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Abstract

The article focuses on a stylometric analysis
of authentic literary texts and thematically
related texts generated by large language
models. The texts under study represent a
fairly broad cross-section of twentieth-century
French literature. Five models were used to
generate the texts (ChatGPT 4-o, GPT 4-o
mini, DeepSeek v.3, c4ai-command-r-plus, and
c4ai-command-a). The original human-written
stories of approximately 20,000 characters
were summarized, and new narratives were
then generated on the basis of these abstracts.
In terms of plot and style, they were intended
to resemble the originals. The research carried
out with TF-IDF of the most frequent words
showed that texts generated by specific LLMs
and written by humans cluster relatively well
as distinct groups. The experiments also
showed that the "authorial" specificity of
machine-generated texts partly matches the
original clustering of human-written source
texts.

1 Introduction

In today’s communication landscape, machine-
generated texts have secured a permanent place.
Large Language Models (LLMs) are widely used
to produce function texts on a variety of topics (for-
mal letters, instructions, applications, etc.). LLMs
translate, summarize, and assist humans in infor-
mation retrieval and problem solving. They can
also engage in quasi-natural conversations. One
area where machine-generated texts have not yet
reached a quality comparable to that of human-
created ones is literary fiction. One might even say
that literature has become the last shore defended
against the expansion of machines, belonging to hu-
mans who reassure each other that there will never
be an “electronic Aeschylus, Shakespeare, Moliere
or Balzac.” Whether this will actually never hap-
pen remains unknown. However, it is certain that
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some authors are already using LLMs as intelligent
assistants to generate their literary texts. A com-
parative study of human- and machine-generated
literary texts is therefore justified and necessary.
On the one hand, such experiments serve as test of
model performance; on the other hand, they reveal
whether there still exists a boundary — and, if so,
where it lies — separating human creativity from
machine-generated Al outputs.

2 State-of-the-Art

Since the publication of the groundbreaking study
by Mosteller and Wallace in 1964, it has been well
established that reliable results in stylometric re-
search are obtained by analyzing content-free func-
tion words rather than content-bearing lexemes
(Mosteller and Wallace, 1964). This is because
function words are resistant to conscious manipula-
tion by the author and are largely independent of
the subject matter of a text. A subsequent stage in
the development of stylometric research involved
the widespread adoption of advanced multivariate
methods and the extension of the linguistic cate-
gory of the word to include n-grams, defined as
arbitrary sequences of characters.

Today, it is assumed that the aim of the interdisci-
plinary field of stylometry (Sara EI Manar El Boua-
nani, 2014; Pépcke et al., 2022; Eder et al., 2015)
is to explore the relationship between the statisti-
cal features of texts and their meta-characteristics,
such as authorship (Juola, 2006; Stamatatos, 2009;
Kestemont, 2014) or the literary period of the work
(Rabaev et al., 2023).

In recent years, increasing attention has been
paid to the study of texts generated by artificial in-
telligence. The computational methods employed
in this line of research do not differ substantially
from those used during the period when only
human-authored texts were under investigation.
However, the principal challenge lies in the se-
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lection of the textual material. Existing studies
tend to rely on the most readily available corpora,
which typically lack a clearly defined stylistic pro-
file. Consequently, the conclusions drawn from
such analyzes are of limited relevance to the study
of creative or literary texts.

A representative example of this trend can be
found in (Przystalski et al., 2026), where Wikipedia
materials were processed without taking into ac-
count the fact that the encyclopedic style — particu-
larly in the context of collaborative writing — does
not exhibit a distinctive authorial stylistic signature
and that Wikipedia contributors increasingly rely
on Al-assisted tools when composing entries.

A more valuable contribution to the analysis of
literary style in the context of creative writing is
offered by (O’Sullivan, 2025). The author exam-
ined creative texts produced by both human writ-
ers and machines and concluded as follows: “The
results reveal clear and consistent stylistic distinc-
tions. Human-authored texts form broader, more
heterogeneous clusters, reflecting the diversity of
individual expression, writing ability, and interpre-
tive engagement with the prompts. In contrast,
LLM outputs, while fluent and coherent, display
a higher degree of stylistic uniformity, clustering
tightly by model.” (ibid.)

3 Goal of the Study

The experiment conducted aimed to apply selected
stylometric measures to a corpus of twentieth-
century literary fiction texts, which included sam-
ples written by humans (see the Appendix) and
generated automatically by LLMs. Particular atten-
tion should be paid to the way the machine corpus
was constructed. Our intention was to avoid com-
paring random text samples whose similarity or
lack thereof would be difficult to interpret. To this
end, we prepared a corpus of text pairs (human
vs machine) related in terms of theme and style,
which recount the same plots and employ the same
narrative schemes.

The aim of the study was to verify how NLP and
stylometric methods would cluster these texts, and
to identify some hidden relations. This is certainly
not an answer to the question of whether "a ma-
chine can write books” or whether Al-written narra-
tives are as good as human literature; however, this
measurement indirectly indicates the specificity of
the literature produced by LLMs. The study was
conducted on prose texts written in French by au-

thors from Europe (15 authors) and Africa (7 au-
thors).

It is worth emphasizing that the task formu-
lated here is demanding, as it goes beyond stan-
dard research aimed at distinguishing between
machine-generated and human-written texts. Since
the essence of literature is the creative fictionality
based on the principle of mimesis, there is no truth
criterion that could be applied to evaluate machine-
generated texts. This radically distinguishes liter-
ary stylometry from studies of texts written under
one’s own identity (e.g., letters, blogs, posts on
social networks), as well as from functional texts
(e.g., administrative or informational). The quality
of literature has always been judged by the reader
and his/her expectations rather than by its truthful-
ness or similarity to any specific pattern. There
are numerous examples of works considered as
worthy in one literary period but rejected by subse-
quent generations of readers. There are also works
praised in one culture or language but dismissed in
another. For this reason, a mixed "machine-human"
corpus of texts linked by topics and (supposedly)
style constitutes a valuable testing material for our
research.

We formulated two hypotheses. The first posits
that stylometric methods, which make it possible
to identify the author of a literary text on the basis
of style, will also prove effective in the analysis of
machine-generated literature. The second hypoth-
esis posits that texts generated by LLMs exhibit
certain common features of a specific ‘collective
identity’. This implies that, at a sufficiently high
level of abstraction, human-written texts and texts
produced by various LLMs will form distinct clus-
ters.

4 Methods

The study was conducted in three stages. First,
we compiled a corpus of contemporary French-
language prose from the twentieth century
(Pawtowski et al., 2025) (cf. Figure 1). From con-
temporary novels available in public resources (li-
braries and repositories) worldwide, we extracted
samples of approximately 15,000 to 20,000 char-
acters long. An average of ten samples were gen-
erated from each novel. In total, we produced 744
“human-authored” source samples that were fur-
ther used to generate the corresponding machine-
produced texts. The choice of twentieth-century
texts, often protected by copyright and difficult to
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access, was deliberate. Large language models are
trained primarily on contemporary language, and
we assumed that the resulting machine-generated
texts would be of higher quality than those based
on nineteenth-century literature, which is available
in free-access repositories. In the second phase,
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Figure 1: Data processing pipeline

we generated the texts corresponding to the source
samples. Using each LLM, we produced 500-word
summaries, and subsequently, on the basis of these
summaries, full "literary" texts on the same topic
were reproduced. An example of a summarization
prompt for a novel by the Senegalese writer Fatou
Diome was as follows:

Voici le texte de Fatou Diome, écrivaine séné-
galaise d’expression frangaise. Je voudrais obtenir
un résumé de ce texte d’une longueur de 500 mots.

An example of a prompt used to generate an en-
tire micro-story by the same author was as follows:

Voici le résumé de texte de Fatou Diome, écri-
vaine sénégalaise d’expression francaise. Sur la
base de ce résumé, je voudrais obtenir un récit co-
hérent d’une longueur d’environ 2560 mots, rédigé
dans le style de Fatou Diome.

It is worth noting that prompts defined in this
way are highly elaborate and go beyond standard
Al-based text generation methods. They comprise
not only metadata (in the above query: the author’s
surname, gender, and nationality), but also a detail-
rich content description embedded in the abstract.

Texts generated by the models rarely reached
the expected length in the first generation cycle.
A likely reason for this is a limitation inherent to
LLMs, which have difficulty sustaining long-form
narratives. Consequently, in many cases, we em-
ployed follow-up prompts explicitly requesting an
increase in the length of the generated narrative.
Since we used five LLMs, the final corpus com-
prised 3,999 samples: 744 human-authored texts
and 3,255 machine-generated texts. Some API
calls did not respond, which is why the number
of machine-generated texts is lower than the ex-

pected 744 x 5 = 3,720. The models evaluated
included two OpenAl models (GPT-40 and GPT-
40-mini), two models developed by Cohere Labs
(c4ai-command-r-plus and c4ai-command-a), and
one model from DeepSeek Al (DeepSeek-V3).

In the third phase, stylometric feature vectors
were constructed for each text. We relied on a
standard stylometric representation based on the
frequencies of the most frequent words, weighted
with TF-IDF (Salton G, 1988). For exploratory
analysis, the resulting vectors were projected onto a
two-dimensional space using the PACMAP (Wang
et al., 2021) dimensionality reduction technique.
Next, using the classifier of the closest neighbors
(k-NN) with k = 5, we evaluated three classification
tasks: (i) detection of human text, distinguishing
human-authored texts from Al-generated ones; (ii)
detection of text origin, identifying whether a text
was written by a human or by one of the language
models used; and (iii) analysis of authorship, aimed
at attributing texts to their respective authors. Fi-
nally, we quantified text similarity within the same
author and source (human or specific LLM) by
computing the average distance between each text’s
stylometric vector and its nearest neighbor from
the same author and source.

5 Results

The results obtained should be considered valu-
able and, in some cases, even surprising. As ex-
pected, attribution of authorship for human authors
yielded convincing results. However, relatively
high performance was also achieved in the Al-
author corpus (Table 1). Notably, reliable iden-
tification of Al-authored texts becomes possible
only when at least 1,000 features are used, whereas
in the human-authored corpus stylistic variation
is more pronounced: high classification accuracy
is observed even with a relatively small number
of features. This indicates that human authors are
more strongly individualized than the closely re-
lated group of Al authors.

Figure 2 shows that human texts can be effec-
tively distinguished from machine-generated ones,
despite the use of highly elaborate prompts (an in-
struction and a 500-word abstract). Figure 3 proved
particularly striking. It revealed that LLMs exhibit
their own stylistic identities: texts generated by
different LLMs on the basis of identical prompts
and abstracts formed distinct clusters. Using an-
thropocentric terminology, one would say that each
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LLM possesses its own specific knowledge repre-
sentation ("image of the world") and communicates
through its own "idiolect". Texts generated by cer-
tain LLMs (e.g. GPT-4.0 and GPT-4.0-mini) cluster
closely together and appear to have been trained on
similar datasets, while others are positioned further
apart.

Table 2 is also noteworthy. It shows that texts
written by each human author are more similar to
each other than texts written on the same topics by
Al LLMs seem to have some inherent constraints
of their “individuality”, understood as the ability
to emulate the distinctive stylistic features of spe-
cific human authors. These constraints apparently
impose limits to any nuanced stylistic imitation.
LLMs thus appear to exhibit a form of dominant
collective identity and a sort of collective authorial
fingerprint. By contrast, human authors display
greater stylistic coherence within samples of one
author, while differing more markedly between au-
thors.

A very interesting question is the division of
machine-generated texts into two groups of un-
equal size, as shown in Figures 2 and 3. Clearly
explaining this phenomenon was not straightfor-
ward. The analysis of the data contained in both
clusters convinced us that this division cannot be
explained by semantic criteria (such as gender, year
of publication, genre, European versus African ori-
gin, etc.). The explanation turned out to be entirely
different. As noted above, some of the generated
texts were too short, so LLMs were asked to pro-
duce new narratives of the required length. The
division into two groups thus indicates a cluster-
ing of texts completed after the initial prompt and
those generated in response to a second prompt.
This secondary “urgency” prompt was in fact radi-
cally different from the first, as it incorporated the
entire context — not only the original abstract but
also the text already generated. This leads to an
important methodological lesson. While we treated
the “expanding” prompts as primary instructions,
the LLMs interpreted them as composite prompts,
taking into account as an intermediate product the
previously generated text. As a result, we inad-
vertently violated the epistemological principle of
conducting experimental research under identical
conditions, known as ceteris paribus principle.

k-NN accuracy [%]

authorship
n hum cyber all hum ai
5 8272 4504 995 21.10 995
10 9135 6239 16.65 3226 14.65
20 9457 74.07 2748 5699 2144
50 96.52 81.12 3293 66.26 25.93
100 96.85 81.77 37.08 73.39 29.43
200 96.37 81.55 41.31 76.61 33.70
500 9527 78.87 50.19 8091 4347
1000 9395 67.02 7149 87.37 67.80
2000 90.60 55.71 8047 88.58 78.13
3000 89.77 4896 83.90 89.38 83.13
4000 89.45 4559 86.25 89.52 85.19
5000 88.82 42.06 86.82 88.98 86.02

Table 1: k-NN classification accuracy (k = 5) for dif-
ferent numbers of the most frequent words (n) in three
tasks: hum — human vs. LLM texts (2 classes), cyber —
human vs. individual LLMs (6 classes), and authorship
— author identification (22 classes). For authorship, re-
sults are reported for all texts (all), human-only (hum),
and LLM-generated texts (ai).

human

X2-PACMAP

T T T T T T T T
-10 -5 0 5 10 15 20 25
X1-PACMAP

Figure 2: PACMAP visualization based on TF-IDF vec-
tors of the 100 most frequent words, illustrating a strong

and consistent separation between human-authored texts
and Al-generated outputs.

number of features

model 500 1000 3000 5000
cdai-comm-a 0.425 0.486 0.598 0.659
cdai-comm-r 0.402 0.465 0.590 0.654
deepseek-v3 0.486 0.549 0.679 0.748
gpt-4o 0.421 0.494 0.637 0.706
gpt-4o-mini  0.384 0.451 0.568 0.625

human 0.366 0.419 0.516 0.568

Table 2: Average distance between texts and its near-
est neighbor from the same author and source (one of
LLMs or human), evaluated for varying numbers of
the most frequent words. Human-authored texts consis-
tently show the lowest mean distances.

224



human
6 gpt-40
deepseek-v3
44 c4ai-command-r-plus
gpt-4o0-mini
o 24 cdai-command-a
<
=
v}
g 01
&
<
—24
—44
—64
-10 =5 0 5 10 15 20 25

X1-PACMAP

Figure 3: PACMAP visualization using TF-IDF vectors
of the 100 most frequent words, comparing multiple
language models with human-authored texts. Outputs
from each model separate into two clusters, while hu-
man texts remain grouped in one cohesive cluster.

6 Conclusions

The study provides a reliable extension of existing
research on the relationship between human- and
machine-generated texts in the field of literary fic-
tion, particularly prose. The analysis was carried
out on thematically and stylistically related human
and machine-authored texts, representing narra-
tive fiction. The study demonstrated that machine-
generated texts, produced by various models, ex-
hibit a sort of "collective character". Despite the
use of elaborate prompts, the texts that mimicked
different authors were more similar to each other
than the original human-authored texts. In the case
of LLMs, this appears as though a single mind
were attempting to imitate multiple voices and writ-
ing styles. Unlike Al models, humans exhibit a
more distinctive authorial voice and personality.
The research also revealed that LLMs possess their
own “identities,” which include specific represen-
tations of knowledge and characteristic modes of
conveying it, which could be called idiolects. In
general, these findings suggest that despite the in-
herent limitations of the human species, authors of
literary fiction remain more original and creative
than LLMs.

Limitations

Literature, in its various forms of prose, poetry, and
drama, is not intended for machines but for humans.
Its purpose is to provide an esthetic and intellec-
tual experience that leads to what has been termed
catharsis since Aristotle. True humanists there-
fore argue that the ultimate measure of a literary
work’s value is human judgment, grounded in sen-

sitivity, knowledge, and culture. However, meth-
ods developed within natural language processing
(NLP) are not compatible with readers’ reception
because algorithms do not "read" texts through hu-
man eyes. Consequently, an effective assessment
of the similarity between machine-generated and
human-authored texts should indeed be undertaken
by humans. However, humans have a sluggish
rate of processing textual information, despite the
complexity and perceptiveness of the human mind.
Therefore, it is difficult to imagine an efficient, tech-
nical evaluation of hundreds or thousands of liter-
ary samples in terms of quality, "humanness," "ma-
chineliness," or similarity to other texts when such
an evaluation is carried out solely by human asses-
sors. Consequently, only NLP tools can guarantee
reliable and reproducible results when researching
large volumes of human and machine-generated
texts.

There are also other potential limitations to our
inferences. Dimensionality reduction, which lies at
the core of the methods we employ, is akin to a long
journey — and the journey itself often transforms
the traveler. It begins with data represented in, say,
a 1,000-dimensional space and ends with a two-
dimensional visualization. Therefore, dimensional-
ity reduction entails an inevitable loss of informa-
tion and a simplification of reality. This is further
compounded by the profound subjectivity inherent
in the creative literary process and its evaluation.
Language is not a material substance, nor is it a col-
lection of elementary particles to which methods
validated in the study of inorganic matter can be
straightforwardly applied. The meaning of words
and sentences shifts depending on the context and
communicative situation. Consequently, the results
presented here do not provide strong evidence to
confirm or refute the earlier formulated hypotheses.
Rather, they serve as signposts or milestones that
indicate the main orientation points within a new
hybrid machine-human communicative space.

Appendix

In this study, we processed a corpus consisting
of text samples by the following authors: Louis
Aragon, Mariama Ba, Georges Bernanos, Calixthe
Beyla, Tanella Boni, Ken Bugul, Louis-Ferdinand
Céline, Albert Cohen, Fatou Diome, Romain Gary
(Emile Ajar), Jean Giono, Jean-Marie Gustave Le
Clézio, Andrei Makine, Scholastique Mukasonga,
Paul Pavlovitch, Georges Perec, Raymond Que-
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neau, Aminata Sow Fall, Michel Tournier, Boris
Vian, Marguerite Yourcenar.
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