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Abstract

This study seeks to contribute to ongoing research on the formal differences between textual corpora
produced by humans and those generated by generative artificial intelligences (GenAl). To this end,
we draw on enactive theory and apply it to linguistics, conceiving the asymmetrical structural
coupling between an organism and its environment as the basis of cognition. The relations between
an actor and the environment are non-linear and irregular: within the perception—action loop, we
selectively attend to elements of the environment that are meaningful for action. We propose a novel
approach by using Sentence Length Variance (SLV) as an indicator of this asymmetry, or internal
irregularity. We also experimented with prompting the machine to integrate greater variance into its
texts. We found significant differences between human corpora and Al corpora in terms of SLV, as
well as notable divergences among certain GenAl systems. When prompted for higher SLV, only
one GenAl produced texts comparable to human writing. We advance several explanations for these
findings, which we regard as promising avenues for future research. We conclude by outlining the
theoretical implications of our findings, arguing that an enactive linguistics offers a fruitful
framework for studying textual differences between human and Al-generated discourse.
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1 Introduction

In the field of education, the widespread dissemination and democratization of
Large Language Models (LLMs), together with their adoption by students,
increasingly pose challenges for instructors responsible for assessing texts
produced remotely by learners (Dergaa et al. 2023; Ghimire, Pather and Edwards
2024; Doru et al. 2025). A growing number of teachers and trainers, both in
secondary education and in higher education, struggle to ascertain whether the texts
they evaluate constitute original student productions or outputs generated by
generative artificial intelligence (GenAl) (Fleckenstein et al. 2024; Nguyen and
Barrot 2024). Empirical evidence confirms this concern: Fleckenstein et al. (2024)
found that minimally prompted Al-generated texts frequently elude detection by
educators. Similarly, Nguyen and Barrot (2024) report that teachers often cannot
reliably differentiate Al-generated compositions, even those crafted with
professional-level refinement, from traditional student writing. A recurrently
voiced position maintains that GenAl texts appear normed and overly regular,
conveying a sense of artificiality and inauthenticity (Draxler et al. 2024; Fraser,
Dowkins and Kiritchenko 2025).
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This study takes as its point of departure this commonly shared perception, seeking
to determine whether the impression of inauthenticity in GenAl texts can be
substantiated through observable linguistic features or whether, conversely, such a
distinction among students’ productions lacks empirical foundation. The present
article offers an original interpretation of a syntactic marker commonly used to
differentiate human speech from that generated by artificial intelligence systems.
This marker is known as sentence length variance (SLV), and it is described in
Section 2.2. Here, textual authenticity is understood as a dimension of originality
intrinsically linked to young adult texts producers, with particular reference to
students starting university, that is, novice rather than expert writers.

The final issue at stake is epistemological in nature. In order to distinguish
between the order of students’ textual production and that of artificial textual
production, we aim to establish a theoretical dialogue between textual linguistics,
writing pedagogy, and the enactive paradigm, thereby outlining a hermeneutic
framework that may be characterized as an enactive textual linguistics. The
following subsections are devoted to elaborating this dialogue.

2 Background
2.1 Textual linguistics and enaction

The enactive approach to cognition is based on the idea that an organism’s
perception and understanding of the world around them is influenced by the
dynamic and reciprocal interaction between the organism and its environment
(Varela, Rosch and Thompson 1991; Thompson 2007; Stewart, Gapenne and Di
Paolo 2010; Di Paolo, Buhrmann and Barandiaran 2017). According to enaction,
perception and cognition are not purely mental processes that occur within our
phenomenal environment; rather, they are dynamic interactions between our brain,
body, and environment. This implies that our perception and understanding of the
world depends not only on our senses, but also on our ability to act and interact with
our environment through sense-making.

These theoretical elements form the basis of the theory of enaction and
account for the difficulty, if not the impossibility, of an Al “thinking the world”
around it. Enaction considers the structural coupling between the actor and the
environment to be the unit of analysis of all human activity. This activity is
characterised by various properties: the relationship is asymmetrical (i.e. non-
linear) and depends as much on the internal properties of the actor (i.e., internal
states) as on the properties of the environment. This characteristic is inherited by
the activity (Di Paolo 2005). Hence, activity is embodied: according to Varela,
Rosch and Thompson (1991: 173), “sensory and motor processes, perception and
action, are fundamentally inseparable in lived cognition”. It is not possible to
separate cognition from the socio-material conditions of its emergence: it emerges
from the sensory-motor loop, from the asymmetrical structural coupling between
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an actor and the social, cultural and material environment in which they are
embedded.

The idea of bringing together the paradigm of enaction and linguistics
studies is not new. Bottineau (2013) has proposed an unprecedented and necessary
rapprochement of linguistic theories and the enactive account with regard to speech.
The author supports an embodied vision of speech, which would lead us to rethink
grammar through the prism of enaction theory.

The act of speaking is known to generate perceptual effects that, in turn, give rise to interpretative
processes. The comprehension of this dynamic is predicated on the re-evaluation of the grammar of
a language in terms of the coupling between action and perception. Furthermore, it is contingent on
the interrogation of the manner in which its components contribute to the construction and
emergence of meaning in consciousness. (Bottineau 2014) [transl. with DeepL]

In our article, we aim to apply the concept of action-perception coupling to the field
of writing. The originality of our work lies in our assertion that writing is a deeply
embodied task that takes the form of a writing gesture. According to this
perspective, the interplay between the writing gesture and the planning of the text
within a specific context is what shapes the writing process in an asymmetrical and
continually evolving manner.

2.2 Sentence Length Variance (SLV): a tool for thinking about
planning/execution asymmetry?

If language is conceived as an action and is therefore composed of traces of
embodied experience, we can assume that it is externalised asymmetrically, i.e.
non-linearly. In the enactive account, asymmetry between an agent and an
environment is an organizational condition of a living organism, which has organic,
sensorimotor, and sociomaterial realizations (Di Paolo, Lawler and Vaccari 2023).
Hence, the agent and the environment have mutually determining relations, instead
of causal relationships. We should therefore find “regularities of irregularities” in
the form of discourse, i.e., recurring patterns of alternation between short and long,
simple and complex elements, reflecting the deep structure of cognitive and
discursive activity. Similarly, we can assume that language follows an
asymmetrical dynamic whereby some ideas are expressed in brief sentences, while
others require more extensive development. This variability can be expressed
statistically by calculating variance, a measure of the dispersion of a set of data
around its mean. A potential methodology for the comparison of the writing styles
of LLMs and humans would be to calculate the standard deviation of the number of
words in each sentence. This is referred to as the Sentence Length Variance (SLV),
and it is a statistical measure based on the distribution of sentence length.
Measuring sentence length is most frequently employed in stylometry-based studies
(Mufioz-Ortiz et al. 2024; Bronikowski 2025) and is considered a robust measure
related to text structure (Vieira, Picoli and Mendes 2018). Therefore, although SLV
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is not a new criterion for differentiating between discursive productions by GenAl
and humans (Tan et al. 2023; Zindela 2023), it is the interpretation of SLV in
relation to the process of written composition in young adult writers that represents
a novel aspect. In our theoretical approach, we link SLV to the asymmetry
dimension in the enaction framework.

Nottbusch’s (2010) studies show that the production of written sentences
obeys a complex system of planning and controlling the activity, linking pauses and
sentence complexity. His research confirms Chanquoy, Foulin and Fayol (1996)
finding that the longest pauses during the writing process occur at the beginning of
linguistic units, such as paragraphs, sentences, or words. This reinforces the idea
that planning occurs at the end of these units: “The larger the unit, the longer the
preparation time” (Nottbusch 2010: 780). Although the precise reasons for the
duration of pauses when planning phrasal structures are unknown, it seems likely
that non-linear cognitive activity occurs during sentence production. Furthermore,
research questions about planning control are linked to the role of working memory.
In the field of sentence comprehension, studies by Roberts and Gibson (2002)
confirm the hypothesis that there is a link between working memory and sentence
memory, generating a large number of variations in comprehension and presumably
text production among individuals. The asymmetry between planning, memory,
control and execution, hence prompted us to examine SLV as a human
phenomenon.

Assuming this position is justified, SLV could represent an interesting
human indicator of authorship, bringing it closer to becoming one of several
measures of a text’s authenticity. We therefore intend to utilise SLV as a potential
tool for representing a complex mental process such as planning control. From this
perspective, human SLV, as an asymmetric process, would contrast with the SLV
of GenAl, which results from powerful probabilistic calculations. Furthermore, the
discovery of a SLV index that is characteristic of humans could represent a
breakthrough in the study of academic writing assessment. In the case of
technology-mediated situated assessment of writing, for example, SLV could
provide learners with additional feedback and help them to develop an
understanding of their own writing skills. From another perspective, such an SLV
could allow academic trainers to enhance teaching modules for writing in line with
academic expectations (Cope et al. 2011). Can we accept the existence of a human-
specific figure for SLV at a given stage of development? This question prompted
us to formulate several others that structured the entire methodological approach of
this study.

3 Problem and hypotheses

This article aims to demonstrate how phrasal variance can be used to authenticate
young adult writers texts, as opposed to those generated by GenAl.
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To this end, we formulated a preliminary hypothesis to verify whether this variance
could serve as an indicator of embodiment and asymmetry in linguistic text
analysis.
- H1: SLV can be used as an indicator of syntactic variability between
different corpora.

We then put forward the hypothesis that we would find more phrasal variance in
formal human productions than in a corpus produced by machines. Our second
hypothesis tests for significant differences between human and Al-generated
corpora.

- H2: Student corpora exhibit greater SLV than artificial corpora.

To further substantiate our findings, we propose that deliberately prompting the
generative models to produce texts with a higher SLV will yield outputs more
closely aligned with those observed in the human corpus. This leads us to formulate
our third hypothesis:
- H3: Increasing SLV through targeted prompting will result in values
comparable to those found in human productions.

4 Methods

In order to ascertain whether SLV can serve as a reliable indicator of authenticity
when distinguishing between texts produced by humans and those produced by
GenAl, we developed a protocol for the collection and generation of three French
text corpora: Human-corpus, Al-corpus and Al-corpus+.! The characteristics of
these corpora and the two experimental phases used to compare them are described
in the following subsections.

4.1 The Human-corpus

The Human-corpus comprises handwritten French texts produced by second-year
Education Sciences students in April 2025. It was collected as part of a pretest-post-
test experiment aimed at evaluating a teaching device called Analyser, Interpréter,
Rédiger [‘Analysing, Interpreting, Writing’, our transl.] (Pallanti 2025). For this
study, two specific sub-corpora of the Human corpus were selected, the
characteristics of which are explained in Table 1.

L All three corpus texts can be found in Appendix 1.
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Table 1: Composition of the Human corpora.

Human-corpus

HumL sub-corpus

HumS sub-corpus

Instructions

How might this extract lead us to
rethink social isolation in the current
context? Your answer should take
the form of a structured, reasoned
essay.

Based on this extract, consider how the
transition from childhood to adulthood
is constructed in our society. Your
response should be in the form of a
structured, well-argued essay.

no. texts 22 22
no. words 12,876 14,419
no. sentences 582 666

The two sub-corpora in Table 1 are considered to be symmetrical. For our study,
we will use the HumL sub-corpus as the reference corpus and the HumS sub-corpus,
which contains texts that respond to the same instruction but have a different theme,
as the Human-corpus. This will allow us to contrast the HumL sub-corpus with the
GenAl and enrich the comparisons.

4.2 The Al-corpus

The Al-corpus was generated using five different GenAl systems: ChatGPT 4.0,
ChatGPT 5.0, Gemini 2.5 Flash, Claude Sonnet 4 and Grok 3. To make the Al
corpus comparable, we developed prompts capable of reproducing the human task.
Here is a summary (see complete prompt in Appendix 2).

Prompt 0 = Rephrase prompts and explain the degree of
understanding.

Prompt 1 = write Tlike an
undergraduate student.

the student: 60 minutes.

average second-year

Writing time available to

Prompt2=The text must be reflective, argumentative,
structured and documented, without being an essay
or a commentary.

Prompt3=Subject: same title of the HumL sub-corpus
instruction (Table 1) and same supporting text.

Prompt 4 = Example of an expected text production
which can be used as an example but which must not
be reproduced.

Prompt 5 = Generate a text of between 500 and 800
words.
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Prompt extra= Generates another text (repeated 21

times).

The zero-prompt ensured that the GenAl correctly understood all the instructions.
On rare occasions when this was not the case, we took the time to re-specify the
task. We used the same prompts for the five GenAl to generate the first text in the
corpus. Subsequently, we gave the GenAl the additional instruction Generate
another text to produce 22 different texts for each 1AG.

Table 2: Composition of Al-corpus.

ChatGPT 4 ChatGPT 5 Gemini 2.5 Claude 4 Grok 3
no. texts 22 22 22 22 22
no. words 15,362 17,298 15,359 16,205 17,042
no. sentences 757 930 571 740 678

As can be seen in Table 2, all the GenAl provided incorrect word counts. They
claimed to have written texts of around 620 words, whereas the texts were, on
average, 100-150 words longer. The only exception was Gemini 2.5 Flash. This Al
produced texts averaging 571 words. Moreover, it should be noted that the GenAl
produced slightly larger corpora, which were perfectly comparable with the HumL
sub-corpus in terms of the number of words and sentences.

4.3 The Al-corpus+

The Al-corpus+ was created to determine the extent to which GenAl can correctly
respond to an additional instruction, as opposed to those in the Al-corpus. The
prompt involved increasing the rate of syntactic variance in the produced texts. The
prompt used is as follows: Generate another text, but increase the syntactic
variance in sentence length. All the GenAl understood the instruction perfectly,
rewriting the prompt to emphasise the need to produce texts alternating between
short and long sentences, and to avoid a uniform rhythm. The composition of the
Al-corpus+ is detailed in Table 3.

Table 3: Composition of Al+ corpus.

ChatGPT4 ChatGPT5 Gemini 2.5 Claude 4 Grok 3
no. texts 22 22 22 22 22
no. words 12,809 15,554 14,779 17,093 15,368
no. sentences 949 1,398 573 1,014 774

4.4 Comparison methodology
First, we will present the descriptive statistics relating to the corpora to provide an

overall representation of the data making up the samples, in order to explain the
comparison of the HumL sub-corpus with the HumS sub-corpus and the Al corpora.

Al-Linguistica 7
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Secondly, we will compare the samples to understand the extent to which two
distinct indicators differ statistically (for complete Python scripts, see Appendix 5):

1)

(2)

Sentence Length Variance (SLV) = This is an absolute measure of how
dispersed the data is around the mean, and it corresponds to the square of
the standard deviation. Variance is used to compare the degree of variation
in sentence length.

Number of sentences (no.S). The aim is to establish whether there are
significant differences in the number of sentences in each text. This will
indicate whether the corpora are comparable in terms of syntactic
segmentation.

5 Results

5.1 Experiment 1: Human vs. Al-corpus

First, we present an overview of the composition of the texts in the Human and Al
corpora (for complete data, see Appendix 3).

Table 4: Descriptive statistics (Medians).

Corpora Median no. | Median no. | Median sent. | Median SLV
words sentences lengths
HumL 551.00 26.50 26.45 93.20
HumsS 610.50 29.00 21.12 95.75
Experiment 1
ChatGPT 4 695.00 34.00 19.97 56.24
ChatGPT 5 783.50 43.00 18.06 40.73
Gemini 2.5 703.00 26.00 26.96 78.53
Claude 4 666.50 30.00 21.84 47.74
Grok 3 787.50 31.00 25.28 77.29

The characteristics of the corpus in Table 4 show that:

the texts generated by ChatGPT 4, Gemini 2.5 Flash and Claude 4 are closer
to the texts in the human corpus in terms of the median number of words.
Gemini 2.5 Flash, Claude 4 and Grok 3 are closer to human texts in terms
of median number of sentences.

The texts generated by ChatGPT-4 and Claude exhibit median sentence
lengths comparable to those of human texts.

Grok 3 and Gemini 2.5 appear to be close to human texts in terms of median
SLV.

We will now attempt to ascertain the extent to which differences in the median
number of words per sentence and variance between texts produced by humans and
GenAl are significant. Having checked that the data did not follow a normal


https://sharedocs.huma-num.fr/wl/?id=p34vRlAhRsVS1Piti9XOwFGZ3JpKwNDI
https://sharedocs.huma-num.fr/wl/?id=p34vRlAhRsVS1Piti9XOwFGZ3JpKwNDI

Humans vs. machines: can enaction theory help?

distribution using the Shapiro-Wilk test, we applied a Kruskal-Wallis test for
multiple independent samples. We then performed a post-hoc Mann-Whitney test
with Holm correction. This test will allow us to identify differences between the
five GenAl. The corresponding Holm p-values are summarised in the heatmap
graphs in Figures 1 (Variance) and 2 (Number of sentences).

Heatmap of Variance Comparison by corrected p-value (Holm) 1o
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Figure 1: SLV comparison heatmap (Experiment 1).
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Figure 2: no. sentences comparison heatmap (Experiment 1).

The Holm p-values reported in Figure 1 indicate that there are no statistically
significant differences in variance between the texts produced by humans and those
produced by Gemini 2.5 Flash and Grok 3. Figure 2 shows that, in terms of number
of sentences, Gemini 2.5 Flash seems to be able to match that of the HumL and
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HumS sub-corpora. This is also true for ChatGPT4, Grok 3 and Claude 4 when
compared with the HumS sub-corpus alone.

In terms of SLV, it is evident that there are potential groupings within the
GenAl For instance, Figures 1 and 2 demonstrate that the SLV in Claude’s texts is
similar to that in the texts produced by ChatGPT 4 and ChatGPT 5, and that there
is no difference between the texts produced by Grok 3 and Gemini 2.5 Flash.
Conversely, significant differences were observed in the output of ChatGPT 4 and
ChatGPT 5. ChatGPT 5 differs significantly from the corpus as a whole in terms of
the number of sentences.

To refine the representation of the results we have just explained, we
propose reproducing the dispersion of the variances of the texts in subplots (see the
Matplotlib package).
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Figure 3: Sub-plot representation of the SLV (Experiment 1).
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Figure 4: Sub-plot representation of the number of sentences (Experiment 1).
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Figure 4 shows some dispersion of variances for Gemini 2.5 Flash. Despite the test
results, this dispersion still seems quite far from that of the HumL and HumS sub-
corpora. The same observation can be made for the dispersion of the SLV of Grok
3 texts. Regarding the number of sentences, although the median number of
sentences per text (N = 31) is comparable with that of the HumS sub-corpus (N =
29), the dispersion is clearly non-comparable, contrary to what the statistical test
shows in Figure 2. To confirm this, we calculated the Gini coefficient, which is
often used in economics to measure inequality, but which, in our case, can measure
the dispersion of sentence lengths with an emphasis on concentration.

Table 5: Gini coefficient (Experiment 1).
HumL HumsS GPT 4 GPT5 Gemini 2.5 Claude 4 Grok 3

0.35 0.44 0.15 0.11 0.24 0.18 0.17

Whereas Figure 1 only showed a non-significant difference between the HumS and
Gemini 2.5 sub-corpora (p = 0.93), the Gini coefficient for HumS (0.44) is almost
twice that for Gemini 2.5 Flash (0.24). This result later clarifies the Mann-Whitney
U significance test.

5.2 Experiment 2: human vs. Al-corpus+

In this section, we present the results of Experiment 2 concerning the Al-corpus+
(for complete data, see Appendix 4). As a reminder, this corpus was generated using
the same GenAl as in Experiment 1, but with the additional instruction to produce
texts of varying lengths. Table 6 provides an overview of the data comprising the
sub-corpora.

Table 6: Descriptive statistics for the Al-corpus+ (Medians).

Corpora Median no. | Median no. | Median sent. | Median SLV
words sent lengths
HumL 585.27 26.50 26.45 93.20
HumsS 655.41 29.00 21.12 95.75
Experiment 2
ChatGPT 4 577.50 40.50 14.13 55.61
ChatGPT 5 710.00 63.50 10.99 34.70
Gemini 2.5 707.00 27.00 26.19 75.78
Claude 4 753.00 37.50 18.27 146.08
Grok 3 709.00 34.00 20.04 64.72

Compared with the data from Experiment 1 (see Table 4), Table 6 shows a
significant increase in the number of sentences and a substantial decrease in the
median sentence length for all the GenAl, except for Gemini 2.5 Flash. We noted a

Al-Linguistica 11


https://sharedocs.huma-num.fr/wl/?id=p34vRlAhRsVS1Piti9XOwFGZ3JpKwNDI

Luca Pallanti & Rawad Chaker

sort of collapse in Gemini 2.5 Flash which, unlike the other GenAl, from text no. 7
onwards ends up reproducing the same text identically. Even if we exclude the 15
identical texts from the sample, however, the characteristics of the corpus remain
broadly the same (for example, the variance would still be 74.26). In terms of
variance, however, only Claude 4 seems to change radically, rising from 47.74 to
146.08. This increase coincides with an increase in the number of sentences, which
rose to a median of 37.50 (compared to 31.00 in Experiment 1). Figures 5 and 6
show whether the differences with the human corpora are significant.
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Figure 5: SLV comparison heatmap (Experiment 2).
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Figure 6: no. sentences comparison heatmap (Experiment 2).

Interestingly, Figure 5, which was obtained using the same methodology as Figures
1 and 2, shows that the HumL sub-corpus does not differ significantly from the
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Gemini 2.5 Flash and Claude 4 corpora in terms of SLV. The same is true for the
HumS corpus, which does not differ significantly from the Grok 3 corpus. However,
in Experience 2, all the GenAl corpora diverge significantly from each other in
terms of variance, except for the Grok 3 and Gemini 2.5 Flash corpora (p = 0.05).

With regard to the number of sentences, Figure 6 (Experiment 2) confirms
the results of Figure 2 (Experiment 1) insofar as the human corpora do not differ
significantly from the Gemini 2.5 Flash sub-corpus. Furthermore, HumS confirms
its proximity to the Grok 3 corpus. Regarding inter-GenAl differences, there is a
strong similarity between the Claude 4 and Grok 3 corpora, as well as between
Claude 4 and ChatGPT 4. Conversely, the ChatGPT 5 corpus is significantly
different from all the others. As in Experiment 1, we verify the dispersion of SLV
in subplots.
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Figure 7: Sub-plot representation of the SLV (Experiment 2).
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Figure 8: Sub-plot representation of the number of sentences (Experiment 2).
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Figure 7 shows a tendency for the midpoints of the GenAl variances to flatten out,
with the exception of Claude 4, where the texts’ SLV seem to be characterised by
a high degree of dispersion. The dispersion of variances for the human corpora
remains high, whereas it appears to be almost zero for Gemini 2.5 Flash, contrary
to the findings of the Mann—Whitney U test in Figure 5. A similar phenomenon can
be observed with regard to sentence length for Gemini 2.5 Flash, whereas the
midpoints of the other GenAl tend to rise. Once again, Claude 4 has a much higher
dispersion than the other GenAl, as well as compared to the human sub-corpora.
We recommend consulting the Gini coefficient tables for a clearer picture of
sentence variance dispersion.

Table 7: Gini coefficient (Experiment 2).
HumL HumsS GPT 4 GPT5 Gemini 2.5 Claude 4 Grok 3

0.35 0.44 0.20 0.13 0.01 0.24 0.07

As shown in Table 7, the dispersion of SLV in all GenAl corpora remains far from
that of human corpora. In particular, the SLV of Gemini 2.5 Flash and Grok 3 are
much lower than those of the HumS sub-corpus (0.01 and 0.07 vs 0.44).

6 Discussion
6.1 Synthesis of results

Considering descriptive statistics, significance tests, graphical representations of
SLV, and Gini coefficients reveals an obvious difference in the SLV between texts
produced by humans and those produced by GenAl. This is consistent with the
findings of several studies that have compared human-generated and Al-generated
texts based on formal linguistic features (Mindner, Schlippe and Schaaff 2023;
Georgiou 2025).

Our results show that our hypothesis (H1) that SLV can be used as an
indicator of syntactic variability between different corpora is indeed valid. The
observations of the human and GenAl corpora allow us to conclude that an average
variance figure could exist for French sentences typical of learners at the beginning
of their university studies, oscillating between approximately 93 and 96. In contrast,
the variance of the sentences in the GenAl corpora in Experiment 1 was between
40 and 79. This figure did not change in Experiment 2, in which we encouraged the
GenAl to produce texts with greater variance. The only exception is Claude 4, a
GenAl capable of producing texts with an extremely high variance of 146.08,
accompanied by a median number of 37.50 sentences compared to a median of
around 26.50/29.00 for human texts. Therefore, combining the indicators SLV and
number of sentences seems very promising for measuring the syntactic variability
of texts.
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Regarding our second hypothesis (H2), which states that human corpora yield more
SLV than GenAl corpora, we can conclude that there are statistically significant
differences in variance between the human corpora texts and the GenAl corpora
texts (ChatGPT4, ChatGPT5 and, at the limit, Claude 4). However, this difference
IS not significant for texts produced by Gemini 2.5 and Grok 3, which are closer to
human SLV. Nevertheless, the Gini coefficient revealed clear differences in
dispersion of SLV between the human corpora and all the GenAl corpora. Several
explanatory hypotheses seem possible. Firstly, Gemini 2.5 Flash and Grok 3 are the
only GenAl to insert quotations in the generated texts, meaning that both corpora
contain a significant number of long sentences. A second explanation could relate
to the training model: our results generally show an affinity between Gemini 2.5
Flash and Grok 3, as well as a distinct but comparable affinity between ChatGPT 4
and Claude 4. It is likely that Gemini 2.5 Flash has been trained using Google’s
extensive catalogue of human text, while Grok 3 has likely been trained using X’s
vast repository of real-world human interactions. It is therefore pertinent to question
whether access to such extensive corpora underlies Gemini 2.5 Flash’s and Grok
3’s capacity to approximate the variance observed in human sentence production.

Regarding our third hypothesis (H3), we found that when prompting the
machine to produce texts with higher levels of SLV, the difference between humans
and GenAl corpora was reduced only for Claude 4, where other GenAl’s corpora
did not yield significant changes. Hence, we partially accept H3, even though our
results yielded overall promising new avenues for research in the domain of
linguistics in the era of Al.

6.2 Theoretical implications

From the perspective of enactive theory, these results can be interpreted through the
lens of asymmetry. Human linguistic production, understood as an embodied
enactment of thought, is inherently irregular: variability in sentence length and
syntactic structure reflects the situated, contingent, and non-linear nature of
cognitive activity. By contrast, GenAl outputs, despite their scale of training and
surface resemblance to human corpora, remain constrained by the statistical
regularities of their models, leading to a form of syntactic flattening. The
asymmetry lies precisely in this difference between lived, context-dependent
authorship and probabilistic recomposition of language patterns. Our findings,
particularly the differences in sentence length variance and dispersion, empirically
illustrate this enactive principle of “regularities of irregularities,” showing that
human discourse embodies a dynamic balance between order and unpredictability
that GenAl systems have not yet replicated.
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6.3 Practical implications

In terms of the applicability of the SLV index in the context of situated assessment,
our study shows that it can provide valuable feedback on academic writing. Even
though using sentence length is not new, this method proved adequate for the
analysis of the writing process in the academic context, evidencing the embodied
and asymmetrical property of the students’ academic writing process. For instance,
increased variance in a text may suggest that the learner requires assistance with
planning their writing. Similarly, in terms of technology-mediated assessment
(Cope et al. 2011), SLV could be explored as a means of triangulation with other
syntactic and textual metrics, which could generate new complexity tests (e.g.
SLV/syntactic complexity).

6.4 Limits and biases

Our corpus study presents limitations with respect to the conditions of data
production, the nature of the data obtained, and its overall representativeness.
Concerning the conditions of data production, a central limitation arises from the
constraints of prompt engineering. While we can reaffirm the solidity and reliability
of our prompt protocol with confidence, we cannot absolutely rule out the
possibility that a different prompt protocol would have produced different texts.
Similarly, our study focuses on a very specific type of text, and our SLV
measurements refer to this type. Other text corpora could therefore yield different
results, which could be confirmed or contradicted by future experiments.
Furthermore, since using sentence length as a lexicometry method is not new, a
perspective for future research would be to link this method to the analysis of
sentences’ contents, integrating emergence of meaning, embodied experience and
emotion (Anderson 2001; Hutchins 2010; Ravenscroft 2017). Finally, our corpus
consists of 22 texts and contains around 27,000 words in total. While this is a
substantial corpus, it is also relatively small, which limits its representativeness.

7 Conclusion

We have proposed that Sentence Length Variance (SLV) can potentially serve as a
measurement tool of asymmetry (i.e., embodied asymmetry) capable of
distinguishing between human-written and Al-generated texts. Text corpora
produced by humans diverge significantly from those generated by GenAl, with
some, such as ChatGPT 4, ChatGPT 5 and Claude 4, showing statistically
significant differences.

The formal asymmetry, as measured by SLV, reinforces our proposal for an
enactive linguistics, in which textual production is not merely reduced to
measurable linguistic features but is understood as the trace of embodied cognitive
activity. In this view, the authenticity of human writing derives from its enacted,
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situated, and context-sensitive character. By contrast, GenAl systems, while
capable of approximating statistical properties of discourse, cannot reproduce this
enactive dimension of textuality. Our results therefore suggest that future research
should explore how such asymmetry can serve as a theoretical and methodological
foundation for distinguishing between human and machine-generated discourse.
Furthermore, our experiments bring the theory of enaction closer to textual
linguistics in that the SLV is an indicator that can transpose the asymmetry of the
texting/planning coupling into formal syntactic terms on massive data.
Consequently, this study is encouraging and invites further research into SLV-
related indicators to inform the development of enactive textual linguistics.
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