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1 Introduction

In recent years, texts produced by generative AI
tools have established a large presence in various
professional fields (Gasparini et al., 2025; Kas-
neci et al., 2023). Prior research has found that
large language models (LLMs) generate text with
a unique linguistic structure that is often different
from the linguistic makeup of texts written by hu-
mans (Terčon and Dobrovoljc, 2025b; André et al.,
2023; Herbold et al., 2023; Liu et al., 2023; Muñoz-
Ortiz et al., 2024). A key question connected to
this topic relates to the level of linguistic diver-
sity within AI-generated texts (AIGT) compared to
human-written texts (HWT). Several studies have
noted that AIGT contains a lower linguistic rich-
ness compared to HWT and that this discrepancy
may affect human linguistic expression in the fu-
ture (Guo et al., 2025; Jon and Bojar, 2026). It is
therefore becoming integral to study the extent to
which LLMs produce less diverse text compared
to human authors.

Several previous studies have already addressed
this topic, often reporting that the level of lexical
diversity is generally lower in AIGT compared to
HWT (André et al., 2023; Liu et al., 2023; Muñoz-
Ortiz et al., 2024; Liao et al., 2023—refer to Terčon
and Dobrovoljc, 2025b for a broader overview)
with a similar trend holding true also for syntactic
and semantic diversity (Guo et al., 2025). While
the extant research has most often been conducted
for AIGT generated in English, there is a signifi-
cant lack of research that looks at AIGT in other
less-studied languages. Given this, the present arti-
cle extends this line of research to Slovenian and
English, examining whether the same patterns of
linguistic diversity arise in both languages.

In what follows, Section 2 introduces the meth-
ods employed to conduct the experiments, Sec-
tion 3 presents the experiment results, and Sec-
tion 4 concludes the article.

2 Methodology

The central research question addressed in our
study is what is the level of linguistic diversity
in AI-generated essays compared to human-
written essays, and to what extent does this pat-
tern hold cross-linguistically?

The human-written portion of the data used
for our analysis consists of a sample of essays
from the Šolar corpus of Slovenian student es-
says (Arhar Holdt et al., 2022) and a sample of es-
says from the LOCNESS corpus of English native
speaker student essays (Granger, 1998).1 While
the two corpora were published more than 20 years
apart, both were produced in similar classroom
settings, which is why we consider them as com-
parable sources of native speaker essay compo-
sitions. In order to ensure that the essays in the
final selection comprise a comparable level of lin-
guistic proficiency, only the subset of fourth year
secondary school student essays was taken from
the Šolar corpus and only the subset of essays com-
posed by British A level students was taken from
LOCNESS. The texts were taken from each corpus
in their original transcribed forms, without apply-
ing any additional text normalization steps such
as spelling and punctuation error correction. This
was done in order to preserve as much information
about the source text as possible, as even seemingly
superficial phenomena such as spelling errors and
punctuation distribution can reflect important ten-
dencies in the text.

1The corpus data was provided by the Centre for English
Corpus inguistics (CECL), University of Louvain, Belgium.



Figure 1: Cohen’s d scores for each comparison. Positive values mean the diversity score is higher in HWT, while
negative values mean the score is higher in AIGT. Labels starting with Šolar_ and LOCNESS_ refer to groups
of essays generated by each model in Slovenian and English respectively. The error bars show 95% confidence
intervals obtained through bootstrapping with n=10 000 resamples. After a Mann Whitney U test all comparisons
except Šolar_GPT-5 for the 3-gram diversity score returned a statistically significant value (p < 0.05).

The AI-generated portion of the data was gen-
erated using three different LLMs—GPT-5 (Ope-
nAI, n.d.),2 gemma-2-27b (Gemma Team, 2024),
and GaMS-27b (Vreš et al., n.d.)—where GaMS-
27b represents a language-specific model based on
the gemma-2-27b base model trained on a large
amount of high-quality Slovenian data. As a start-
ing point, we used a simple default prompt instruct-
ing the model to produce an essay with the same
topic and length, approximating typical real-world
usage. Examples are given in Appendix A.3

For each group of essays generated by each
model in each language, we calculate three related
linguistic diversity measures using the Compara-
Tree tool (Terčon and Dobrovoljc, 2025a) and com-
pare the results against the corresponding group
of human-written essays. The tool computes the
segmental type-token ratio, a measure used for as-
sessing the level of lexical diversity calculated by
first splitting the data into fixed-length segments of
1,000 words and then calculating the ratio between
the number of unique lemmas and the total number
of lemmas in the segment. The tool also supports
calculation of two related measures for assessing
the level of n-gram diversity and syntactic diversity.
These are referred to as the segmental n-gram di-
versity score and the segmental tree diversity score

2The exact model snapshot used bears the name gpt-5-
2025-08-07 in the OpenAI API.

3The data used to conduct our study will
be made available at the following address:
https://www.clarin.si/repository/xmlui/handle/11356/2210

and are obtained in the same way as the segmental
type-token ratio, but this time taking n-gram4 and
syntactic tree5 frequencies as the basis instead of
word lemmas. The degree of difference between
each AIGT and HWT group is then assessed using
Cohen’s d effect size.

3 Results

Figure 1 shows the results in a unified bar plot,
where positive values indicate higher linguistic di-
versity in HWT, and negative values indicate higher
diversity in AIGT. A full overview of numerical
values is given in Appendix B.

Looking at the results, we observe a remarkable
level of cross-linguistic consistency: Cohen’s d
values point in the same direction across all models
and metrics in both languages, suggesting that the
observed diversity patterns are robust for the com-
bination of English and Slovenian. At the same
time, the results reveal meaningful variation de-
pending on both the model and the type of diversity
examined, discussed below.

With respect to lexical diversity, differences be-
tween models are most pronounced. Diversity is
highest for GPT-5, followed by gemma-2-27b, in
line with the known tendency for lexical diversity

4We find that similar results emerge when testing for dif-
ferent values of n from n=3 to n=6. Here we report the values
for n=3, hence the measure is referred to as the segmental
3-gram diversity score

5We rely on dependency relation (sub)trees extracted using
the STARK tool (Krsnik and Dobrovoljc, 2025).

https://www.clarin.si/repository/xmlui/handle/11356/2210


to increase with model size (Guo et al., 2025). In
contrast, GaMS-27b shows lower lexical diversity
than gemma-2-27b despite having the same num-
ber of parameters, suggesting that its Slovenian-
specific fine-tuning may have restricted its lexical
repertoire.

With respect to n-gram diversity, the results
show a largely consistent pattern for GaMS-27b
and gemma-2-27b, where human-written texts are
more diverse than AI-generated texts, suggesting
a higher degree of formulaicity in these models.
GPT-5, however, shows comparable or slightly
higher diversity in AIGT, likely reflecting its higher
lexical diversity in general.

With respect to syntactic diversity, the pattern
is highly consistent: all models in both languages
produce less syntactically diverse text than human
writers, suggesting that reduced structural variety
may be a general property of LLM-generated text.

4 Conclusion

Our experiments show a clear gap in linguis-
tic diversity between LLM-generated and human-
written texts, with diversity generally lower in AI-
generated texts, except at the lexical level, which
appears to be model-sensitive. Importantly, these
patterns are consistent across both Slovenian and
English, suggesting that the observed impact on
linguistic diversity might generalize across some
languages. Future studies should inspect whether
these patterns reveal a broader trend that holds true
for other less-studied languages as well.

Our ongoing work will extend this analysis to
other genres and examine the impact of different
generation settings and prompt design.
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Cyprian Laskowski, Polonca Kocjančič, Bojan Kle-
menc, Luka Krsnik, and Iztok Kosem. 2022. De-
velopmental corpus šolar 3.0. Slovenian language
resource repository CLARIN.SI.

Loretta Gasparini, Nitya Phillipson, Daniel Capurro, Re-
vital Rosenberg, Jim Buttery, Jayne Howley, Sarath
Ranganathan, Catherine Quinlan, Niloufer Selvadu-
rai, Michael Wildenauer, and et al. 2025. A survey
of large language model use in a hospital, research,
and teaching campus. Data & Policy, 7:e78.

Gemma Team. 2024. Gemma. https://www.
kaggle.com/m/3301.

Sylviane Granger. 1998. The computer learner corpus:
a versatile new source of data for SLA research. In
Sylviane Granger, editor, Learner English on com-
puter, pages 3–18. Routledge.

Yanzhu Guo, Guokan Shang, and Chloé Clavel. 2025.
Benchmarking linguistic diversity of large language
models. Transactions of the Association for Compu-
tational Linguistics, 13:1507–1526.

Steffen Herbold, Annette Hautli-Janisz, Ute Heuer,
Zlata Kikteva, and Alexander Trautsch. 2023.
A large-scale comparison of human-written ver-
sus chatgpt-generated essays. Scientific Reports,
13(1):18617.
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A Text Generation Prompts

The AI-generated essays are generated using a
special type of prompt in each language. These
prompts include different degrees of essay meta-
data, depending on the availability of this metadata
in the two source human-written corpora. Exam-
ples are provided below:

A.1 Slovenian Prompt

Napiši esej z naslovom {essay_title} in
podnaslovom {essay_subtitle}, ki se
nanaša na literarno delo {
referenced_literary_work}, s približ
no {length_of_corresponding_HWT}
besedami. Odgovori samo z esejem
brez spremnega besedila.

A.2 English Prompt

Write an essay using approximately {
length_of_corresponding_HWT} words
addressing the following topic: {
topic_of_corresponding_HWT}

Provide only the essay without any
additional accompanying text.

B Numerical Overview of Results

Table 1 presents the Cohen’s d effect size values
for all AIGT vs HWT comparisons.

Language Essay Group TTR 3GD TDS
GPT-5 -4.62 -0.06 2.57
GaMS-27b 2.11 3.13 2.55Slovenian
gemma-2-27b -0.43 1.85 1.66
GPT-5 -4.94 -0.24 1.37
GaMS-27b 1.07 3.4 2.11English
gemma-2-27b -0.72 2.13 1.24

Table 1: Overview for the Cohen’s d effect size scores
showing AIGT vs HWT comparisons of diversity scores
for various essay groups. The score for each essay
group represents the Cohen’s d effect size calculation
for the comparison between the diversity score of a
group of essays generated by a specific LLM in one of
the two included languages and the diversity score of
the corresponding group of human-written essays. The
diversity score acronyms are as follows: TTR – Type-
Token Ratio, 3GD – 3-gram diversity score, TDS – Tree
Diversity Score. Bolded values represent comparisons
for which a Mann-Whitney U test returns a statistically
significant value (p < 0.05).
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