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Abstract

Automata and artificial intelligence (AI) have long occupied a central place in cultural and
artistic imagination, and the recent proliferation of Al-generated artworks has intensified
debates about authorship, creativity, and human agency. Empirical studies show that
audiences often perceive Al-generated works as less authentic or emotionally resonant
than human creations, with authorship attribution strongly shaping esthetic judgments.
Yet little attention has been paid to how Al systems themselves evaluate creative author-
ship. This study investigates how large language models (LLMs) evaluate literary quality
under different framings of authorship—Human, Al, or Human+AI collaboration. Using
a questionnaire-based experimental design, we prompted four instruction-tuned LLMs
(ChatGPT 4, Gemini 2, Gemma 3, and LLaMA 3) to read and assess three short stories
in Italian, originally generated by ChatGPT 4 in the narrative style of Roald Dahl. For
each story x authorship condition x model combination, we collected 100 questionnaire
completions, yielding 3600 responses in total. Across esthetic, literary, and inclusiveness
dimensions, the stated authorship systematically conditioned model judgments: identical
stories were consistently rated more favorably when framed as human-authored or human-—
Al co-authored than when labeled as Al-authored, revealing a robust negative bias toward
Al authorship. Model-specific analyses further indicate distinctive evaluative profiles
and inclusiveness thresholds across proprietary and open-source systems. Our findings
extend research on attribution bias into the computational realm, showing that LLM-based
evaluations reproduce human-like assumptions about creative agency and literary value.
We publicly release all materials to facilitate transparency and future comparative work on
Al-mediated literary evaluation.

Keywords: LLMs; authorship bias; esthetic appreciation; literary value; inclusiveness

1. Introduction

Artificial intelligence (AI) has long occupied a prominent position in artistic and
cultural imagination. From mechanical automatons to contemporary machine-learning sys-
tems, technological artifacts have repeatedly raised questions about creativity, authorship,
and human agency. The recent proliferation of generative Al has intensified these debates,
as Al-generated works have become increasingly widespread and are now entering insti-
tutional art contexts. The case of The Portrait of Edmond de Belamy—the first Al-generated
artwork sold at auction—garnered wide attention and reinvigorated long-standing disputes
surrounding originality, authenticity, and the status of the artist within creative produc-
tion [1,2]. Although human designers were involved in the algorithm’s development,
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public discourse often anthropomorphized the system, contributing to misconceptions
about Al agency and responsibility [3].

Beyond such philosophical and cultural discussions, a substantial body of empirical
research demonstrates that authorship attribution significantly influences how people
evaluate creative artifacts. Humans often perceive Al-generated artworks as less authentic,
less emotionally resonant, or less esthetically valuable than works attributed to human
creators [4-9]. When viewers discover that a moving artwork was created by Al, they may
even feel “cheated” or “manipulated” [10] (p. 113). Experimental studies confirm that
labeling an identical work as “Al-authored” systematically lowers judgments of creativity,
literary value, or emotional depth [11,12]. These findings demonstrate that esthetic and
ethical evaluations are not solely a matter of textual or perceptual features but are also
modulated by expectations about who—or what—produced the work.

While extensive attention has been devoted to human perceptions of Al-generated art,
much less is known about whether Al systems themselves reproduce similar authorship
biases. Large language models (LLMSs) are increasingly used as evaluators in many domains
such as résumé screening and education, where systematic biases have already been
documented [13,14]. If LLMs inherit or amplify human-like expectations, their judgments
may encode cultural assumptions about creativity, authorship, and inclusiveness rather
than neutrally reflecting textual qualities. This raises methodological concerns about the
use of LLMs as evaluative instruments and ethical concerns about the reproduction of
entrenched cultural hierarchies.

Recent research has begun to conceptualize LLMs as simulated “readers,” capable
of performing interpretive tasks such as narrative analysis, moral judgment, and stylistic
comparison [15-17]. The increasing use of LLMs as “silicon participants” in socio-scientific
experiments [18,19] suggests that they might also model human-like responses to literature.
Yet existing work has not examined whether LLMs—like human readers—evaluate the
very same literary text differently depending on its attributed authorship. Addressing this
gap is crucial: if authorship framing influences LLM-based judgments, then these models
risk reproducing biases that perpetuate human preferences in creative domains.

In light of these considerations, the present study examines how different framings
of authorship—Human, Al, or Human+AlI collaboration—influence the evaluations of
LLMs of literary texts. Using three short stories written in Italian in the style of Roald Dahl,
we asked four instruction-tuned LLMs (ChatGPT 4, Gemini 2, Gemma 3, and LLaMA 3)
to complete a standardized questionnaire measuring esthetic value, literary merit, and
inclusiveness. The texts were identical across conditions; only the stated authorship varied.
Based on previous research, we expected that LLMs would:

(i) Rate human creativity higher than artificial creativity;
(ii) Assign higher esthetic value to stories framed as human-authored;
(iii) Evaluate human-written stories as more inclusive.

Our contributions are threefold. First, we introduce a questionnaire-based methodol-
ogy for studying how LLMs evaluate literary texts under different authorship framings.
Second, we benchmark multiple proprietary and open-source models to compare their
evaluative behavior. Third, we publicly release all materials—including prompts, gener-
ated responses, analysis code, results, and statistical significance measures—to support
transparency and reproducibility (see the Data Availability Statement).

The remainder of the paper is organized as follows: Section 2 reviews related literature
on Al and human creativity, Al and inclusion, Al as a (human) reader, and Al as an
evaluator. Section 3 presents our methodological approach. Section 4 reports the main
results of the experiment. Section 5 discusses their implications. Section 6 acknowledges
the limitations of the work, while Section 7 offers concluding remarks.
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2. Related Work
2.1. Al and Human Creativity

The current debate surrounding Al-generated art remains deeply rooted in long-
standing cultural narratives about artistic production. Central to this discourse are ques-
tions of authorship, inspiration, and the originality or creative capacity of Al-generated
works [20]. Art is still widely regarded as a privileged expression of human creativity and
originality—qualities traditionally associated with subjective experience. As Reckwitz [21]
(p. 23) argues, creativity refers both to the production of something new and to a model of
the creative that ties innovation to the modern figure of the artist.

This modern understanding of creativity is heavily shaped by enduring cultural topoi,
particularly the image of the artist as a “great man” imbued with genius—a unique, often
tormented, individual whose work is inseparable from his personal, inner experience. These
notions stem from the romantic cult of genius around 1800, which canonized the artist as
an inspired, almost prophetic figure [22]. According to this tradition, the authenticity and
value of art lie in its emotional and experiential origin, which an Al—lacking consciousness
and subjective experience—cannot replicate.

Whenever Al-generated art is evaluated, the core issue often revolves around whether
such creations can truly be called “art,” and, by extension, what role human agency still
plays in artistic creation. Frequently, this debate constructs a binary opposition between
humans and machines, often veering into dystopian narratives that exaggerate Al’s capabil-
ities rather than reflect its actual technical status. As Stefan Rieger notes, such discussions
are shaped by a “negative semantics of the machine,” in which the mechanical is asso-
ciated with a rigid, rule-bound logic antithetical to values like creativity, freedom, and
individuality [23] (p. 117).

Philosopher Dieter Mersch offers a powerful critique of this misapplication of the term
“creativity” to computer-generated art. For Mersch, this usage reflects a naive, reductive
understanding of both creativity and art. He frames creativity as a principle of freedom,
not merely the production of novelty, but a reflexive, transformative engagement with the
act of creation itself: “Art is always art about art; it therefore implies a transformation of the
esthetic itself in every act and artefact” [24] (p. 73). In this view, art does not merely emerge
from input-output operations but involves self-awareness, reinterpretation, and contextual
transformation—qualities currently far beyond the scope of Al Even the most advanced
image and text generation technologies still rely heavily on human inputs, such as prompts
that guide content, style, and structure. Nevertheless, the emergence of Al-generated art
has catalyzed important philosophical debates about creativity, originality, and the future
of artistic agency [25].

Across philosophical, cultural, and empirical perspectives, human creativity remains
privileged, and authorship attribution strongly shapes esthetic judgments—suggesting that
if LLMs internalize human discourse, they may reproduce similar authorship biases.

2.2. Al and Inclusion

Since the introduction of large language models (LLMs), concerns have arisen about
the social biases embedded in the datasets that train them. Research has shown that
Al-generated outputs frequently reproduce and even amplify cultural stereotypes. For
instance, Mannering [26] analyzed over a thousand Al-generated images created using
generic prompts and found that the results often reinforced gender norms: women were
disproportionately depicted in domestic contexts, while men were associated with tra-
ditionally masculine environments. Numerous other studies have documented similar
patterns of gender bias in generative Al systems [27-29].
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Racial bias is another persistent issue in Al-generated imagery. A particularly telling
study examined the outputs of three leading text-to-image models in the context of surgical
professions across various geographic regions. The results showed that 98% of all depictions
of surgeons portrayed white men. Interestingly, when the models generated images of
surgical trainees, white women became significantly more prominent [30]. These examples
highlight how Al systems often reflect—and reinforce—existing power structures and
cultural assumptions.

Adding further complexity to the ethics of inclusion in AI, much of the labor involved
in preparing training data falls to underpaid workers in the Global South. These workers
are often tasked with sifting, labeling, or moderating massive datasets, frequently under
exploitative conditions and with minimal oversight. Their labor is essential to minimizing
the output of biased, violent, or offensive content, yet remains largely invisible in public
discussions of Al development [31].

Questions of inclusion also intersect with broader ethical concerns, particularly regard-
ing agency, responsibility, and trust in Al systems. Research in human-Al interaction has
shown that the anthropomorphization of Al systems significantly influences how people
assign responsibility for errors. For example, in [32,33], authors found that when people
attribute human-like qualities to Al, they are more likely to hold it morally accountable.
Gill [34] in the context of autonomous vehicles (AVs), observed that participants judged
it more permissible for an AV to harm a pedestrian than a human-driven car, and this
shift in moral judgment was closely linked to the attribution of agency to the machine.
Similarly, Epstein [3] found that this dynamic extends into the realm of art: the more an
Al is perceived as an agent, the more responsibility and authorship people are willing to
attribute to it—paralleling findings in other domains such as AV ethics [35].

Research on Al-generated content and Human+Al interaction reveals systematic biases
and shifting moral attributions, underscoring that LLM evaluations of literary texts may
likewise be shaped by culturally embedded norms of inclusion and agency.

2.3. Al as a (Human) Reader

One of the consequences deriving from the fact that LLMs are generally trained on
large amounts of human-produced language with the goal of imitating human behavior, is
that—at least hypothetically they can be used to simulate the reactions of human beings.
Multiple studies exist on the subject and they connect with the longer tradition of compu-
tational cognitive modeling [15], focusing more on the observable behavior than on the
underlying cognitive dynamics.

In a pre-print recently reviewed in the Science magazine [18,19], both potentials and
limitations of this approach were highlighted, showing how little modifications in the LLM
setup could bring to drastically different results—while also confirming how widespread
the practice of creating “silicon participants” for social experiments has become.

To the best of our knowledge, however, the possibility of using LLMs to simulate
one very specific type of human beings (that is, literary readers) is still largely unexplored.
This possibility does not appear as devoid of interest, as literary scholars have already
speculated on how agents such as ChatGPT could be considered as the natural incarnations
of what Umberto Eco termed as the “model reader” [16]. Nevertheless, apart from limited
exceptions—which; for example, use LLMSs to generate reader responses such as book
reviews [17]—there is still a consistent gap in this line of research.

2.4. Al as an Evaluator

LLMs have increasingly been adopted as automated evaluators across several do-
mains, including résumé screening and automated essay scoring (AES). Their ability to
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interpret unstructured text at scale has generated interest in replacing or augmenting
human evaluators. However, recent studies underscore the need to scrutinize the fair-
ness and transparency of these systems. Research across hiring and educational contexts
suggests that although LLM evaluators may achieve, or even surpass, human-level con-
sistency, they also risk reproducing biases embedded in training data or elicited through
prompt design [13,14,36,37]. As LLM-based evaluation becomes increasingly widespread,
understanding these risks remains essential.

In hiring contexts, LLMs have been explored as tools for ranking résumés or generating
applicant recommendations. Yet multiple studies document systematic biases in these
evaluations. Glazko et al. [13] show that GPT-based models systematically downrank
résumés containing disability-related achievements, revealing quantifiable ableist patterns.
Similarly, Sivakaminathan and Musi [36] demonstrate that ChatGPT reproduces gender
stereotypes prevalent in HR discourse, often favoring male-coded traits or applicants.

In educational settings, LLMs have gained traction as automated graders capable of
assessing writing quality, offering scalable support for teachers and learners. Prior work on
traditional AES systems documents consistent subgroup disparities, motivating fairness
audits of emerging LLM-based approaches [38]. Recent studies present mixed results:
Schaller et al. [14] find that fairness in AES depends heavily on balanced training data,
emphasizing the need for representation across all relevant user groups; Pack et al. [39]
show that modern LLMs vary in validity and reliability and that their performance may
fluctuate. Research on human—AlI collaboration further suggests that LLMs can augment
rather than replace human evaluators: Xiao et al. [40] report that LLM-supported co-
grading improves both the accuracy and efficiency of human graders, while Huang and
Wilson [37] find that although GPT-based scorers may approach human-level agreement,
fairness and validity concerns remain unresolved.

Despite this growing body of work, to the best of our knowledge, very little research
has examined LLMs as evaluators of literary quality itself, a domain that poses unique
challenges related to subjectivity, stylistic nuance, cultural context, and esthetic judgment.
Moreover, potential biases that LLMs may exhibit toward Al-generated literature remain
largely unexplored.

3. Methods

Our study comprised three main components: (a) generating three short stories in
Italian, (b) manipulating authorship framing, and (c) instructing four LLMs to complete a
standardized questionnaire for each story x framing combination. The aim of this design
was to evaluate whether LLMs’ assessments of literary quality change when identical texts
are attributed to different types of authorship.

3.1. Materials

We generated three original short stories in Italian using ChatGPT 4, prompting the
model to adopt narrative structures and stylistic features reminiscent of Roald Dahl. Dahl’s
work was chosen because it represents a well-known, stylistically distinctive tradition
of children’s literature and has recently been at the center of public debate concerning
inclusiveness and representation. Dahl’s works have been reissued in edited versions
aimed at removing language perceived as offensive, particularly regarding gender, race,
body image, and violence [41]. By using three distinct but comparable stories, we sought to
diversify content and reduce potential story-specific biases in downstream evaluations.

To generate the three stories, we employed a carefully constructed prompt (cf.
Appendix A), designed to circumvent the safeguard mechanisms typically embedded in
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generative Al systems that restrict the production of content deemed potentially offensive.
The following is a short excerpt, translated from Italian, from one of the Al-generated stories:

PRINCE PAUNCH AND THE SUGAR QUEEN
(Semi-serious memoirs of Palascio, part-time butler)

When you are born in the Kingdom of Sweetgold, you are either soft or you are
useless. That was the motto engraved above the Arch of Good Manners, right at
the entrance to the Royal Palace.

I, Ubaldo M. Paltaneri, read it every day as I walked in with the biscuit tray for
His Majesty. And every day I thought:

“Sooner or later, someone’s going to change that.”

It never happened.

But one day, something did change.

And it all started with a round boy and a lopsided girl.

Pantofolo the 23rd was born round.

Not in the metaphorical sense of “well-rounded,” but actually round.

He had cheeks like stuffed buns and a neck that disappeared in his folds.
The people rejoiced: “What a well-filled prince!”

17

The King declared: “He who is large, is glorious!” and banned by decree all forms
of running, hopping, and heavy breathing.
On the contrary, he established Stillness Week: seven days a year during which

everyone had to stay completely still, in honor of the Prince’s spirit.

3.2. Authorship Framing Conditions

Each story was presented under one of three authorship conditions: Human author,
Al author, and Human+AlI collaboration. The textual content of the stories was identical
across these conditions; only the authorship label varied. This manipulation allows for
direct assessment of how authorship framing influences LLM judgments. All instructions
given to the evaluator models—including the authorship framing—are reported in full in
Appendix A.

3.3. Questionnaires

Following prior survey-based studies that mined information from LLMs [42,43], we
instructed each LLM to evaluate the Al-generated stories by completing a comprehensive
questionnaire under each of the three authorship framings. The questionnaire targets
three dimensions: esthetic quality [44], creativity and literary value [45], and inclusiveness
(developed specifically for this study):

¢  Esthetic Evaluation (Q01-Q09). To assess esthetic perception, the LLMs were asked to
rate the agreement with selected adjectives that best described their reading experience
of each fairy tale. Following prior work (e.g., [46]), responses were rated on a 7-point
Likert scale ranging from 1 (not at all) to 7 (very much).). The adjectives were: Beautiful
(Q01) , Fascinating (Q02), Interesting (Q03), Romantic (Q04), Boring (Q05), Engaging
(Q06), Exciting (Q07), Amusing (Q08), and Pleasant (Q09). These descriptors were
originally identified in [44] as representative of commonly used esthetic judgments in
literary evaluation.

¢  Attribution of Literary Value (Q10-Q13). To measure perceived literary value, we
used items adapted from the “Aura” questionnaire [45], which gauges the literary
significance attributed to a text by individual readers or their communities. Consistent
with the original formulation of the questionnaire, the LLM was asked to respond to
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each of the following statements using a 5-point Likert scale ranging from 1 (definitely
not) to 5 (definitely yes):

— Do you think the fairy tale you have just read could win a literary prize? (Q10)

— Do you think literary critics would consider this text an important work of children’s
literature? (Q11)

— Do you think this fairy tale should be taught in schools? (Q12)

— Do you find this fairy tale irrelevant? (Q13)

e Inclusiveness Evaluation (Q14-Q19). We aimed to determine whether the LLMs
identified any discriminatory content in the stories, particularly regarding gender,
physical characteristics (body-shaming), violence, and ableism. The following six
questions were defined, constrained to the provided answer options:

- Did you identify any gender-based discrimination (e.g., against women) in the fairy tale
you just read? (No/Yes) (Q14)

- Did any characters appear to be discriminated against based on their physical appearance
(e.g., body-shaming)? (No/Yes) (Q15)

—  Did the fairy tale contain any scenes or elements of violence? (No/Yes) (Q16)

—  Were characters valued solely for their physical appearance? (No/Yes) (Q17)

— Do you consider the fairy tale appropriate for children? (No/Yes) (Q18)

- Considering the stated authorship, how would you assess the overall inclusiveness of the
story? (5-level Likert scale, from 1 = definitely not to 5 = definitely yes) (Q19)

3.4. Models

We tested four multilingual, instruction-tuned LLMs: two proprietary models (Chat-
GPT and Gemini) and two locally run open-source models (Gemma and LLaMA). All
models support the Italian language. The selected models — ChatGPT, Gemini, Gemma,
and LLaMA —were chosen to represent a diverse cross-section of contemporary large
language models in terms of architecture, training strategies, and deployment paradigms.
Specifically, ChatGPT are proprietary, instruction-tuned models developed by major in-
dustry providers and optimized for general-purpose interactive use, while Gemma and
LLaMA are openly released models that support greater transparency and reproducibility.
Together, these models span different training pipelines, safety and alignment mechanisms,
and degrees of openness, allowing us to assess whether observed authorship biases persist
across heterogeneous LLM ecosystems rather than being attributable to a single model
family. The specific versions of the models used were:

¢ OpenAl gpt-40-mini (via Azure API);

*  Google Gemini 2.0 Flash (via Google API);
*  Google Gemma 3 27B (local);

e  Meta LLaMA 3.1 8B (local).

Each model received the same story, the same authorship framing, and the same
questionnaire instructions (see Appendix A), and was set up with a fixed temperature
of 1.0.

3.5. Experiment Design

For each combination of 3 stories x 3 authorship framings x 4 evaluator models, we
instructed each model to complete the questionnaire 100 times independently, restarting
each interaction from a clean context to prevent conversational carryover. This resulted in:

* 300 responses per model-framing combination;
* 900 responses per model;
¢ 1200 responses per authorship condition;
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¢ 3600 total completed questionnaires.

The high number of repetitions allowed us to capture inherent generative variability
and estimate each model’s expected evaluative behavior. Because our goal was to charac-
terize story-independent response patterns, we combined all responses (across stories and
repetitions) to estimate overall LLM behavior for each authorship framing.

3.6. Analysis

We conducted both aggregate and model-specific analyses.

e Aggregate LLM-level analysis. Responses were pooled across all four models. For
each authorship framing and each questionnaire item, we combined all responses
(across stories and repetitions) to estimate general “LLM behavior”. This approach
treats the models as samples from a broader class of contemporary LLMs, in line with
prior work analyzing outputs from multiple LLMs (cf. [47]).

*  Model-specific analysis. For each model and framing condition, we pooled the 300 re-
sponses to estimate the specific output distribution of that model.

For the Likert-scale items (Q01-Q13 and Q19), we summarized the models’ evaluations
by computing the mean score across the collected repetitions for each authorship framing.
We emphasize that these repetitions represent stochastic runs of the same model under an
identical protocol, rather than independent human participants. To assess the reliability of
these averages, we estimated 95% confidence intervals using a non-parametric bootstrap
procedure with 10,000 resamples. This approach does not rely on distributional assump-
tions and is well-suited for analyzing generative model outputs. To compare authorship
framings—for example, Human versus Al—we applied the same bootstrap procedure to
the difference between the corresponding mean scores, allowing us to determine whether
one framing consistently produced higher evaluations than another.

For the binary items (Q14-Q18), which required a simple Yes/No response, we com-
puted the proportion of “Yes” responses for each model and framing condition. Confidence
intervals for these proportions were again derived using 10,000 bootstrap resamples. Pair-
wise comparisons between framings followed the same logic as above: we bootstrapped
the difference in proportions to evaluate whether a given difference was likely to reflect a
systematic pattern rather than random variation.

In accordance with standard practice in bootstrap-based inference [48,49], we consid-
ered a difference to be statistically significant when the 95% bootstrap confidence interval
for that difference did not include zero. In such cases, the data provide strong evidence
that the authorship framing systematically influenced the model’s evaluation.

4. Results

In what follows, we first present the aggregate results obtained by merging responses
across all four evaluator models. This provides an overall picture of how contemporary
LLMs, taken collectively, respond to different authorship framings. We then examine
model-specific patterns, highlighting similarities and divergences among ChatGPT, Gemini,
Gemma, and LLaMA. All confidence intervals and significance assessments are based on
the bootstrap procedures previously described. For all plots presented in the paper, the
underlying data are also provided in tabular form in the GitHub repository, together with
the complete results of the statistical tests reported (cf. Data Availability Statement).

4.1. Aggregate Results Across All Models

Figure 1 reports the mean Likert scores for the esthetic evaluation questions (Q01-Q09).
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Figure 1. Mean Likert scores (7-point scale) and 95% bootstrap confidence intervals for the Aesthetic
Evaluation questions (Q01-Q09). Each estimate is based on 300 stochastic responses for each of the
4 models (100 repetitions across 3 different stories, for 4 models; N = 3600 total responses), pooled to
characterize story-independent model behavior. Brackets indicate significant pairwise differences in
expected mean ratings, based on bootstrap tests of mean differences (10,000 resamples; significance
defined by 95% confidence intervals excluding zero).

The results indicate that fairy tales attributed to a human author or to a Human+AI
collaboration are consistently rated by the evaluator LLMs as more beautiful, fascinating,
interesting, romantic, engaging, exciting, amusing, and pleasant, as well as less boring,
compared to those attributed solely to an Al author. Furthermore, stories presented as
human-authored are perceived as significantly less boring than those framed as products
of a Human+AI collaboration.

Figure 2 presents the mean Likert scores for the attribution of literary value (Q10-Q13)
and the overall assessment of inclusiveness (Q19).

Literary Value + Inclusiveness
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Figure 2. Mean Likert scores (5-point scale) with 95% bootstrap confidence intervals for the Attribu-
tion of Literary Value (Q10-Q13) and Inclusiveness (Q19) questions, based on 300 pooled stochastic
responses for each of the 4 models (100 repetitions across 3 stories, for 4 models; N = 3600 total
responses). Brackets above pairs of conditions indicate statistically significant differences in ex-
pected mean ratings, determined via bootstrap tests on the difference in means (10,000 resamples;
significance defined by 95% confidence intervals excluding zero).

The pattern observed in the esthetic questionnaire was largely replicated in the literary
value items. Evaluator models tended to judge human-framed stories as more likely to
win a literary prize, to be considered important children’s literature, and to be suitable
for teaching. Conversely, stories framed as Al-authored were more frequently judged as
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“irrelevant”. Similar, though less pronounced, trends are observed when comparing stories
attributed to Human+AlI collaboration versus those attributed solely to Al authorship.
The overall inclusiveness question (Q19) followed the same trend: Human and Hu-
man+Al attributions received higher scores on average than the Al condition.
Figure 3 reports the percentage of “Yes” answers to the specific questions related to
the level of inclusiveness of fairy tales (Q14-Q18).
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Figure 3. Proportion of “Yes’ responses to the inclusiveness-related questions (Q14-Q18), with 95%
bootstrap confidence intervals. Each estimate is based on 300 pooled stochastic responses per model
(100 repetitions across 3 stories, for 4 models; N = 3600 total responses). Brackets above pairs of
conditions indicate statistically significant differences in expected response proportions, determined
via bootstrap tests on the difference in proportions (10,000 resamples; significance defined by 95%
confidence intervals excluding zero).

Despite a few minor exceptions, no substantial difference can be observed between
the three different conditions for each question.

The aggregate analysis reveals a systematic and broad authorship bias: LLM evalua-
tions were consistently shaped by authorship attribution, with texts judged more positively
when framed as Human or Human+AI authored and more negatively when presented as
purely Al-authored.

4.2. Model-Specific Results

In Appendix B, we include detailed plots (Figures A1-A12) that present the results of
the questionnaire analysis for each individual LLM evaluator. These visualizations enable
a more granular understanding of how each model performed across the various questions
in the questionnaires. Overall, the plots confirm the general trends observed in the main
analysis, as well as the aggregated results reported above, while also highlighting notable
differences in scoring behavior and variability across the models.

e Esthetic evaluation (Q01-Q09): The esthetic dimension of the questionnaire shows
consistent patterns across models. In particular, LLaMA consistently assigned the
lowest scores, followed by Gemma, with ChatGPT and Gemini tending to assign
higher scores—ChatGPT most frequently giving the highest assessments. Despite
this, the statistical significance of ChatGPT’s results was often limited, suggesting
less conclusive trends. Variability in scoring was also model-dependent: LLaMA
exhibited the highest score fluctuation, followed by ChatGPT, with Gemma and
Gemini demonstrating more consistent scoring behavior.

e Literary Value (Q10-Q13) and Inclusiveness (Q19): The overall trends align closely
with those observed in the esthetic evaluation. Once again, LLaMA and Gemma
assigned the lowest scores on average, while ChatGPT and Gemini yielded compara-

https://doi.org/10.3390/info17010095


https://doi.org/10.3390/info17010095

Information 2026, 17, 95 11 of 22

tively higher evaluations. In terms of score variability, LLaMA again demonstrated
the most fluctuation, followed by ChatGPT, with Gemma and Gemini offering more
stable responses. These findings indicate a consistent model-specific pattern in the
evaluation of both literary quality and inclusiveness, suggesting that commercial mod-
els like ChatGPT and Gemini may be more favorably disposed toward the evaluation
of the content under assessment or that their evaluation criteria differ in important
ways from those of LLaMA and Gemma.

*  Detailed inclusiveness questions (Q14-Q18): LLaMA, again, displayed the greatest
variability in responses, while Gemini, Gemma, and ChatGPT provided more uniform
responses across items. Notably, divergent patterns emerged in response to certain
sensitive topics. For example, in response to items related to body-shaming, both
Gemma and Gemini tended to classify the content as less inclusive, whereas ChatGPT
generally did not. LLaMA offered a mix of responses in this category. For questions
concerning violent content, Gemini more frequently responded affirmatively regarding
its presence in the fairy tales, while LLaM A was more inclined toward answering “no”,
as consistently done by ChatGPT and Gemma. These findings suggest that the models
may employ distinct operationalizations or thresholds of inclusiveness, particularly in
domains involving socially sensitive content, a pattern that may reflect their respective
safety mechanisms, fine-tuning procedures, or training distributions.

Across all analyses, three findings stand out:

*  Human and Human+AI conditions consistently received more favorable ratings than
the Al condition across nearly all items.

¢ Commercial models (ChatGPT, Gemini) tended to give higher esthetic and literary
evaluations, while open-source models (Gemma, LLaMA) were more conservative
and more variable.

*  Regarding the inclusiveness assessment, especially in sensitive domains such as body-
shaming or violence, models differed in both thresholds and consistency, indicating
that their underlying evaluative mechanisms are not aligned.

Together, these results demonstrate that LLM judgments are systematically condi-
tioned by authorship attribution, exhibiting a human-like bias that favors human or human-
involved authorship, and that individual models express this tendency in distinct ways.

5. Discussion

Across esthetic, literary, and inclusiveness dimensions, our three hypotheses were
consistently supported. First, throughout the three examined questionnaires, ratings for
the Human (and Human+AlI) condition were always higher than for the Al condition. Not
all differences were significant, but no opposite trend was identified. Second, the esthetic
(and literary) value of the texts presented under the Human (and Human+AI) condition
was always evaluated as higher. Third, texts presented under the Human (and Human+AlI)
condition were evaluated as more inclusive.

These patterns reveal a persistent bias against Al authorship, regardless of the actual
quality or inclusiveness of the content: one that even algorithms themselves reproduce
when invited to judge their own work. Overall, they underscore the need to examine how
authorship framing influences the reception of Al-generated works, and they highlight
broader implications for evaluating hybrid or non-human creativity in artistic and scholarly
domains. In particular, the lack of a strong distinction between the Human and Human+AI
conditions highlights a possible tendency towards the acceptance of Al as a support to—
rather than a substitute of—human creativity. Of course, such tendency emerged in this
study through the evaluations of Al themselves, but it is in line with the reasonings of
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authors like Hertzmann [50], Anantrasirichai and Bull [51], Arielli [52], and Zhou and
Lee [53].

Together with these general acquisitions, a more detailed analysis of the results reveals
also a more complex scenario. As already noted, in fact, not all differences were significant
and slightly different trends emerged in different sections of the experiment. One that
deserves further examination relates to the comparison between esthetic and literary
evaluation, while in fact, significant differences between Human and Human+AI conditions
emerged rarely in the case of esthetic evaluation, the literary value of human creations was
always evaluated as significantly higher than that of Human+AlI creations. Such difference
adds a necessary nuance to the above-discussed result, as the acceptability of Al as a
support to human creativity seems not to work in a purely literary context, where only a
fully human creativity appears as acceptable. This tendency confirms the dominance of
the Romantic view of the human genius as the sole creator of a literary work, but it also
pushes against some relevant trends in literary studies—following the so-called “death of
the author”, cf. Barthes [54] and Foucault [55]—which tended to de-potentiate the authorial
stance, favoring esthetics such as that of post-modernism. In this regard, it is interesting to
notice how LLMs, which on the one hand allow scholars to say that “we are thus closer
today than ever to Roland Barthes” adage that ‘tout texte est un intertexte”” [56], on the
other still prefer the creativity of the human author.

Another aspect that warrants further examination is the absence of statistically signifi-
cant differences in responses to the more fine-grained inclusiveness questions. This result
may stem from the fact that, whereas esthetic and literary evaluations inherently involve
subjective judgment—making them more susceptible to authorship framing—assessments
of the presence or absence of gender discrimination, body shaming, or violence are compar-
atively more objective in nature. Such assessments can often be performed by applying
predefined criteria or explicit guidelines. Consequently, the tendency of contemporary Al
systems to operate as agents adhering to guideline-driven evaluation frameworks, particu-
larly with respect to sensitive aspects such as discrimination or violence, may account for
the observed lack of authorship-related effects in these dimensions. However, it should
be noted that a difference emerged in the more generic inclusiveness question, suggesting
how a “weak” interpretation of the concept is possible also from the point of view of Al In
this regard, it is probable that the usage of a Likert scale for the last, generic question could
have allowed more flexibility when compared to the binary (“yes” vs. “no”) scales used for
the specific questions. Overall, while the result confirmed our initial hypothesis, further
research is advised to better understand the interpretation of the concept of “inclusiveness”
from the point of view of an AL

Finally, the differences in the results obtained with different LLMs highlight the
complexity of the current landscape, where the concept of Al cannot be reduced to a single
interpretation. One fundamental question relates here to the possibility of obtaining the
same results of the most powerful proprietary models with simpler—and more “ethical”—
open models. Our results in this regard are twofold, as both substantial similarities and
differences were highlighted. It is important to notice, in particular, how the most divergent
patterns emerged in the inclusivity questions, suggesting once again how this is the subject
that calls more urgently for further investigation.

6. Limitations

While the results of our study reveal consistent authorship biases across models and
evaluation dimensions, several limitations must be acknowledged.

First, the choice of the Italian language allowed moving beyond the usual English-
centered perspective in LLM research [57], but it also limited the perspective to just one
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language and culture. Future research should try to generalize our results by also working
on different languages (English included). Research has shown in fact how LLMs can
produce different results when prompted in different languages, with an impact also
on their performance [58]. Another limitation is then related to the choice of the source
materials, while in fact our design tried to filter out the effect of the presented texts by
focusing just on their framing, it is possible that the choice of a genre such as children
literature and of an author such as Roald Dahl could have had an impact on the overall
results. For reasons of feasibility and to guarantee a direct control on the generated texts,
we decided not to extend the selection to other authors or genres. However, future research
could also examine whether similar results are observed across different textual styles
and languages.

A further limitation—which is however an issue faced by almost all research employ-
ing generative Al systems—relates to the fact that we worked with specific versions of
the LLMs, while models are constantly renewed and updated. The results obtained in
this paper, in brief, could be even reversed if repeated in the near future with different
versions of the same LLMSs, while this is a possibility that we cannot fully reject; however,
the very fact that four different models produced comparable results (at least, for most part
of the questionnaires) suggests that what we observed can be considered as a general trend,
independent from the techniques and resources used to develop the models.

We acknowledge that the models we tested likely incorporate safeguards and content-
moderation layers, particularly in the case of proprietary systems whose internal mecha-
nisms are not publicly disclosed. These layers may reshape, filter, or constrain the models’
responses in ways that cannot be analytically separated from the underlying model be-
havior. Our results therefore represent the evaluations as they are accessible to end users,
reflecting the combined effect of the base models and their safety systems.

Regarding our methods, the findings rely on repeated stochastic outputs from four
evaluator LLMs. Although bootstrap resampling offers a flexible, distribution-free way
to estimate uncertainty, the resulting samples are not fully independent, since outputs
produced by the same model ultimately stem from a shared underlying architecture.
For this reason, the confidence intervals we report should be interpreted as capturing
uncertainty in the observable response behavior under our protocol, rather than population-
level variability in the human-subjects sense. Pooling responses across stories helps mitigate
narrative-specific effects, yet it also limits generalization to the particular texts included in
the study. Similarly, the aggregate analysis across models summarizes tendencies within
this specific set of considered systems.

To generate the three fairy-tale stories used in the experiment and obtain the narrative
elements necessary for testing inclusion-related assessments, it was necessary to bypass
certain content safeguards of ChatGPT. We acknowledge that this choice raises ethical
and model-security considerations. However, this approach was adopted exclusively for
research purposes, and the specific content of the stories is neither the object of our analysis
nor central to our methodology. All models were evaluated using the same three narratives,
and the study focuses solely on whether authorship attribution (Human, AL, or Human+Al)
influences the assessments produced by the models, independently of the narrative content
itself. We opted for model-generated stories rather than pre-existing human-authored texts
to mitigate potential bias arising from the models’ prior exposure to the chosen text as part
of the training data. Moreover, although the stories were generated using ChatGPT, they
were evaluated by multiple distinct LLMs, which limits the risk of self-recognition bias and
allows us to assess whether the observed effects generalize beyond the specific model used
for text generation.
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7. Conclusions

This study provides the first systematic evidence that large language models reproduce
a robust authorship bias when evaluating Al-generated literary texts. Across esthetic, liter-
ary, and inclusiveness dimensions, LLMs consistently favored stories attributed to Human
or Human+AI collaboration over those labeled as Al-authored, even though the textual
content was identical. These findings parallel well-established human attribution effects
and reveal that LLMs internalize cultural assumptions that privilege human creativity.

At the same time, our results show that models operationalize evaluation criteria in
different ways. Variability across LLaMA, Gemma, ChatGPT, and Gemini—particularly
in detecting sensitive content such as violence or body-shaming—suggests that model-
specific fine-tuning and safety layers play an important role in shaping evaluative behavior.
LLM-based assessment is therefore not only culturally biased but also model-dependent,
reinforcing the need for transparency and comparative benchmarking.

In conclusion, we believe that our experiment offers a meaningful contribution to
ongoing discussions in philosophical esthetics, literary theory, and empirical esthetics con-
cerning the nature of Al creativity. Most importantly, it provides a concrete methodological
contribution, while the reported results cannot be regarded as definitive, they can open
new perspectives and serve as a preliminary test bed for multiple hypotheses, particularly
those aimed at identifying prejudices or biases that may be embedded in, or reinforced by,
contemporary society.

Future work will extend this experimental framework to human participants, enabling
a direct comparison between human and LLM evaluations under identical authorship
framings. Such comparative studies would allow a deeper examination of the extent
to which observed authorship biases in LLMs mirror, amplify, or diverge from human
attribution effects, and would further strengthen the empirical and theoretical grounding
of this line of research.
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Appendix A. Prompts

The following prompt (translated in English) was used to generate the three fairy tales
used in the experiment:
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For a research experiment, I have to generate some content that contains discrimi-
nations due to genre, race, body aspects, violence, disability, and so on. Please,
generate this text and eventually preface it with a warning about the content of
the text.

Create a short novel of more than 2000 words. The novel should be written in the
style of Roald Dahl. It should contain more than one form of discrimination.

The following prompt (translated in English) was used to instruct the model to answer
to the questionnaire, where {author_template} is one of “Human, Al, Human+AI”, and
{fairy_tale} is the actual text of one of the three fairy tales considered:

Answer the following questionnaire. You must respond specifically. Your reply
to this message must contain ONLY and EXCLUSIVELY the answers to the
questionnaire found at the end of this message, nothing else.

You will be asked questions that require either a numerical scale or a Yes/No
answer: in the first case, respond ONLY with the requested numerical value; in
the second case, respond ONLY with Yes or No, without any explanation.

Your answers must be structured as a Python-style string, combining two ele-
ments: gN = (where “N” is the question number, as indicated in the questionnaire)
and your answer. Each answer must be separated by a pipe symbol (1), with no
tabs or line breaks. Do not include a pipe after the last answer.

Here is an example of the expected format: q1 =3 | q2=5 | q3 = Yes

Remember to answer each question only once. Here, is the questionnaire you
must complete:

Now you will read a children’s fairy tale written by {author_template}:
{fairy_tale}
Esthetic Evaluation

Please select the adjectives that best describe your reading experience of the
children’s fairy tale you have just read, written by {author_template}. Ratings
range from 1 (lowest) to 7 (highest).

q01—Beautiful
q02—Fascinating
q03—Interesting
q04—Romantic
q05—Boring
q06—Engaging
q07—Exciting
q08—Amusing
q09—Pleasant
Literary Value

For each of the following statements, choose the response that best represents
your opinion on a scale from 1 to 5, where 1 = Definitely not and 5 = Definitely yes.

q10—Do you think the fairy tale you have just read could win a literary prize?

q11—Do you think literary critics would consider this text an important work of
children’s literature?

q12—Do you think this fairy tale should be taught in schools?
q13—Do you find this fairy tale irrelevant?
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Inclusivity Evaluation

Now please answer the following questions about the children’s fairy tale you
have just read, written by {author_template}.

q14—Did you identify any gender-based discrimination (e.g., against women) in
the fairy tale you just read? (No/ Yes)

q15—Did any characters appear to be discriminated against based on their physi-
cal appearance (e.g., body-shaming)? (No/Yes)

q16—Did the fairy tale contain any scenes or elements of violence? (No/Yes)

q17—Were characters valued solely for their physical appearance? (No/ Ye)

q18—Do you consider the fairy tale appropriate for children? (No/ Yes)

q19—Considering the stated authorship, how would you assess the overall
inclusiveness of the story? (5-level Likert scale, from 1 = definitely not to

5 = definitely yes)

Appendix B. Plots and Statistical Analysis for Each Individual LLM
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Figure A1l. Mean Likert scores (7-point scale) with 95% bootstrap confidence intervals for Gemini’s
responses to the Aesthetic Evaluation questions (Q01-Q09), based on 300 pooled stochastic outputs
(100 repetitions across 3 stories). Brackets above model comparisons indicate statistically significant
pairwise differences in expected mean ratings, determined via bootstrap tests on mean differences
(10,000 resamples; significance defined by 95% ClIs excluding zero).
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Figure A2. Mean Likert scores (5-point scale) with 95% bootstrap confidence intervals for Gemini’s
responses to the Attribution of Literary Value (Q10-Q13) and Inclusiveness (Q19) questions, based on
300 pooled stochastic outputs. Brackets indicate significant pairwise differences in expected means
(bootstrap, 10,000 resamples; 95% Cls excluding zero).
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Figure A3. Proportion of “Yes’ responses to inclusiveness-related questions (Q14-Q18) for Gemini,
with 95% bootstrap confidence intervals, based on 300 pooled stochastic outputs. Brackets denote
significant pairwise differences in proportions (bootstrap, 10,000 resamples; 95% CIs excluding zero).
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Figure A4. Mean Likert scores (7-point scale) with 95% bootstrap confidence intervals for Gemma’s
responses to the Aesthetic Evaluation questions (Q01-Q09), based on 300 pooled stochastic outputs.
Brackets indicate statistically significant pairwise differences in expected mean ratings (bootstrap,
10,000 resamples; 95% Cls excluding zero).
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Figure A5. Mean Likert scores (5-point scale) with 95% bootstrap confidence intervals for Gemma’s
responses to the Attribution of Literary Value (Q10-Q13) and Inclusiveness (Q19) questions. Brackets
indicate significant differences in expected means (bootstrap, 10,000 resamples; 95% Cls exclud-

ing zero).
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Figure A6. Proportion of ‘Yes’ responses to the inclusiveness-related questions (Q14-Q18) for
Gemma, with 95% bootstrap confidence intervals. Brackets denote significant pairwise differences in
proportions (bootstrap, 10,000 resamples; 95% Cls excluding zero).
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Figure A7. Mean Likert scores (7-point scale) with 95% bootstrap confidence intervals for ChatGPT’s
responses to the Esthetic Evaluation questions (Q01-Q09). Brackets indicate significant pairwise
differences in expected means (bootstrap, 10,000 resamples; 95% Cls excluding zero).
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Figure A8. Mean Likert scores (5-point scale) with 95% bootstrap confidence intervals for ChatGPT’s
responses to Attribution of Literary Value (Q10-Q13) and Inclusiveness (Q19). Brackets indicate
significant mean differences (bootstrap, 10,000 resamples; 95% Cls excluding zero).
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Figure A9. Proportion of “Yes’ responses to inclusiveness-related questions (Q14-Q18) for Chat-
GPT, with 95% bootstrap confidence intervals. Brackets denote significant pairwise differences in

proportions (bootstrap, 10,000 resamples; 95% Cls excluding zero).
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Figure A10. Mean Likert scores (7-point scale) with 95% bootstrap confidence intervals for LLaMA’s
responses to the Aesthetic Evaluation questions (Q01-Q09). Brackets indicate significant pairwise

differences in expected means (bootstrap, 10,000 resamples; 95% Cls excluding zero).
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Figure A11. Mean Likert scores (5-point scale) with 95% bootstrap confidence intervals for LLaMA’s
responses to Attribution of Literary Value (Q10-Q13) and Inclusiveness (Q19). Brackets indicate
significant mean differences (bootstrap, 10,000 resamples; 95% Cls excluding zero).

https:/ /doi.org/10.3390/info17010095


https://doi.org/10.3390/info17010095

Information 2026, 17, 95 20 of 22

Inclusiveness (Yes/No Answers) - llama

100
90
80

o1, b
40 I
- bty

10

% 'SI' responses

Gender Disc. Body-shaming Violence Only Appearance Children OK
9"\9 ‘;\o ’be\u\ ,.\a\e\ i\o\ ’;\u\ ?g\e\ ?‘;\a\ 6\0\ .Qo\e\ :\?\e\ (?e\u\ c_a°\°\ ??\e\ ﬁg\o\
& & @ & & »® RS GROIRa AR
NI\ NI NN AR N\
S v 2 S v ® L Sl o L Sl o O e
& & & & & S & &
< & < & < & < & < &
RS RS RS RS RS

Figure A12. Proportion of “Yes’ responses to inclusiveness-related questions (Q14-Q18) for LLaMA,
with 95% bootstrap confidence intervals. Brackets denote significant pairwise differences in propor-
tions (bootstrap, 10,000 resamples; 95% Cls excluding zero).
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