Beyond Lemmas and Syntax: Comparing Human and
LLM-Generated Scientific Abstracts

Sergei Bagdasarov, Diego Alves
Saarland University
Saarbriicken, Germany
sergeiba@lst.uni-saarland.de, diego.alves@uni-saarland.de

Abstract
In this study, we compare human-written (HWT) and machine-generated (MGT) abstracts of scientific papers, going
beyond traditional lexical and syntactic analyses. We use an extensive corpus of publications on computational
linguistics submitted to the Association of Computational Linguistics from mid 1950s to 2022. First, we generate
abstracts with three state-of-the-art models (GPT-40, Llama 3.1 and Qwen 2.5), providing the models with full texts of
papers, and subsequently we compare these abstracts to those written by humans. We study the overall information
content of abstracts, operationalised as surprisal, and the distribution of information in abstracts quantified as local
Uniform Information Density (UID), both metrics related to the processing effort. Subsequently, we perform an extrinsic
evaluation through topic modelling and clustering applying the BERTopic model. Our results show significant differ-
ences both in surprisal and UID, suggesting that abstracts generated by Llama are less cognitively demanding and
show a more uniform distribution of information. Our topic modelling experiments show greater divergence between
humans and LLMs than between LLM pairs. At the same time, Llama abstracts seem to be more semantically similar to
those written by humans, standing in line with previous findings suggesting such similarity on lexical and syntactic level.
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1. Introduction

The integration of Large Language Models (LLMs)
into academic research is now widespread. Schol-
ars use these tools for a variety of tasks, including
brainstorming ideas, enhancing productivity, ana-
lyzing data, and writing (Panda and Kaur, 2024).
LLMs have changed the way people do research:
a recent survey found that 80.88% of researchers
use LLMs in their work, with 61% employing them
for editing and 41% for direct writing (Liao et al.,
2024). Moreover, a majority of academics further
believe LLMs will fundamentally impact the schol-
arly publication process (Mishra et al., 2024).

State-of-the-art LLMs can produce high-quality
texts that are often indistinguishable from human
writing to an untrained eye, making them invalu-
able assistants, particularly for non-native English
speakers. However, large-scale studies consis-
tently reveal that LLMs possess distinct linguistic
fingerprints, making their output quantitatively dif-
ferent from human prose (Zanotto and Aroyehun,
2024; Culda et al., 2025; Opara, 2024).

This study aims to compare human-written ab-
stracts (HWT) with machine-generated ones (MGT)
from academic papers, moving beyond traditional
analyses that focus solely on lemmas, parts of
speech, and syntactic patterns. Existing studies on
this topic generally rely on older models like GPT-
3.5 with limited contextual prompting and offer only
a restricted linguistic analysis, concentrating on
surface-level features such as hapaxes, overused
words, and selected syntactic structures.

We address these gaps by analysing a large

dataset of full academic publications paired with
human-written abstracts. To create machine-
written counterparts, we employ the advanced GPT-
40 model (OpenAl, 2024) and complement our anal-
ysis with outputs from two leading open-source
systems: Llama 3.1 8B Instruct (Grattafiori et al.,
2024) and Qwen 2.5 7B Instruct (Yang et al., 2025;
Team, 2024). This multi-model approach is essen-
tial; while ChatGPT remains dominant, growing
data protection concerns (Ali et al., 2025; Novelli
et al., 2024) are steering researchers toward open-
source alternatives, thereby increasing the likeli-
hood that future scientific content will be generated
by these models.

Our evaluation introduces two novel dimensions:
(a) information-theoretic measures such as sur-
prisal and Uniform Information Density (UID) to
assess statistically significant differences in the
cognitive processing of HWT versus MGT, and (b)
extrinsic evaluation through topic modelling and
clustering to examine the impact of MGT on NLP
applications commonly used in the scientific do-
main.

The remainder of the paper is structured as fol-
lows. Section 2 provides an overview of research
on linguistic features in HWT and MGT. Section
3 details the dataset and methodology. Section
4 presents the results of the information-theoretic
measures and the topic modelling experiment. Sec-
tion 5 discusses the findings. Finally, Section 6
concludes with remarks and directions for future
work.
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2. Related Work

Easy accessibility and user-friendly design of LLM-
based chatbots have lead to LLMs being actively
used in various domains from everyday activities
to software development and academic research.
With the amount of LLM-generated content rapidly
increasing, the analysis of LLM-written texts and
their differences from human-authored content has
acquired a prominent role in the NLP community.

Such studies have been conducted for a vari-
ety of text registers. For instance, Mufoz-Ortiz
et al. (2024) compared human-written news arti-
cles with those generated by three open-source
LLMs. Similarly, Georgiou (2024) analysed ILETS
essays written by humans and a GPT model. San-
dler et al. (2024) used two GPT models to simulate
oral conversations and compared them to real hu-
man interactions.

Focusing on scientific texts, Juzek and Ward
(2024) and Kobak et al. (2025) analysed excess
vocabulary associated with the style of writing char-
acteristic of LLMs (e.g., words like delve, pivotal,
underscore, etc.). A number of studies compared
syntactic properties of academic texts written by
humans and LLMs and performed quantitative lin-
guistic analyses comparing distribution of part-of-
speech tags, dependency relations and employing
metrics like type-token ratio or lexical density (Liao
et al., 2023; Culda et al., 2025; Berber Sardinha,
2024). Bagdasarov and Alves (2025) comple-
mented such analyses with average dependency
length, tree depth, and branching factor. Some
studies, in turn, relied on mixed datasets that also
contain academic texts, however without address-
ing this register specifically (Zanotto and Aroyehun,
2024; Opara, 2024; Reinhart et al., 2025).

While diverging in individual findings depending
on exact text type and models selected, all previous
studies conclude that HWT and MGT differ consid-
erably both on lexical and syntactic level. However,
we are not aware of a study that goes beyond lin-
guistic analyses to consider how HWT and MGT
handle the information and thematic content. Here,
we aim to address this research gap.

3. Data and Methods

3.1. Data

In this study, we use the ACL Anthology Corpus (Ro-
hatgi, 2022) to generate abstracts with LLMs. This
corpus, containing ACL submissions ranging from
mid 20th century to 2022, is a useful resource for
our purposes as it contains both full texts of papers
and their abstracts that can be used as baseline for
comparison with LLM-generated texts. Apart from
that, the dataset is limited to publications prior to

2022, ensuring that no abstracts were written with
the use of LLMs.

Due to the extensive size of the corpus, which
would result in high material and computational
costs, and the presence of noisy data, we selected
a sample of papers that meet the following crite-
ria: a) both full text and abstract are available; b)
publication year: after 1999; c) language: English;
d) length of the abstract: between 100 and 200
words; e) length of the full paper: only those within
one standard deviation of the mean length among
those in the interquartile range. After applying the
filters, we obtained a subset of 10,393 papers with
their abstracts.

LLM abstracts were generated using three state-
of-the-art models: gpt-40-2024-08-06 (OpenAl,
2024), Llama-3.1-8B-Instruct (Grattafiori et al.,
2024) and Qwen2.5-7B-Instruct (Yang et al., 2025;
Team, 2024). Table 1 summarises the models’
technical characteristics. The GPT model was ac-
cessed via OpenAl API using openai' Python li-
brary. The two open-source models were accessed
through the huggingface transformers? Python li-
brary using the text generation pipeline. The mod-
els were prompted with the temperature set to 1,
while default values were retained for all other set-
tings. The prompt included both a system message
and a user message and reads as follows:

System message:
cient writing assistant specialized
in creating concise and accurate
text summaries for scientific pub-
lications. I will provide you with
the full text of a scientific paper
from the field of computational lin-
guistics. Your task is to read the
paper and write a clear and concise
abstract for it. Write the abstract
from the author’s perspective. The
abstract should be between 100 and
200 words long. Do not include any
additional text like "Abstract:" or
"Here is the abstract:".

User message: Write an abstract for
this scientific paper: [FULL TEXT
OF PAPER]

Table 2 presents some statistics of both human
abstracts and those generated by the three mod-
els. As can be seen, Llama was considerably more
verbose than other LLM and humans both in terms
of the number of words and sentences, often ex-
ceeding the output length stipulated in the prompt.
In contrast, the abstracts generated by Qwen were
more laconic.

You are an effi-

'https://pypi.org/project/openai/
2https://pypi.org/project/transformers/
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Model Parameters Layers Context
gpt-40-2024-08- - - 128K
06

Llama-3.1-8B-

Instruct 8B 32 128K
Qwen2.5-7B-

Instruct 7.61B 28 131K

Table 1: Specifications of the LLMs used for ab-
stract generation.

Source Tokens Types Sentences
Human 1,700,972 32,808 64,975
Llama 2,392,988 34,688 83,534
Qwen 1,524,521 29,388 60,018
GPT 2,034,978 32,880 76,710

Table 2: Number of tokens, types and sentences
of abstracts by source.

3.2.

We approach the informativity of HWT and MGT
with surprisal — an information-theoretic measure
that quantifies how predictable or unpredictable a
word is in a given context (Shannon, 1948). For-
mally, surprisal is defined as the negative logarithm
of a word’s conditional probability given its context.
(see Equation 1). A number of experimental studies
have shown that surprisal is positively correlated
with processing effort as measured, for example, by
reading times (Demberg and Keller, 2008; Delogu
et al., 2017; Wilcox et al., 2023).

Information Content

S(w;) = —logy P(w; | wy,wa, ..., wi—1) (1)

We used the smallest GPT-2 model® with 124M
parameters to calculate surprisal, while providing
the model with full abstracts as context. The small-
est GPT-2 model was chosen because multiple
studies have systematically shown that larger mod-
els generate lower surprisal values, providing a
poorer fit compared to both human reading times
(Oh et al., 2022; Oh and Schuler, 2023; Oh et al.,
2024) and neuroimaging data (Lin and Schuler,
2026). This pattern may arise because increases
in training data and parameter count lead larger
models to memorise even rarely occurring linguistic
patterns and, therefore, underestimate the process-
ing difficulty of lower-frequency words.

Surprisal values were extracted using sur-
prisal* Python library. Word surprisal was sub-
sequently calculated by summing the surprisal val-
ues of subword tokens. Then, we calculated mean

3https://huggingface.co/openai-community/gpt2
*https://pypi.org/project/surprisal/

surprisal for each abstract, excluding punctuation
marks. Finally, we calculated mean surprisal values
for each part of speech (PoS).

3.3.

Apart from the mere information load of text, an-
other factor influencing comprehension is the distri-
bution of information. If we part from the premise
that humans are rational writers striving for efficient
communication, we would expect them to distribute
information evenly in texts to avoid extreme peaks
and troughs. This is known as Uniform Information
Density (UID) hypothesis (Frank and Jaeger, 2008).
Following Philipp et al. (2023), we operationalise
information density as local UID by calculating neg-
ative average surprisal difference of neighbouring
tokens for each abstract (see Equation 2). In this
implementation, values closer to 0 indicate a more
uniform distribution of information in a text.

Information Density

n

UIDpocar = —% > (S(wi) = S(wi—1))*  (2)

i=1

Consider, forinstance, Examples 1 and 2. As can
be seen in Figure 1, the first sentence has a higher
peak in the information content, also reflected in a
more negative UID local value of -32.25 compared
to -13.3 of the second sentence. This means that
Example 1 has a more uneven, and therefore, less
optimal distribution of information.

(1) Inthis paper, we consider the problem of shifted
label distribution.

(2) In this paper, we propose a novel news bias
dataset.

< 0‘7 60
2 2 & >
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Figure 1: Example of more evenly (yellow) and
less evenly (blue) distributed information in two
sentences.

3.4. Topic Modelling

We conducted an extrinsic evaluation based on
topic modelling to compare the thematic organi-
sation of abstracts generated by LLMs with those
written by humans. The goal was to assess how
each system structures information into latent top-
ics and to quantify their degree of similarity.
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For each dataset (i.e., one per LLM and one
for the human baseline), we applied BERTopic
(Grootendorst, 2022), which combines transformer-
based embeddings with clustering and class-based
TF-IDF keyword extraction. Abstracts were first
preprocessed by lowercasing, removing punctua-
tion and digits, and filtering out stopwords using
the NLTK English list extended with domain-specific
terms (e.g., study, results, paper, method, analy-
sis, data). This normalization reduced noise and
improved topic interpretability.

We examined two experimental scenarios: (a)
an unsupervised setting using BERTopic’s default
HDBSCAN clustering, which allows the algorithm
to infer the optimal number of topics based on the
intrinsic structure of each dataset; and (b) a con-
trolled setting, where we replaced HDBSCAN with k-
means, fixing the number of clusters to 20 to ensure
consistent topic granularity across all models. In
both scenarios, document embeddings were com-
puted using the a11-MiniLM-1L6-v2 model from
SentenceTransformers (Reimers and Gurevych,
2019), which provides compact and semantically
meaningful sentence-level representations.

For each configuration, BERTopic identified the
ten most representative keywords per topic using a
CountVectorizer configured with the same stopword
list. Each abstract was assigned to one topic, and
the resulting topic labels and keywords were saved
for subsequent comparison.

After generating topic assignments and key-
words for each model and for human-authored ab-
stracts, we conducted a quantitative comparison
of topic structures across all models by comput-
ing pairwise clustering similarity using Normalized
Mutual Information (NMI). For each pair of models,
the topic label arrays corresponding to the same
abstracts were compared using scikit-learn’s nor-
malized mutual_info_score function. NMI
measures the agreement between two clusterings
while being invariant to label permutations, and is
normalized to range from 0 (no agreement) to 1
(perfect alignment). The resulting pairwise NMI
values are presented in the format of a heatmap.

To complement this label-based comparison, we
performed topic-level alignment based on keyword
semantics. For each model, the top keywords of
each topic were extracted and encoded into embed-
dings using the al1-MiniILM-L6-v2 model from
SentenceTransformers (Reimers and Gurevych,
2019). Pairwise cosine similarity between topic em-
beddings of two models was computed, producing
a similarity matrix where each entry represents the
semantic closeness of a topic from one model to a
topic in the other. For each topic in the first model,
the most similar topic in the second model was
identified, and the corresponding similarity score
was recorded. The results were saved in a CSV

file listing all aligned topic pairs and their cosine
similarity scores.

4. Results

4.1.

We calculated the average surprisal values for each
abstract. As shown in Figure 2, abstracts generated
by GPT and Qwen exhibit slightly higher surprisal
than human-written abstracts. In contrast, Llama
produced texts with considerably lower information
content. To further examine the effect of text source
on surprisal, we fitted a mixed-effects model using
the ImerTest package (Kuznetsova et al., 2017)
in R 4.5.1 (R Core Team, 2025). The model used
mean text surprisal as the response variable and
text source as the predictor, with a random inter-
cept for text ID. Possible effects of text length is
minimised by the averaged response. We applied
treatment coding to text source, setting human to
be reference category. The mixed-effects model
showed that the surprisal differences between all
three LLMs and humans are statistically significant
(p < 0.001) as illustrated in Table 3).

Surprisal and UID

5 T T i
T - T il

E ) l
&
33
:
2 2
=

1

HUMAN GPT LLAMA QWEN

Figure 2: Grand mean surprisal for Humans, GPT,
Llama, and Qwen. Error bars show standard devi-
ation.

Effect Estimate Signif.
(Intercept) 4.646 e
SourceGPT 0.198 o
SourcelLlama -0.447 e
SourceQwen 0.166 R

Table 3: Effect of abstract source on mean surprisal.
Significance: *** p < 0.001.

Looking at mean surprisal of PoS tags, Llama
has the lowest values almost in all PoS categories
(see Figure 4), which is in line with its overall lower
surprisal on text level. Proper nouns (PROPN) show
the highest values in all types of abstracts. This is
plausible since words labelled with the PROPN tag
include unique, often acronymic, names referring
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to models (XLMRoBERTa, surprisal = 49.18), soft-
ware (EXMARaLDA, surprisal = 47.33), datasets
(VSoLSCSum, surprisal = 46.07), etc, that may be
rare or non-existent in GPT-2’s training data, re-
sulting in surprisal values extremely larger than
average. Among content words, proper nouns are
followed by adjectives and verbs in all text sources
in terms of their average surprisal. Interestingly,
common nouns score relatively low.

Considering the distribution of information in ab-
stracts, rather than the mere information content,
we computed UID for each text. Being intrinsically
negative, UID values closer to 0 indicate a more
optimal distribution of information. As shown in
Figure 3, the information content was more evenly
distributed in abstracts generated by Llama, as
compared to other LLMs and humans.

Similarly to how we proceeded with mean sur-
prisal, we fitted a mixed-effects model using UID
as response variable and text source as predictor,
while also fitting random slopes for text ids. Again,
confounding effects of text length is addressed by
the averaged nature of UID. Here, however, we
applied a sign inversion to UID values and sub-
sequently log-transformed them to deal with het-
eroscedasticity of residuals. For the sake of read-
ability, we report back-transformed estimates in
Table 4. Again, all effects are statistically signif-
icant, but the difference between human-written
abstracts and Llama abstracts seems to be much
more practically relevant.

Effect Estimate Signif.
(Intercept) -25.2 o
SourceGPT 0.45 i
Sourcellama 2.94 el
SourceQwen -0.38 el

Table 4: Effect of abstract source on UID. Signifi-
cance: *** p < 0.001.

| T
o J

HUMAN GPT LLAMA QWEN

Mean Information Density
Nob
w o
]
—

Figure 3: Mean UID. Values closer to 0 indicate a
better distribution of information. Error bars show
standard deviation.

4.2. Extrinsic Evaluation

As previously described, we also conducted a topic
modelling experiment to assess the alignment be-
tween the MGT and HGT, evaluating the influence
of MGT on NLP applications such as thematic clus-
tering.

Two conditions were tested: (a) unsupervised, in
which the clustering algorithm was free to determine
the number of clusters for each dataset, and (b)
controlled, in which the number of clusters was
fixed at 20 for all datasets. Figure 5 shows the
number of clusters identified for each LLM and the
human abstract datasets.

In all cases, the number of clusters exceeds
140, with only small differences between humans,
Llama, and Qwen. GPT abstracts generate the
largest number of clusters, which could be due to
its considerably larger vocabulary.

Figure 6 displays the NMI results for the pairwise
comparison of clusters generated from each MGT
and HGT dataset in both the unsupervised and
controlled conditions.

NMI similarity scores are consistently higher in
the controlled condition (0.59 to 0.66) compared to
the unsupervised condition (0.53 to 0.61), as ex-
pected due to the smaller number of clusters con-
sidered. In both conditions, the lowest NMI scores
correspond to the alignment between human and
LLM clusters, indicating that human-authored ab-
stracts and machine-generated texts tend to induce
different topic distributions. Regarding the compar-
ison among LLMs, in the unsupervised condition,
GPT clusters are more aligned with Llama clus-
ters, whereas this relationship is reversed in the
controlled condition, though with a smaller differ-
ence. Additionally, in the controlled condition, the
NMI scores between each LLM and human clusters
show no notable differences.

These results suggest that MGT, even when se-
mantically similar, produce patterns of thematic or-
ganisation that differ from HGT, affecting the result-
ing cluster structures. This divergence indicates
that the use of LLMs in scientific writing may influ-
ence downstream NLP applications, such as topic
modelling or clustering analyses, which rely on the
statistical and semantic properties of the text.

Regarding the similarity of topics generated by
MGT compared to HGT, Figure 7 shows the distri-
bution of pairwise cosine similarity scores between
human topics and each LLM in the controlled sce-
nario, illustrating the semantic alignment of gener-
ated topics with human-authored ones.

Additionally, Table 5 complements this visual-
ization by reporting the percentages of topics with
similarity scores greater than or equal to 0.7, 0.8,
and 0.9 for each LLM compared to humans.

The results presented in Figure 7 and Table 5
indicate that topics generated by Llama abstracts
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Figure 4: Mean PoS surprisal on text level.
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Figure 5: Number of clusters in the unsuper-
vised condition for each LLM and human abstract
dataset.

LLM %>07 %>08 %=>0.9
GPT 90.0 70.0 20.0
Llama 95.0 85.0 40.0
Qwen 90.0 80.0 30.0

Table 5: Percentages of topics with pairwise cosine
similarity above or equal to 0.7, 0.8, and 0.9 for
each LLM compared to HGT topics.

show the closest alignment with those extracted
from HGT, followed by Qwen. This suggests that
Llama tends to be more effective at producing text
that preserves the thematic structure observed in
human writing. Nevertheless, for all models, the

vast majority of topics (i.e., at least 90% of the 20
topics) exhibit a cosine similarity of at least 0.7, indi-
cating that even when differences exist, MGT gen-
erally capture the main semantic patterns present
in human abstracts.

Table 6 lists the five human topics with the low-
est similarity for each LLM, displaying the areas
where the models diverge most from human topic
representations.

Analysing the five topics with the lowest similar-
ity to human topics for each LLM reveals some
overlaps. GPT and Llama share three bottom top-
ics, including areas related to speech, morphol-
ogy, and semantic roles and metaphors. GPT and
Qwen share two topics, touching on semantic roles
and metaphors, as well as relation extraction and
biomedical information, while Llama and Qwen
also share two topics, including semantic roles and
metaphors and discourse and story structure. The
semantic roles topic has low similarity scores for
all three models (lowest for Qwen, below 0.6), sug-
gesting that in this specific area, the LLMs tend to
produce abstracts with more lexical variation and
less human-aligned expressions.

5. Discussion

Our results suggest that abstracts generated by
Llama are less demanding in terms of cognitive
processing in comparison to other models and hu-
mans as they show lower average surprisal and
higher UID score. Lower surprisal might be due
to Llama using a more general language vocab-
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Figure 6: Normalized Mutual Information heatmaps showing cluster alignments between each LLM and
human abstracts for the unsupervised (left) and controlled (right) conditions.
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Figure 7: Histogram of cosine similarity scores between human topics and each LLM’s topics. Higher
values indicate greater semantic alignment with human-authored abstracts.

ulary. Better information distribution can also be
explained by a less demanding vocabulary but also
by the use of more conventional syntactic struc-
tures, reducing peaks and troughs in information
content.

In the extrinsic evaluation via topic modelling and
clustering, although Llama achieved a similar NMI
compared to the other LLMs, it produced keywords
that were semantically closer to HGT for the ex-
tracted topics. This suggests less semantic devia-
tion from human-generated texts when compared
to GPT and Qwen and stands in line with previous
research suggesting stronger similarity between hu-
man writers and Llama on lexical and syntactic lev-
els (Mufioz-Ortiz et al., 2024). However, although
more than 90% of topics show semantic similarity
between the LLMs and HGT, the NMI results indi-
cate notable differences in the cluster classification
of articles. This finding suggests that MGT may
influence the outcomes of downstream NLP appli-
cations that rely on clustering or topic modelling.

6. Conclusion and Future Work

The aim of this study was to compare human-
authored and machine-generated abstracts of sci-

entific papers beyond traditional lexical and syntac-
tic analyses. We investigated more than 10,000
abstracts generated by three state-of-the-art LLMs,
comparing them with the original human-written
abstracts from two perspectives: (a) information
content and (b) topic distributions.

We operationalised information content as aver-
age abstract surprisal — an information-theoretic
measure correlated with processing effort, which
in this context reflects how much information per
word is conveyed in each abstract. Additionally,
we examined the evenness of information distribu-
tion, starting from the premise that a more uniform
distribution enhances the reader’s comprehension.
Our results suggest that abstracts generated by
Llama are less demanding in terms of cognitive
processing.

For topic modelling, we applied the BERTopic
model and evaluated both the consistency of gen-
erated clusters across categories (i.e. humans ver-
sus each LLM) and the similarity of key words used
within each topic. Our findings indicate substantial
divergence between humans and LLMs. However,
in terms of semantic similarity of key words, Llama
is closest to humans.

Future work will involve evaluations by human
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LLM Human Keywords Similarity
social, media, news, detection, online, tweets, twitter, users, 0.813
dataset, task
speech, language, recognition, asr, system, error, corpus, model, 0.795
text, automatic

GPT  semantic, verbs, srl, role, metaphor, verb, syntactic, metaphors, 0.783
expressions, constructions
language, languages, morphological, word, chinese, segmenta- 0.757
tion, words, arabic, pos, tagging
relation, extraction, information, relations, clinical, biomedical, 0.728
knowledge, medical, entities, entity
translation, machine, alignment, statistical, smt, system, parallel, 0.820
model, language, word
speech, language, recognition, asr, system, error, corpus, model, 0.813
text, automatic

Llama language, languages, morphological, word, chinese, segmenta- 0.779
tion, words, arabic, pos, tagging
semantic, verbs, srl, role, metaphor, verb, syntactic, metaphors, 0.757
expressions, constructions
discourse, annotation, relations, story, structure, connectives, au- 0.556
thorship, music, stories, text
emotion, emotions, multimodal, sarcasm, sentiment, emotional, 0.802
detection, tweets, model, irony
relation, extraction, information, relations, clinical, biomedical, 0.752
knowledge, medical, entities, entity

Qwen image, visual, images, video, multimodal, captions, descriptions, 0.703
language, dataset, caption
discourse, annotation, relations, story, structure, connectives, au- 0.681
thorship, music, stories, text
semantic, verbs, srl, role, metaphor, verb, syntactic, metaphors, 0.598

expressions, constructions

Table 6: Five human topics with the smallest similarity for each LLM. Similarity is measured as cosine

similarity between model and human topics.

raters to assess the quality and perceived read-
ability of the generated abstracts. We also plan to
include models of varying sizes within the same
family to examine the effect of model scale on writ-
ing quality, as well as to extend the analysis to other
model families.

7. Limitations

This study presents several limitations that should
be acknowledged. First, the analysis was per-
formed on a limited number of language mod-
els. Including more recent and advanced models
(e.g., GPT-5) could provide a broader and more
up-to-date perspective on the current capabilities
of LLMs.

Second, the outputs of large language models
are highly influenced by the input prompts. Al-
though we accounted for scientific English, our
evaluation was restricted to a single disciplinary
domain (that is, computational linguistics). Con-
sequently, the findings may not fully generalise to
other scientific fields.

Third, while the results indicate significant differ-
ences between MGT and HGT, with some models
performing closer to humans according to certain
measures, we have not yet conducted experiments
involving human evaluation to determine whether
these differences are perceptible to human readers.

Finally, we did not include automatic topic coher-
ence metrics such as U-Mass or NPMI, which are
commonly used as proxies for topic interpretabil-
ity. Future work should incorporate human assess-
ments of topic quality and examine their relationship
to coherence metrics, text quality, and cognitive
processing measures to provide a more compre-
hensive evaluation of model performance.
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