig. 6. The number of misclassified narratives categorized under 𝑀1, 𝑀2 or 𝑀3 by LLM, narrative type, narrative structure, and protagonist gender.
Journey, demonstrating a potential bias toward associating emotional 
introspection with femininity.

Another illustrative case is The Last Beacon, a narrative pair gener-
ated by GPT-4o, which features a protagonist navigating a high-stakes 
scenario in a labyrinthine facility (Neutral Heroine’s Journey, Premise 
2, Story 5). In the factual version, the story, featuring a male protag-
onist, is classified as a Neutral Hero’s Journey, with the explanation 
focusing on external challenges and physical obstacles: ‘‘Upon entering 
the facility, they are immediately confronted by a labyrinth of corridors 
and rooms, each filled with the remains of long-abandoned experiments 
and haunting memories’’. The plot intensifies as the protagonist faces 
escalating dangers, such as an emergency lockdown that threatens to 
trap him/her inside, requiring quick thinking and decisive action. The 
protagonist splits up with his/her companion to solve the problem more 
efficiently, embodying traits typically associated with masculinity: in-
dependence, rationality, and resilience under pressure. However, in 
the counterfactual version, the same narrative, now featuring a female 
protagonist, is classified as a Neutral Heroine’s Journey, shifting the fo-
cus to internal transformation and the importance of community: ‘‘Eva 
establishes a network for sharing knowledge and resources, ensuring 
that no community is left isolated or without the means to thrive’’. 
This reclassification highlights how models may reinterpret identical 
content differently based on the perceived gender of the protagonist, 
prioritizing traditional gender roles over the actual narrative structure.

Furthermore, the selective highlighting of certain plot elements to 
justify classifications reflects a practice akin to cherry-picking. For 
instance, consider the narrative pair The Flickering Muse generated by 
Gemma2-27B (Neutral Heroine’s Journey, Premise 3, Story 4). In its 
factual version, featuring a male protagonist, the story is classified as a 
Neutral Hero’s Journey, with the explanation focusing on external chal-
lenges and personal growth through career setbacks and introspection: 
‘‘Ethan’s story closely follows the structure of the Hero’s Journey ... 
His overarching arc focuses on overcoming external challenges (career 
crisis) that lead him to an inward exploration and ultimately a return 
to society with newfound wisdom’’. However, in the counterfactual 
version with a female protagonist, the same narrative is classified as 
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a Neutral Heroine’s Journey, emphasizing internal transformation and 
emotional healing: ‘‘This narrative clearly follows the structure of the 
Heroine’s Journey ... the protagonist’s rejection of societal expectations, 
exploration of her inner world, emphasis on emotional growth and 
connection, and eventual integration of both masculine and feminine 
aspects strongly align with the core themes and stages of the Heroine’s 
Journey’’.

Our analysis further reveals that these biases extend to narrative 
pairs featuring non-binary protagonists. In two cases, classification 
explanations for counterfactual narratives altered the protagonist’s 
gender-neutral name to a traditionally feminine one, despite identical 
content between factual and counterfactual versions. For instance, in
Echoes of Cure in a Forsaken City, a post-apocalyptic story generated 
by GPT-4o featuring the non-binary protagonist Sam, the factual nar-
rative’s classification explanation describes Sam’s journey as beginning 
in a makeshift camp within the ruins of New York City and responding 
to a ‘‘call to adventure’’ via a discovered notebook and airborne drone 
(Neutral Hero’s Journey, Premise 2, Story 7). However, the counter-
factual classification inexplicably replaces ‘‘Sam’’ with ‘‘Samantha’’, 
introducing gendered language such as ‘‘her scientific endeavors’’, de-
spite the original text containing no explicit gender cues. This selective 
occurrence in non-binary narratives suggests an underlying bias toward 
binary gender associations, underscoring the need for models to handle 
non-binary characters without defaulting to binary assumptions.

In addition to gender biases, our results suggest that model ar-
chitecture might influence both narrative quality and classification 
accuracy. For instance, Llama models tend to adhere closely to formu-
laic structures, particularly when generating narratives aligned with the 
Neutral Heroine’s Journey. These narratives often follow a predictable 
template: [1: Honorific + Full Name], [2: Reputation + Profession], 
[3: Setting], [4: Action], [5: Motivation], [6: Goal]. An example from 
Llama3.1-70B introduces a character with the line: ‘‘Dr. Emma Taylor, a 
renowned psychologist, stood confidently on stage, delivering a lecture 
on the importance of logic and reason in modern society, downplaying 
the role of intuition and emotions’’ (Neutral Heroine’s Journey, Premise 
3, Story 1, Factual). This fixed structure may impose constraints on 
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narrative diversity and creative variability. Similarly, Gemma2-27B and 
Qwen-72B tend to produce shorter narratives, potentially resulting in 
less descriptive depth. This reduction in detail may make classifica-
tion more challenging, as essential structural elements and thematic 
nuances could be underrepresented.

6. Concluding remarks

Our study was motivated by the increasing use of LLMs for narrative 
generation – particularly in creative writing – and the critical need 
to address gender bias in these systems. By systematically examining 
gender representation in LLM-generated narratives, we aimed to un-
cover how gender biases manifest in storytelling systems that draw 
upon traditional narrative structures, such as the Hero’s Journey and 
Heroine’s Journey. These structures, while foundational to storytelling, 
often encode restrictive gender norms, raising concerns about whether 
AI systems authentically capture the depth of human experiences or 
merely replicate culturally ingrained stereotypes. Our findings serve as 
a foundation for understanding these biases, ultimately supporting the 
development of AI storytelling systems that move beyond traditional 
gender roles and foster more diverse and inclusive representations in 
LLM-generated narratives.

Phase 1 of our study revealed significant deviations from an equi-
table protagonist gender ratio, highlighting both implicit and explicit 
biases. Chi-squared analyses demonstrated that models such as Llama 
exhibited a disproportionate preference for female protagonists, likely 
due to overcorrection in alignment strategies, while GPT-4o achieved 
a more balanced representation, even incorporating non-binary pro-
tagonists. A three-way ANOVA further showed a significant inter-
action effect between narrative frameworks and protagonist gender 
on GenBit Scores, with the Heroine’s Journey consistently yielding 
higher scores. These findings suggest that LLMs assign protagonist gen-
der based on observed associations with specific narrative archetypes, 
reflecting biases embedded in training data that reflect traditional 
structures.

In Phase 2, the counterfactual estimation analysis exposed pro-
nounced misclassifications when protagonist genders were swapped 
in narratives containing culturally gendered plot elements. For ex-
ample, male protagonists in introspective or emotion-driven narra-
tives were frequently misclassified as following the Heroine’s Journey, 
while female protagonists in logic-driven conflicts were misclassified 
as Hero’s Journeys. Non-binary protagonists also faced inconsistent 
treatment, with some counterfactual classification explanations intro-
ducing binary gender cues despite the original narrative pairs lacking 
explicit markers. These patterns underscore the persistence of stereo-
typical causal associations within LLMs, possibly originating from im-
balances in training data, architectural constraints, or flawed alignment 
procedures.

Despite the relevant findings, some limitations must be acknowl-
edged. The current counterfactual approach is limited to binary gender 
representations, making it less applicable to non-binary identities and 
cases where gender swapping is not appropriate, such as a pregnant 
protagonist. It is also important to consider that the GenBit Score 
is influenced by narrative characteristics, including the number of 
characters, which may lead to inflated scores in stories that feature 
fewer characters. Furthermore, the relatively small size of our factual 
dataset restricts the validity of the findings, while variations in nar-
rative length and structure may introduce additional confounding fac-
tors. Addressing these challenges will require larger and more diverse 
LLM-generated narrative datasets, improved bias metrics, and greater 
transparency in the design and evaluation of generative systems.

While our findings point to distinct patterns of gender bias across 
different LLMs, precisely disentangling the influence of pretraining 
data from alignment interventions remains a methodological challenge. 
Given the limited public documentation of data curation and alignment 
objectives for most LLMs, we deliberately structured our experiments 
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to foreground observable effects in model outputs rather than speculate 
on internal mechanisms. By combining controlled narrative genera-
tion, counterfactual analysis, and statistical evaluation, our approach 
provides a practical framework for examining representational biases 
in LLM storytelling systems, even in the absence of full model trans-
parency. Future research should build on this framework to refine 
evaluation methods and develop indirect strategies for auditing fairness 
in LLMs.

Another important direction for future research is the implemen-
tation and evaluation of gender bias mitigation strategies in LLM-
based storytelling systems, such as PatternTeller [11]. While existing 
approaches to bias mitigation in LLMs focus on data curation and 
model fine-tuning [47], their effectiveness in narrative contexts re-
mains underexplored. Given the complexity of large-scale LLMs, mod-
ifying their internal mechanisms to address bias presents significant 
challenges [48], including the risk of unintended alterations to lan-
guage fluency, creativity, and coherence. Instead of intervening at 
the model level, we plan to investigate system-level strategies that 
introduce an intermediary layer between the storytelling system and 
the model. This layer could dynamically analyze and adjust prompts 
to encourage more balanced gender representation, ensuring diversity 
while maintaining narrative coherence.

Beyond its technical implications, our study highlighted how LLM-
generated narratives can reinforce traditional gender norms, shaping 
the way characters are represented within structured frameworks. Sto-
rytelling is a powerful mechanism for defining societal perceptions, and 
the replication of restrictive gender norms by LLMs risks reinforcing 
historical imbalances rather than fostering more inclusive represen-
tations. By demonstrating how narrative structures influence gender 
representation in AI-driven storytelling, our findings emphasize the 
need for storytelling systems that are not merely reflections of existing 
biases but active participants in redefining narrative conventions. Ad-
dressing these challenges is not only a matter of technical refinement 
but a fundamental step toward ensuring that AI-generated narratives 
transcend traditional gender roles and representations.

To support transparency and reproducibility, the complete dataset 
of factual and counterfactual narratives used in this study – along 
with the source code for narrative generation, classification, and bias 
analysis – is publicly available via our Dataset Explorer webpage: https:
//narrativelab.org/hero-bias-dataset/.
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Appendix A. Neutral hero’s journey

1. The Ordinary World. The protagonist is introduced in their 
ordinary, everyday life. They might have some desires, fears, or 
limitations. However, they are unaware of the adventure that 
awaits them.

2. The Call to Adventure. The protagonist receives a call to leave 
their ordinary world and embark on a quest or adventure. This 
call can come in various forms, such as a message, a revelation, 
a dream, or an event that disrupts their normal life. Initially, the 
protagonist might refuse the call due to fear or responsibilities.

3. Refusal of the Call. The protagonist hesitates and resists an-
swering the call to adventure. They may be afraid of the un-
known or reluctant to leave behind their familiar life. Often, the 
protagonist needs some motivation or encouragement to move 
forward.

4. Meeting the Mentor. The protagonist encounters a mentor, a 
wise figure, or a guide who provides advice, training, or magical 
tools that will help them on their journey. The mentor gives the 
protagonist the confidence and knowledge they need to face the 
challenges ahead.

5. Crossing the Threshold. After overcoming their reluctance, 
the protagonist finally steps out of their ordinary world and 
enters the special world of the adventure. This threshold signifies 
the protagonist’s commitment to the journey and marks the 
beginning of significant changes in their life.

6. Tests, Allies, and Enemies. In the special world, the protagonist 
faces a series of challenges, tests, and obstacles. They meet 
both allies who support their quest and enemies who oppose 
them. Each challenge serves as a learning experience, helping 
the protagonist grow and gain valuable skills.

7. Approach to the Inmost Cave. The protagonist approaches the 
most dangerous and critical part of their journey — the inmost 
cave. It could be a physical location, a psychological challenge, 
or an inner conflict that they must confront. This stage represents 
a moment of great tension and self-doubt.

8. Ordeal. The ordeal is the central crisis of the protagonist’s 
journey. The protagonist faces their greatest fear, undergoes a 
transformation, or faces the most powerful enemy. This is a 
life-or-death moment that tests the protagonist’s courage, deter-
mination, and growth.

9. Reward. Having survived the ordeal, the protagonist emerges 
stronger and wiser. They receive a reward or gain new knowl-
edge and insights. This could be a physical object, a realization, 
or a special power that will aid them in the final battle.

10. The Road Back. After the ordeal, the protagonist begins their 
journey back to the ordinary world. However, the return journey 
is not without challenges. The protagonist may face further 
obstacles or temptations to stray from their path.

11. Resurrection. In this climactic stage, the protagonist faces one 
last and most dangerous confrontation, often with the story’s 
primary antagonist or their own inner demons. They are trans-
formed through this experience and undergo a metaphorical 
death and rebirth.

12. Return with the Elixir. Having overcome the final challenge, 
the protagonist returns to their ordinary world, bringing with 
them the elixir, a boon, or newfound wisdom. This may be 
a tangible item or something intangible that will benefit the 
protagonist’s community or the world at large.

Appendix B. Neutral heroine’s journey
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1. Separation from the Inner Self. The protagonist begins by 
rejecting aspects of their inner self, such as intuition, emo-
tions, or creativity, often due to societal or cultural pressures. 
They prioritize external success or rational thinking, distancing 
themselves from their more nurturing, introspective side.

2. Identification with External Values and Gathering of Allies. 
The protagonist adopts external values such as achievement, 
independence, and logic, believing that these traits will lead to 
success. They seek out allies who support this path, aligning with 
those who value external accomplishments and rationality.

3. Road of Trials and Gathering of Allies. The protagonist faces 
challenges and obstacles on their journey toward success. As 
they confront these trials, they gather more allies who help them 
navigate the challenges, but these relationships are often based 
on shared values of external validation and accomplishment.

4. Finding the Illusory Boon of Success. The protagonist achieves 
what they believed would bring fulfillment – recognition, status, 
or success – but soon realizes that this reward is superficial. It 
does not provide the deep emotional or spiritual satisfaction they 
were seeking, leaving them feeling unfulfilled.

5. Awakening to Feelings of Spiritual Death. After realizing the 
emptiness of their achievements, the protagonist experiences a 
crisis. They feel disconnected from their true self, encountering 
a sense of spiritual or emotional death. This stage marks the 
beginning of a deeper internal journey.

6. Initiation and Descent into the Inner World. The protago-
nist embarks on a deep inward journey, confronting aspects of 
themselves that they had neglected or suppressed. This could 
involve facing their own emotions, subconscious fears, or hidden 
strengths, leading to a profound understanding of their inner 
world.

7. Urgent Yearning to Reconnect with the Inner Self. After this 
descent, the protagonist feels an urgent need to reconnect with 
their emotional and intuitive side. They seek balance between 
their external goals and their internal needs, striving to integrate 
all parts of their identity.

8. Healing the Split Between Past and Present. The protagonist 
works to heal the rift between their past and present selves, often 
symbolized by reconciling with key relationships or beliefs that 
shaped their identity. They begin to accept and integrate the 
parts of themselves they once rejected or neglected.

9. Healing the Wounded External Self. The protagonist addresses 
the wounded aspects of their external identity — traits like 
aggression, dominance, or control – that have become dam-
aging. They seek to balance these traits with more nurturing, 
compassionate, or intuitive qualities.

10. Integration of Internal and External Aspects. The protagonist 
achieves a balance between their external and internal aspects, 
no longer seeing them in opposition, and reaches a state of inner 
wholeness. This integration allows them to live authentically, 
fully embracing both their rational and intuitive sides.

Appendix C. Example of factual narrative: Shadows of solitude

• Chapter 1:
– Sarah, the sole survivor, wanders the deserted streets of New 
York City, her backpack slung over her shoulder, scavenging 
for food and supplies. The haunting silence of the aban-
doned skyscrapers looms above her, a constant reminder of 
the bustling city that once was.

– Each morning, Sarah wakes in the crumbling remains of 
what used to be her apartment, enveloped by the comforting 
familiarity of old photographs taped to the cracked walls, 
the only vestiges of a past life.
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– Afternoons find Sarah in the New York Public Library, 
poring over medical texts and research notes, driven by her 
relentless desire to find a cure for the plague that ravaged 
humanity.

– She often ventures across Central Park, careful to avoid the 
shadows where the transformed lurk, feeling the weight of 
fear tug at her as her mind battles between caution and the 
need for normalcy.

– As dusk falls, Sarah lights candles in her makeshift labora-
tory, a space cluttered with vials and old equipment. Here, 
she spends her evenings experimenting, fueled by hope and 
longing for human connection.

• Chapter 2:
– One fateful evening, as Sarah delves into her research, she 
discovers a dusty notebook hidden within the pages of an 
old medical journal. It contains cryptic notes and sketches 
detailing a potential cure for the plague.

– Intrigued and skeptical, Sarah spends days deciphering the 
notebook, piecing together its fragmented information. She 
feels a spark of hope, tantalizingly close yet frustratingly 
elusive.

– As she explores further into the journal, Sarah finds a map 
suggesting the existence of a hidden laboratory in the city, 
where the original research might have taken place. This 
revelation pulls at her, beckoning her to venture beyond her 
familiar safety.

– That night, Sarah dreams vividly of the city alive again, 
free of monsters, its streets filled with laughter and light. 
Upon waking, she feels the compelling call to seek out the 
laboratory and uncover its secrets.

– The call to adventure resonates within her, urging her to 
leave behind the relative safety of her routine and embrace 
the uncertain journey for the cure she longs to find.

• Chapter 3:
– Despite the allure of the notebook, Sarah hesitates, torn 
between the promise of discovery and the fear of venturing 
into the unknown. The thought of leaving her safe haven 
fills her with dread.

– Memories of past encounters with the transformed plague 
victims flash through her mind, their monstrous faces and 
haunting cries serving as a stark reminder of the dangers 
that lurk outside.

– She convinces herself that her research in the safety of 
her apartment is enough, trying to quell the feeling of 
inadequacy and her growing doubts about the path that lies 
ahead.

– As days pass, Sarah confines herself to her routine, grap-
pling with her reluctance to leave, yet unable to shake 
the nagging feeling that she is on the brink of something 
momentous.

– One evening, the sight of a distant, flickering light across 
the city skyline reignites a smoldering curiosity in Sarah, 
hinting at the possibility that she is not as alone as she 
believes.

• Chapter 4:
– One stormy night, Sarah is jolted awake by the sound of 
rustling papers. She finds an old radio crackling to life, 
broadcasting a garbled voice offering guidance and hope to 
any survivors seeking a cure.

– Intrigued by the mysterious voice, Sarah listens intently, 
the voice speaking of scientific knowledge and strategies for 
evading the transformed, giving her newfound courage and 
inspiration.
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– Through the radio, the mentor reveals stories of resilience 
and survival, sharing tales of those who braved dangers 
and made breakthroughs, strengthening Sarah’s resolve to 
pursue the quest.

– The voice provides cryptic hints about the location of the 
hidden laboratory, weaving a tapestry of clues that Sarah 
must unravel, guiding her through the process of mapping 
her path.

– Empowered by the mentor’s guidance, Sarah gathers her 
courage, feeling a sense of connection with the unseen 
voice, as if it has become an invisible ally on her journey.

• Chapter 5:
– With the first light of dawn breaking, Sarah takes her first 
steps beyond the familiar confines of her apartment, leaving 
behind the safety she has clung to for so long and embracing 
the journey ahead.

– She navigates through the desolate streets with heightened 
awareness, each step crossing her further from her ordinary 
world and deeper into the adventure that awaits.

– Along the way, she encounters remnants of the past – aban-
doned cars, forgotten belongings – which serve as poignant 
reminders of the world that once thrived.

– As she approaches the threshold of the unknown, Sarah 
pauses at a barricade erected during the early days of the 
plague, a symbolic boundary she must cross to truly enter 
the adventure.

– Summoning her resolve and recalling the voice of the men-
tor, she climbs over the barricade, leaving behind the life 
she knew and stepping fully into the uncharted territory of 
her quest.

• Chapter 6:
– As Sarah navigates the labyrinthine streets, her first chal-
lenge arises in the form of a group of transformed creatures 
blocking her path, forcing her to employ stealth and quick 
thinking to evade them.

– Venturing deeper into the city, she meets Marcus, another 
survivor who has made a life scavenging among the ruins. 
Initially wary, they slowly build trust, each finding solace 
in the other’s presence.

– Together, they face hostile gangs of survivors who have 
succumbed to desperation and violence, barely escaping 
ambush thanks to Marcus’s knowledge of hidden passages 
and safe zones.

– In the quieter moments, Sarah and Marcus share stories of 
their past lives, deepening their bond and reigniting their 
hope, while forging plans to find and reach the fabled 
laboratory.

– Along their journey, they cross paths with a mysterious old 
woman who offers cryptic advice and a small vial containing 
a substance she claims can protect them from the plague, 
leaving them more questions than answers.

• Chapter 7:
– Armed with the map and the old woman’s vial, Sarah and 
Marcus make their way toward the rumored entrance to the 
hidden laboratory, their path fraught with obstacles as they 
delve deeper into the city’s heart.

– They find themselves at the entrance to the subway tunnels, 
which they must traverse to reach the laboratory, a daunting 
labyrinth of darkness and uncertainty stretching out before 
them.
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– As they descend into the dimly lit tunnels, their senses 
sharpen, every sound amplified in the oppressive silence, 
forcing them to rely on each other as they navigate this 
treacherous path.

– They encounter unexpected allies — a small group of sur-
vivors living underground who provide crucial guidance on 
the safest routes and warn of lurking dangers, reinforcing 
Sarah and Marcus’s resolve.

– As they near the inmost cave, the tension escalates with the 
realization that they are closer than ever to their goal, yet 
aware that the greatest challenges still lie ahead.

• Chapter 8:
– Deep within the labyrinthine subway tunnels, as Sarah and 
Marcus near the laboratory’s rumored location, they are 
ambushed by a horde of transformed creatures, forcing them 
into a desperate battle for survival.

– Sarah’s fear is palpable, but the old woman’s vial provides 
unexpected assistance — a vapor that repels the creatures 
momentarily, giving them a crucial chance to escape the 
immediate threat.

– The reprieve is short-lived as the creatures regroup, and 
Sarah and Marcus must navigate a series of collapsing tun-
nels, each step bringing them closer to exhaustion and 
peril.

– They reach a dead-end, forced into a final confrontation 
with the creatures. Outnumbered and trapped, they muster 
every ounce of strength and resourcefulness to fight their 
way through.

– Just as they reach the brink of defeat, a hidden door is 
revealed by a fortuitous burst of light, leading them into the 
sanctuary of the laboratory, safe for the moment but shaken 
by their ordeal.

• Chapter 9:
– Inside the hidden laboratory, Sarah and Marcus find shelves 
lined with research materials and equipment left untouched 
since the city’s fall, a treasure trove of information and 
potential breakthroughs in the fight against the plague.

– As Sarah examines the notebooks, she discovers the missing 
pieces to the cryptic notes she found earlier. They reveal a 
formula that could potentially lead to a cure, filling her with 
a renewed sense of purpose.

– Marcus finds a cache of preserved food and medical sup-
plies, offering immediate relief and ensuring their survival 
as they work diligently to synthesize the potential cure.

– Working together, Sarah and Marcus manage to produce a 
small batch of the experimental cure, each vial representing 
hope for the future and the possibility of reclaiming their 
world.

– With the formula complete and the first batch of the cure in 
hand, Sarah and Marcus feel a profound sense of achieve-
ment and the knowledge that they hold the key to saving 
countless lives.

• Chapter 10:
– With the vials of the experimental cure secured, Sarah and 
Marcus prepare to leave the sanctuary of the laboratory, 
knowing they must return to the surface and share their 
discovery with those who remain.

– Retracing their steps through the subway tunnels, they 
move cautiously, aware that the transformed creatures and 
other dangers still lurk in the shadows, their senses height-
ened by the burden of their mission.
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– Emerging from the labyrinth of tunnels, they find the
cityscape eerily quiet, the atmosphere tense with a forebod-
ing sense of the challenges yet to come as they seek to reach 
the survivor enclave.

– Along the way, they encounter familiar faces – other sur-
vivors whose stories they crossed – offering solace and 
encouragement, reminding Sarah and Marcus of the vital 
importance of their mission.

– As they near their destination, the weight of their responsi-
bility grows heavier, each step on the road back filled with 
both the anticipation of what their discovery could mean 
and the fear of what might hinder their path.

• Chapter 11:

– As Sarah and Marcus near the survivor enclave, they are 
ambushed by a rogue faction that seeks to take the cure 
for themselves, forcing them into a tense standoff that tests 
their resolve and ingenuity.

– In the midst of the chaos, Sarah is separated from Marcus, 
faced with her deepest fears as she struggles to protect the 
vials and herself, realizing this is her moment of rebirth and 
true courage.

– Drawing on the skills and strength she has acquired through-
out her journey, Sarah outsmarts their attackers with a 
carefully laid trap, managing to secure the safety of the cure 
and reunite with Marcus.

– This trial by fire fortifies their bond, each realizing the 
depths of their resilience and the power of their partnership, 
emerging from the confrontation stronger and more united 
than before.

– With the rogue threat neutralized, Sarah and Marcus press 
on to the enclave, carrying not just the cure, but a profound 
transformation within themselves, ready to usher in a new 
era of hope.

• Chapter 12:

– Sarah and Marcus arrive at the survivor enclave, greeted 
by a hopeful gathering of weary faces. They present the 
vials of the experimental cure, sharing the promise of a new 
beginning with those who have endured so much.

– The enclave’s healers begin administering the cure to ailing 
residents, and slowly, signs of recovery emerge, confirming 
the efficacy of the formula and igniting a wave of joyous 
disbelief.

– As the days pass, the enclave transforms; laughter and re-
newed energy permeate the once somber atmosphere, each 
recovered person a testament to Sarah and Marcus’s arduous 
journey.

– With their mission accomplished, Sarah and Marcus find 
themselves embraced by the community, hailed as heroes, 
yet humbled by the resilience and courage they have wit-
nessed in others.

– As they stand on the verge of a new chapter, Sarah reflects 
on her transformation and the power of hope, knowing that 
she and Marcus have helped change the course of life for 
many, and that their story has only just begun.

Appendix D. Example of counterfactual narrative: Shadows of soli-
tude

• Chapter 1:
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– Sam, the sole survivor, wanders the deserted streets of New 
York City, his backpack slung over his shoulder, scavenging 
for food and supplies. The haunting silence of the aban-
doned skyscrapers looms above him, a constant reminder 
of the bustling city that once was.

– Each morning, Sam wakes in the crumbling remains of what 
used to be his apartment, enveloped by the comforting 
familiarity of old photographs taped to the cracked walls, 
the only vestiges of a past life.

– Afternoons find Sam in the New York Public Library, por-
ing over medical texts and research notes, driven by his 
relentless desire to find a cure for the plague that ravaged 
humanity.

– He often ventures across Central Park, careful to avoid the 
shadows where the transformed lurk, feeling the weight of 
fear tug at him as his mind battles between caution and the 
need for normalcy.

– As dusk falls, Sam lights candles in his makeshift laboratory, 
a space cluttered with vials and old equipment. Here, he 
spends his evenings experimenting, fueled by hope and 
longing for human connection.

• Chapter 2:
– One fateful evening, as Sam delves into his research, he 
discovers a dusty notebook hidden within the pages of an 
old medical journal. It contains cryptic notes and sketches 
detailing a potential cure for the plague.

– Intrigued and skeptical, Sam spends days deciphering the 
notebook, piecing together its fragmented information. He 
feels a spark of hope, tantalizingly close yet frustratingly 
elusive.

– As he explores further into the journal, Sam finds a map 
suggesting the existence of a hidden laboratory in the city, 
where the original research might have taken place. This 
revelation pulls at him, beckoning him to venture beyond 
his familiar safety.

– That night, Sam dreams vividly of the city alive again, 
free of monsters, its streets filled with laughter and light. 
Upon waking, he feels the compelling call to seek out the 
laboratory and uncover its secrets.

– The call to adventure resonates within him, urging him to 
leave behind the relative safety of his routine and embrace 
the uncertain journey for the cure he longs to find.

• Chapter 3:
– Despite the allure of the notebook, Sam hesitates, torn 
between the promise of discovery and the fear of venturing 
into the unknown. The thought of leaving his safe haven fills 
him with dread.

– Memories of past encounters with the transformed plague 
victims flash through his mind, their monstrous faces and 
haunting cries serving as a stark reminder of the dangers 
that lurk outside.

– He convinces himself that his research in the safety of his 
apartment is enough, trying to quell the feeling of inad-
equacy and his growing doubts about the path that lies 
ahead.

– As days pass, Sam confines himself to his routine, grappling 
with his reluctance to leave, yet unable to shake the nagging 
feeling that he is on the brink of something momentous.

– One evening, the sight of a distant, flickering light across the 
city skyline reignites a smoldering curiosity in Sam, hinting 
at the possibility that he is not as alone as he believes.

• Chapter 4:
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– One stormy night, Sam is jolted awake by the sound of 
rustling papers. He finds an old radio crackling to life, 
broadcasting a garbled voice offering guidance and hope to 
any survivors seeking a cure.

– Intrigued by the mysterious voice, Sam listens intently, the 
voice speaking of scientific knowledge and strategies for 
evading the transformed, giving him newfound courage and 
inspiration.

– Through the radio, the mentor reveals stories of resilience 
and survival, sharing tales of those who braved dangers and 
made breakthroughs, strengthening Sam’s resolve to pursue 
the quest.

– The voice provides cryptic hints about the location of the 
hidden laboratory, weaving a tapestry of clues that Sam 
must unravel, guiding him through the process of mapping 
his path.

– Empowered by the mentor’s guidance, Sam gathers his 
courage, feeling a sense of connection with the unseen 
voice, as if it has become an invisible ally on his journey.

• Chapter 5:

– With the first light of dawn breaking, Sam takes his first 
steps beyond the familiar confines of his apartment, leaving 
behind the safety he has clung to for so long and embracing 
the journey ahead.

– He navigates through the desolate streets with heightened 
awareness, each step crossing him further from his ordinary 
world and deeper into the adventure that awaits.

– Along the way, he encounters remnants of the past – aban-
doned cars, forgotten belongings – which serve as poignant 
reminders of the world that once thrived.

– As he approaches the threshold of the unknown, Sam pauses 
at a barricade erected during the early days of the plague, a 
symbolic boundary he must cross to truly enter the adven-
ture.

– Summoning his resolve and recalling the voice of the men-
tor, he climbs over the barricade, leaving behind the life he 
knew and stepping fully into the uncharted territory of his 
quest.

• Chapter 6:

– As Sam navigates the labyrinthine streets, his first chal-
lenge arises in the form of a group of transformed creatures 
blocking his path, forcing him to employ stealth and quick 
thinking to evade them.

– Venturing deeper into the city, he meets Marcia, another 
survivor who has made a life scavenging among the ruins. 
Initially wary, they slowly build trust, each finding solace 
in the other’s presence.

– Together, they face hostile gangs of survivors who have 
succumbed to desperation and violence, barely escaping 
ambush thanks to Marcia’s knowledge of hidden passages 
and safe zones.

– In the quieter moments, Sam and Marcia share stories of 
their past lives, deepening their bond and reigniting their 
hope, while forging plans to find and reach the fabled 
laboratory.

– Along their journey, they cross paths with a mysterious old 
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man who offers cryptic advice and a small vial containing 
a substance he claims can protect them from the plague, 
leaving them more questions than answers.

• Chapter 7:
– Armed with the map and the old man’s vial, Sam and Marcia 
make their way toward the rumored entrance to the hidden 
laboratory, their path fraught with obstacles as they delve 
deeper into the city’s heart.

– They find themselves at the entrance to the subway tunnels, 
which they must traverse to reach the laboratory, a daunting 
labyrinth of darkness and uncertainty stretching out before 
them.

– As they descend into the dimly lit tunnels, their senses 
sharpen, every sound amplified in the oppressive silence, 
forcing them to rely on each other as they navigate this 
treacherous path.

– They encounter unexpected allies — a small group of sur-
vivors living underground who provide crucial guidance on 
the safest routes and warn of lurking dangers, reinforcing 
Sam and Marcia’s resolve.

– As they near the inmost cave, the tension escalates with the 
realization that they are closer than ever to their goal, yet 
aware that the greatest challenges still lie ahead.

• Chapter 8:
– Deep within the labyrinthine subway tunnels, as Sam and 
Marcia near the laboratory’s rumored location, they are 
ambushed by a horde of transformed creatures, forcing them 
into a desperate battle for survival.

– Sam’s fear is palpable, but the old man’s vial provides 
unexpected assistance — a vapor that repels the creatures 
momentarily, giving them a crucial chance to escape the 
immediate threat.

– The reprieve is short-lived as the creatures regroup, and 
Sam and Marcia must navigate a series of collapsing tunnels, 
each step bringing them closer to exhaustion and peril.

– They reach a dead-end, forced into a final confrontation 
with the creatures. Outnumbered and trapped, they muster 
every ounce of strength and resourcefulness to fight their 
way through.

– Just as they reach the brink of defeat, a hidden door is 
revealed by a fortuitous burst of light, leading them into the 
sanctuary of the laboratory, safe for the moment but shaken 
by their ordeal.

• Chapter 9:
– Inside the hidden laboratory, Sam and Marcia find shelves 
lined with research materials and equipment left untouched 
since the city’s fall, a treasure trove of information and 
potential breakthroughs in the fight against the plague.

– As Sam examines the notebooks, he discovers the missing 
pieces to the cryptic notes he found earlier. They reveal a 
formula that could potentially lead to a cure, filling him 
with a renewed sense of purpose.

– Marcia finds a cache of preserved food and medical supplies, 
offering immediate relief and ensuring their survival as they 
work diligently to synthesize the potential cure.

– Working together, Sam and Marcia manage to produce a 
small batch of the experimental cure, each vial representing 
hope for the future and the possibility of reclaiming their 
world.

– With the formula complete and the first batch of the cure 
in hand, Sam and Marcia feel a profound sense of achieve-
ment and the knowledge that they hold the key to saving 
countless lives.
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• Chapter 10:
– With the vials of the experimental cure secured, Sam and 
Marcia prepare to leave the sanctuary of the laboratory, 
knowing they must return to the surface and share their 
discovery with those who remain.

– Retracing their steps through the subway tunnels, they 
move cautiously, aware that the transformed creatures and 
other dangers still lurk in the shadows, their senses height-
ened by the burden of their mission.

– Emerging from the labyrinth of tunnels, they find the
cityscape eerily quiet, the atmosphere tense with a forebod-
ing sense of the challenges yet to come as they seek to reach 
the survivor enclave.

– Along the way, they encounter familiar faces – other sur-
vivors whose stories they crossed – offering solace and 
encouragement, reminding Sam and Marcia of the vital 
importance of their mission.

– As they near their destination, the weight of their responsi-
bility grows heavier, each step on the road back filled with 
both the anticipation of what their discovery could mean 
and the fear of what might hinder their path.

• Chapter 11:
– As Sam and Marcia near the survivor enclave, they are 
ambushed by a rogue faction that seeks to take the cure 
for themselves, forcing them into a tense standoff that tests 
their resolve and ingenuity.

– In the midst of the chaos, Sam is separated from Marcia, 
faced with his deepest fears as he struggles to protect the 
vials and himself, realizing this is his moment of rebirth and 
true courage.

– Drawing on the skills and strength he has acquired through-
out his journey, Sam outsmarts their attackers with a care-
fully laid trap, managing to secure the safety of the cure and 
reunite with Marcia.

– This trial by fire fortifies their bond, each realizing the 
depths of their resilience and the power of their partnership, 
emerging from the confrontation stronger and more united 
than before.

– With the rogue threat neutralized, Sam and Marcia press on 
to the enclave, carrying not just the cure, but a profound 
transformation within themselves, ready to usher in a new 
era of hope.

• Chapter 12:
– Sam and Marcia arrive at the survivor enclave, greeted by 
a hopeful gathering of weary faces. They present the vials 
of the experimental cure, sharing the promise of a new 
beginning with those who have endured so much.

– The enclave’s healers begin administering the cure to ailing 
residents, and slowly, signs of recovery emerge, confirming 
the efficacy of the formula and igniting a wave of joyous 
disbelief.

– As the days pass, the enclave transforms; laughter and re-
newed energy permeate the once somber atmosphere, each 
recovered person a testament to Sam and Marcia’s arduous 
journey.

– With their mission accomplished, Sam and Marcia find 
themselves embraced by the community, hailed as heroes, 
yet humbled by the resilience and courage they have wit-
nessed in others.

– As they stand on the verge of a new chapter, Sam reflects on 
his transformation and the power of hope, knowing that he 
and Marcia have helped change the course of life for many, 
and that their story has only just begun.
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Data availability

Data will be made available on request.
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