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Abstract

Large language models (LLMs) are increasingly used in academia for tasks such as drafting, 

editing,  and summarizing.  While  these  tools  can  improve  productivity  and accelerate  the 

research and writing processes, their  repercussions on academic writing conventions are a 

subject  that  requires  further  investigation.  This  work  examines  the  impact  of  LLMs  on 

academic writing by analyzing text similarity and linguistic trends in scientific research from 

2020 to 2024, using several metrics  to assess over 60,000 abstracts. Findings indicate that 

while LLMs have not yet led to a significant homogenization of academic abstracts in terms 

of lexicon and overall meaning, they are reshaping writing styles in distinct ways. Through 

the study of AI-generated revisions of existing abstracts, linguistic features associated with the 

“LLM writing style” were characterized, including a preference for conciseness, increased 

lexical  diversity and complexity,  and a  more direct,  immediate  tone,  often at  the cost  of 

readability and cohesion. Temporal analyses confirm most of these trends, highlighting the 

evolving role of LLMs in shaping the academic discourse, and raising important questions 

about originality, accessibility and the future of scientific research.
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1
Introduction

From the  Maschinenmensch  in  Metropolis,  to  HAL 9000  in  2001:  A Space  Odyssey  and 

Samantha in Her, humanity has always been fascinated by the idea of consciousness, and the 

thinking and feeling machine. In science fiction, artificial intelligence (AI) is often depicted as 

either the helpful  virtual  assistant  or,  more famously,  as the evil  robot turning against  its 

creators  and  plotting  mankind’s  inevitable  downfall.  While  real-world  AI  may not  be  as 

sentient  and futuristic  (or murderous)  as  its  fictional  counterparts,  its  rapid evolution and 

consequent  integration  into  everyday  life  have  sparked  countless  discussions  about  its 

potential risks, limitations and overall repercussions on society.

Today, the conversation on AI is mostly centered on language models (LLMs), deep learning 

models that specialize in natural language processing (NLP). The vast majority of LLMs are 

based on the Transformer architecture, which uses a self-attention mechanism to understand 

the context of each word and its relationship to the others in the text, regardless of position.  

This allows them to generate original text by predicting one word at a time with high accuracy 

[1]. Trained on massive datasets containing billions of words, these systems can go beyond 

simple text generation. State-of-the-art models like OpenAI’s ChatGPT and Google’s Gemini 

interact conversationally with the user and are fine-tuned with Reinforcement Learning from 

Human Feedback (RLHF) to produce human-like responses [2]. They can be used for tasks 

such as summarizing or translating text,  writing and debugging code,  question answering, 
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creative storytelling, and more, making them invaluable tools in many domains, including 

academia.

The breakthrough moment for LLMs came with the release of ChatGPT on November 30, 

2022. Before that, most people's experience with AI was limited to the use of virtual assistants 

like  Siri  and  Alexa,  playing  against  bots  in  video  games  or  using  machine  translation 

software. ChatGPT’s unprecedented ability to produce coherent, detailed and human-sounding 

responses to  prompts sparked an AI boom, capturing public attention and leading Silicon 

Valley companies to start investing in competing products [3]. Google quickly advanced its 

own conversational AI with Bard (now known as Gemini), while other companies such as 

Anthropic  and  Meta  launched  models  like  Claude  and  LLaMA,  respectively.  Today,  this 

dynamic competition continues to accelerate the adoption of LLMs across multiple sectors.

In recent years, the automation of many processes through LLMs has significantly boosted 

productivity and efficiency across various fields [4]. In content creation, AI is used to draft 

and edit articles, blog entries and social media posts, suggest creative directions and writing 

prompts, or even generate original story ideas. Legal and medical professionals employ AI to 

analyze large amounts of data and obtain useful insights for legal research or assistance in 

patient diagnosis. In software development, tools like GitHub Copilot assist programmers by 

suggesting code snippets and debugging errors in real time [5]. These diverse applications 

highlight the growing impact of LLMs on society,  but they also raise important concerns 

about misinformation, copyright, human creativity, and job displacement [6].

Specifically, the adoption of AI in academia has the potential of improving both teaching and 

learning,  as  well  as  transforming  the  way  researchers  interact  with  and  interpret  data. 

ChatGPT  can  create  customized  learning  plans  and  study  materials,  including  quizzes, 

exercises and presentations. AI tools can increase student engagement and motivation through 

gamification  elements  such  as  badges  and  leaderboards  [7].  They  can  assist  teachers  in 

explaining complex concepts, grading homework or providing students constructive feedback 

[5, 7]. Platforms like Semantic Scholar use AI to help researchers sift through large amounts 

of academic literature by extracting meaning and identifying connections from within papers 
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[8]. Overall, these technologies are facilitating access to information, helping students that 

struggle with traditional learning methods, and speeding up the research process.

However, the widespread use of such tools does not come without concerns. One major issue 

is  “AI hallucinations”,  that  is  AI-generated responses that  contain incorrect or misleading 

information.  OpenAI  itself  lists  the  production  of  “plausible-sounding  but  incorrect  or 

nonsensical  answers”  as  one  of  ChatGPT’s  limitations  [2],  and  some  argue  that  since 

hallucinations stem from the mathematical and logical structure of LLMs, it's impossible to 

fully eliminate them [9]. The issue of false scientific references is particularly common, with 

a 2024 study finding that chatbots make citation errors between 30% and 90% of the time, 

often misattributing papers'  titles,  first  authors, or publication years [10]. Researchers and 

students must carefully verify the correctness of every claim before deciding to incorporate 

AI-generated  insights  into  their  work  or  general  understanding  of  a  topic.  Moreover,  the 

alarmingly common issue of scientific fraud, where researchers falsify results and fabricate 

data  to  gain  funding and  prestige,  may be  further  exacerbated  by AI.  With  its  ability  to 

generate convincing but fraudulent scientific data, AI makes it even more challenging for peer 

reviewers to identify and prevent misconduct [11].

Another potential cause of misinformation comes from the models’ training data. Since LLMs 

generate responses based on patterns in the data they were trained on, they can propagate the 

biases inherent in such data, or even introduce new ones. This can result in the reinforcement 

of specific cultural or linguistic perspectives, as well as gender or racial stereotypes [5].   For 

example, a recent study showed that GPT-simulated physicians making life-or-death decisions 

in resource-limited settings exhibit significant bias, favoring patients of similar race, gender, 

age, political affiliation, and sexual orientation [12].  Furthermore, AI can be easily exploited 

by malicious actors to facilitate the generation and dissemination of fake news through text, 

images, audio, and video [13] for political propaganda and misinformation campaigns. 

Another point of contention is the authorship problem. Since LLMs can be used to generate 

research ideas, analyze data and even write entire essays and papers, questions arise about 

plagiarism and the extent  to which AI-assisted work can be considered truly original  [5]. 

Additionally, LLMs’ capability of answering complex questions with clarity, coherence and 
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in-depth  coverage  of  a  topic  could  be  exploited  by students  to  cheat  on  homeworks  and 

exams, particularly online ones [14]. Universities are tackling this problem in different ways, 

with some allowing AI-generated content with proper attribution, and others outright banning 

its use. In response to this, AI-detection software like GPTZero and Turnitin’s AI detection 

tools have been developed to identify AI’s contributions in a text. However, these tools are far 

from perfect, with high rates of false positives, particularly for neurodivergent writers and 

those who speak English as a second language [15].

Perhaps the most concerning consequence of LLM use in academia is the potential for over-

reliance on AI-generated content. While LLMs can reduce cognitive load by making research 

and essay writing more manageable, studies indicate that students who rely heavily on these 

tools are less likely to engage deeply with the learning material,  hindering their ability to 

process and critically analyze information [16]. Additionally, as more people turn to AI for 

their academic work, diversity of thought and originality in writing may decrease in favor of 

efficiency and productivity. This concern extends beyond academia, with overdependence on 

AI raising similar fears regarding the loss of human touch in art and literature [17]. 

Overall,  despite  the  undeniable  appeal  of  personalized  learning,  enhanced  research 

capabilities, and increased efficiency, it is crucial not to overlook the potential downsides. 

Integrating  LLMs  into  academia  must  be  approached  with  caution,  addressing  serious 

concerns such as academic integrity,  the spread of misinformation, and the loss of critical 

thinking to ensure responsible and effective use.

As  large  language  models  have  already begun to  reshape  the  academic  landscape,  much 

remains to be understood about their effects on writing itself. Previous studies have identified 

key  characteristics  of  AI-generated  academic  text,  including  the  disproportionate  use  of 

certain adverbs and adjectives [18], as well as shifts in word frequency trends [19]. Tools like 

ChatGPT tend to favor declarative sentences, active voice, and the simple present tense when 

generating  academic  prose.  AI-generated  writing  is  also  characterized  by frequent  use  of 

jargon,  technical  terms,  and  abbreviations  without  explicit  definitions,  along  with  high 

keyword  and  lexical  density  [20].  Additionally,  OpenAI  has  noted  that  ChatGPT  often 
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exhibits excessive verbosity and a tendency to overuse specific phrases [2].

This research investigates the impact of LLMs on academic writing by analyzing different 

linguistic  features  that  contribute  to  shaping  writing  style,  as  well  as  text  similarity,  in 

abstracts  from  research  papers  published  between  2020  and  2024  in  the  open-access 

repository arXiv, or  presented at one of three leading AI conferences (ICLR, NeurIPS, and 

EMNLP)  during  the  same  period.  To  assess  these  changes,  the  writing  style  of  recent 

academic publications was compared to patterns observed in AI-generated text. Specifically, 

the study examines how LLMs affect  revisions of  human-written abstracts,  and identifies 

similarities between linguistic trends in published research and tendencies seen in AI-assisted 

editing.  These  findings  add to  the  ongoing  discussion  on LLMs'  role  in  academic  work, 

aiming to foster a more nuanced understanding of its benefits and drawbacks.

The rest of this work is organized as follows. Chapter 2 provides an overview of previous 

research on the impact  of  LLMs on society,  with a  particular  focus on academia.  It  also 

reviews studies on the characteristics of LLMs’ writing style, and approaches to compute text 

similarity. Chapter 3 describes the data collected and the pre-processing performed to prepare 

it for analysis. Chapter 4 outlines the selected metrics to evaluate text similarity and writing 

style, along with their implementation. Chapter 5 presents the experiments conducted on the 

data and its AI-generated revisions, followed by a discussion of the results. Finally, Chapter 6 

concludes this  work with a  summary of findings,  key results,  and potential  directions for 

future research.
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2
Related Works

This  chapter  reviews  past  studies  relevant  to  the  topics  covered  in  this  work,  including 

concerns about LLM use, particularly in academia,  characteristics of LLMs' writing style, 

and  the issue of text similarity.

2.1 Impact of LLMs on society and academia

The  impact  of  LLMs on different  facets  of  society has  been extensively investigated  by 

researchers.  While  much of  the discussion centers  on ChatGPT due to  its  popularity and 

widespread adoption, these considerations likely apply to similar tools as well.

In  ChatGPT:  A comprehensive  review on background,  applications,  key  challenges,  bias,  

ethics,  limitations  and  future  scope (2023)  [5],  the  author  P.  P.  Ray  explores  potential 

applications of ChatGPT across various domains, while also highlighting its problems. One of 

the  major  issues  is  reliability:  the  model  sometimes  generates  misleading  or  inaccurate 

information which can be problematic, particularly in critical fields like healthcare, law, and 

finance. Since ChatGPT is trained on large datasets that reflect human prejudices, its outputs 

can  be  skewed  or  discriminatory,  raising  ethical  concerns  as  well  as  questions  about 

accountability for AI-generated mistakes.  Additionally,  over-reliance on AI could diminish 
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users’ critical thinking and problem-solving skills.

The model's “black box” nature means that its decision-making process is not transparent, 

which complicates the task of diagnosing errors or understanding how it generated certain 

answers. Other limitations include computational costs and scalability: training and deploying 

large  AI  models  like  ChatGPT  require  significant  resources,  raising  concerns  for  the 

environment.  The use of ChatGPT comes with safety risks,  as it  can be used to generate 

harmful content including hate speech and fake news, privacy concerns associated with the 

potential misuse of the data users share with ChatGPT, as well as concerns about intellectual 

property and authorship of AI-generated content.

In  Exploring ChatGPT and its impact on society (2024) [6], Haque and Li further examine 

some of these problems and add to the debate with a discussion on the effects of ChatGPT on 

the job market. The ability to automate tasks such as text summarization, translation, content 

creation and question answering poses a risk of job displacement, particularly in industries 

like customer service, data entry, and technical support. Workers with technical and AI-related 

skills may gain a competitive advantage, leading to a rise in economic inequality. However, 

ChatGPT’s  integration  into  various  industries  has  the  potential  to  also  create  new  job 

opportunities, including roles such as AI trainers, ethicists, content moderators, developers, 

and consultants. 

The increasing reliance on ChatGPT also raises concerns about social  isolation: excessive 

dependence on AI for information and entertainment may reduce human interaction. In some 

cases,  users  may develop an over-reliance on ChatGPT for  social  and emotional  support, 

which  can  negatively  impact  their  real-world  relationships,  physical  activity  and  overall 

health.

The paper Chatting about ChatGPT: How AI and GPT May Impact Academia and Libraries  

(2023)  [21]  by  Brady  D.  Lund  and  Ting  Wang,  explores  the  technological  foundations, 

capabilities, and potential implications of ChatGPT, particularly within academic and library 

settings. The study includes a direct interaction with ChatGPT, questioning it about potential 

applications in academia and libraries. ChatGPT is presented as a powerful tool for research 

and  education,  assisting  with  literature  reviews,  summaries,  data  analysis,  and  language 
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translation. However, its use raises ethical and privacy concerns, particularly regarding bias, 

misinformation, and data security. In libraries, ChatGPT could enhance search and discovery, 

metadata  generation,  and content  creation,  but it  also presents risks related to  intellectual 

property,  user  privacy,  and  the  perpetuation  of  biases  found  in  training  data.  While  the 

technology has the potential to transform academia and libraries by improving efficiency and 

accessibility,  it  also  requires  responsible  use  to  mitigate  ethical  risks  and integration  that 

enhances human expertise rather than replacing it.

ChatGPT’s  critical  thinking skills  were examined in  ChatGPT:  The End of  Online Exam  

Integrity? (2022) [14] by Teo Susnjak. In this study, ChatGPT was tasked with generating 

complex questions for undergraduate students across various disciplines, providing answers, 

and  critically  evaluating  them.  The  responses  demonstrated  clarity,  precision,  and 

comprehensive coverage of topics while maintaining logical coherence despite their length. 

According to the author, ChatGPT’s ability to critique its own answers, identifying strengths 

and weaknesses and suggesting improvements, indicates genuine critical thinking rather than 

simple  memorization  and rephrasing.  This  makes  ChatGPT a  powerful  tool  that  students 

could exploit for academic dishonesty, particularly in online exams, where its responses are 

virtually indistinguishable from those of a human.

In Generative AI and the Automating of Academia (2023) [22], Watermeyer et al. explore how 

the rise  of  generative artificial  intelligence (GAI)  tools,  particularly LLMs like ChatGPT, 

impacts academic work within the higher education system. A survey of 284 UK academics 

revealed  a  near-even  split  between  those  using  and  not  using  GAI,  though  a  majority 

acknowledged that these tools are altering their work practices. While some academics use AI 

to  delegate  administrative tasks and editing,  enhancing productivity and enabling them to 

meet institutional demands more efficiently, others perceive it as a threat to academic integrity 

and quality,  and worry that  this  newfound efficiency will  lead to greater  expectations for 

output, intensifying workload. The study highlights concerns that GAI reinforces academia’s 

obsession with metrics,  deepens existing status  hierarchies,  and aggravates  inequalities.  It 

warns that uncritical adoption of GAI risks further alienating academics from their intellectual 

work, supporting a system that values quantity over quality.
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2.2 LLMs’ writing style

The  stylistic  features  of  AI-generated  writing  are  another  subject  explored  by  previous 

research. Tools like ChatGPT are capable of adapting their writing style based on context and 

specific  requirements.  These  chatbots  can  mimic  different  tones  and  formats,  producing 

formal responses for essays while adopting a more relaxed and conversational style in casual 

interactions.  This adaptability enables LLMs to serve various applications, from academic 

writing and professional reports to informal conversations and creative content.

In Do Artificial Intelligence Chatbots Have a Writing Style? An Investigation into the Stylistic  

Features  of  ChatGPT-4  (2023)  [20] by AlAfnan  and MohdZuki,  the  authors  analyze  the 

stylistic features of ChatGPT-4’s responses to prompts with a focus on word choice, sentence 

length, paragraph length, tense usage, mood, voice, and pronoun selection. The study reveals 

variations across different types of writing. In case study-based responses, paragraphs were 

generally short,  with active, imperative sentences, reflecting a direct communication style. 

These responses primarily employed the second-person pronoun “you” and the possessive 

“your.”  Keyword  and  lexical  density  were  relatively  low,  with  limited  repetition  and  an 

average  level  of  lexical  diversity,  resulting  in  a  high  reading  ease.  For  business 

correspondence,  ChatGPT-4  generated  short  paragraphs  using  predominantly  declarative 

sentences in simple present and simple past tenses. These responses were structured in active 

voice  and  primarily  written  in  the  third  person.  The  study  observed  that  business 

correspondence responses used subject-specific technical terms without offering definitions 

and exhibited high keyword and lexical density, and low lexical diversity, making them less 

readable  compared to  other  forms  of  writing.  In  academic  writing,  ChatGPT-4 generated 

longer  paragraphs  with  declarative  sentences.  The  writing  employed  multiple  tenses, 

predominantly  in  active  voice.  Pronoun  usage  was  limited,  with  “they”  and “their”  used 

mainly  for  comparison  and  general  references.  ChatGPT-4’s  academic  writing  style 

incorporated abbreviations and technical terminology without explanation and keyword and 

lexical density were high,  while  lexical diversity was low, leading to  an average level of 

reading ease.

Both  Is ChatGPT Transforming Academics' Writing Style? (2024) [19] by Geng and Trotta 
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and Monitoring AI-Modified Content at Scale: A Case Study on the Impact of ChatGPT on AI  

Conference Peer Reviews (2024) [18] by Liang et  al.  observe a shift  in the frequency of 

specific terms in research papers, which can be attributed to the introduction of large language 

models in academic writing practices. Liang et al., after comparing term frequency in peer 

reviews from AI conferences between 2020 and 2024, noted a significant increase in the use 

of adjectives such as "commendable," "meticulous," and "intricate." They also compiled lists 

of adjectives and adverbs disproportionately used by AI. On the other hand, Geng and Trotta 

detected and analyzed ChatGPT's impact in arXiv abstracts through a statistical analysis of 

word  frequency.  The  changes  in  word  frequency  after  ChatGPT’s  release  align  with 

predictions made from simulations of ChatGPT’s influence on users’ prompts for revisions or 

editing.  Furthermore,  the  study  showed  that  the  category  most  affected  by  AI  use  is, 

predictably,  Computer  Science,  while  mathematicians  appear  less  inclined  to  adopt  such 

technologies.

2.3 Text similarity

All these considerations informed the analysis of the impact of LLMs in academia in this 

work, which is particularly focused on text similarity and writing style.

The  problem of  text  similarity  is  fundamental  to  many  applications  in  natural  language 

processing.  A Survey  of  Text  Similarity  Approaches  (2013)  [23]  by  Gomaa  and  Fahmy 

provides  a  comprehensive  review  of  various  techniques  used  to  measure  text  similarity, 

categorizing them into four main approaches. String-based similarity methods compare text at 

the string level, disregarding meaning. Corpus-based similarity determines similarity based on 

information  retrieved  from large  corpora.  Knowledge-based  similarity  relies  on  semantic 

networks, such as WordNet, to compute similarity. Finally, hybrid similarity methods integrate 

two or more of these approaches to enhance accuracy and robustness.

A more modern perspective is given by Evolution of Semantic Similarity—A Survey (2020) 

[24] by Chandrasekaran and Mago, which centers on semantic similarity. This survey adopts a 
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similar  classification (corpus-based,  knowledge-based and hybrid methods)  but  puts  more 

emphasis on recent approaches, describing text embedding techniques such as Word2Vec and 

GloVe, as well as the application of deep learning models like BERT to the text similarity 

problem.
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3
Data & Pre-Processing

This  chapter  describes  the  two  datasets  used  to  assess  the  effects  of  LLM  adoption  in 

academic writing. It outlines the data collection process and the pre-processing steps taken to 

remove noise and ensure the data's  suitability for analysis.  Additionally,  a  section of  this 

chapter  defines  two  smaller  datasets,  which  were  derived  from the  original  ones.  These 

subsets were chosen due to their higher likelihood of reflecting the effects of LLM usage, as 

indicated by the increased presence of terms that previous research has linked to AI-generated 

content.

3.1 Datasets and pre-processing

The data collection process for this study aimed to compile a comprehensive set of academic 

texts that would allow a thorough analysis of the impact of LLMs on academia in terms of 

text similarity and writing style. Abstracts from research papers (dated from 2020 to 2024) 

were chosen as they tend to have a standardized structure, making it easier to identify patterns 

and differences between human-written and AI-generated text. Their brevity ensures they’re 

compatible  with  models  like  S-BERT,  which  facilitate  text  embedding  while  preserving 

semantic meaning, but often come with token limits. Additionally, since academics primarily 

use LLMs for tasks such as editing, summarizing, and refining language, the abstract, which 

should capture the essence of a paper, is likely where AI’s influence on tone, quality, and style 
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is most pronounced.

Two main datasets were created for this study. The first one, which will be referred to as the  

conferences dataset from now on, consist of abstracts from papers presented at three leading 

conferences on artificial intelligence and machine learning: the International Conference on 

Learning Representations (ICLR) [25], the Conference and Workshop on Neural Information  

Processing Systems (NeurIPS) [26], and Empirical Methods in Natural Language Processing  

(EMNLP) [27]. These conferences were selected based on a study by Liang et al. [18], which 

found that between 6.5% and 16.9% of peer-review submissions to these venues may have 

been  substantially  modified  by  LLMs  beyond  basic  proofreading.  The  dataset  includes 

abstracts  from the  past  five  editions  of  these  conferences  (2020-2024),  along  with  each 

paper’s title, a list of authors, the conference it belongs to, and the year of publication. The 

total  number  of  abstracts  in  this  dataset  amounts  to  41,129,  with  the  following  table 

summarizing the number of abstracts per year and conference.

2020 2021 2022 2023 2024

ICLR 2592 3006 3414 4946 7377

NeurIPS 1893 2326 2823 3522 4526

EMNLP 751 847 825 1047 1234

Table 3.1: Number of abstracts per year and conference.

Interestingly, there is a noticeable increase in the number of papers presented at these AI-

focused  conferences,  especially  in  more  recent  years.  This  trend  may  reflect  an  early 

consequence of LLM adoption in academia: greater efficiency in the research process leading 

to higher productivity and an increased volume of papers. Additionally, the surge in interest in 

artificial  intelligence,  particularly  following  the  launch  of  ChatGPT in  2022,  could  have 

contributed to this growth.

The second dataset, referred to as the arXiv dataset, comprises abstracts from papers hosted 

on the open-access repository  arXiv  [28].  Papers on  arXiv  are classified into different sub-

categories based on their topic, with some papers assigned to multiple sub-categories. For this 

research, papers were classified according to the broader category of their first-listed sub-
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category, and only the papers focusing on the fields of Computer Science, Mathematics and 

Physics  were  selected,  for  a  total  of  23,341  abstracts.  As  with  the  conferences  dataset, 

abstracts span from 2020 to 2024, and are accompanied by the paper’s title, a list of authors,  

the  assigned  category,  and  the  year  of  publication.  The  following  table  summarizes  the 

number of abstracts per year and category.

2020 2021 2022 2023 2024

Computer Science 2455 2679 2495 2512 1604

Mathematics 1114 1067 1009 893 549

Physics 1557 1379 1552 1483 993

Table 3.2: Number of abstracts per year and arXiv category.

For  pre-processing,  abstracts  exceeding  512  tokens  were  removed  to  prevent  truncation 

during the embedding process with S-BERT, ensuring that the overall meaning of the text is 

preserved. For most metrics, the abstracts  were analyzed in their  original form. However, 

embeddings like TF-IDF required additional pre-processing steps, including converting the 

abstracts  to  lowercase,  removing  numbers,  punctuation,  and  stopwords,  and  applying 

lemmatization to reduce words to their root form.

3.2 Adjectives and adverbs disproportionately used by 

AI

Two additional datasets were created based on lists of the top 100 adjectives and top 100 

adverbs  disproportionately  used  by AI  (Liang  et  al.,  2024  [18]).  The  assumption  is  that 

abstracts containing a higher percentage of these terms are more likely to have been written 

with the aid of LLMs, therefore an analysis of the chosen metrics performed on such abstracts 

should result in a stronger signal of LLMs’ impact on academic writing. To test this, for each 

year and conference/category, the 100 abstracts with the highest percentages of these terms 

were selected, obtaining two smaller datasets containing 1500 abstracts each.
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Figure 3.1:  Average percentage of adverbs and adjectives favored by AI over time.

Furthermore,  tracking the  percentage of  these  adjectives  and adverbs  over  time reveals  a 

notable and consistent increase, particularly in 2023 and 2024, across all categories except 

Mathematics, as shown by Figure 3.1. This suggests a stronger adoption of LLMs in research 

writing over the past two years. These findings also align with Geng and Trotta (2024) [19], 

whose frequency-based analysis of arXiv papers indicated that the Mathematics field was less 

affected by the diffusion of LLMs, while Computer Science was affected the most.
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4
Metrics & Methods

This chapter provides a detailed overview of the metrics chosen to evaluate the impact of 

LLMs on academic writing, with a focus on text similarity and writing style. It defines each 

metric,  explains  why it  was selected for the analysis,  and discusses how it  contributes to 

shaping  different  stylistic  aspects  of  a  text,  particularly  in  research  paper  abstracts. 

Additionally, the chapter outlines the implementation of these metrics, including the specific 

computational  methods  and  tools  used.  Understanding  these  factors  will  serve  as  the 

foundation  for  gaining  deeper  insights  into  how LLM-generated  text  differs  from human 

writing,  and  the  extent  to  which  LLMs  can  influence  stylistic  elements  in  scientific 

publications.

4.1 Text similarity

In Natural  Language Processing (NLP),  text  similarity refers  to  the measurement  of how 

similar or different two pieces of text are. This concept has a wide range of applications,  

including plagiarism detection, question answering, and machine translation. Text similarity 

can be categorized into two main types:
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➢ Lexical similarity: Measures how close two texts are at the surface level, focusing on 

common words or characters while ignoring their meaning.

➢ Semantic  similarity:  Assesses  how  similar  two  texts  are  in  terms  of  meaning, 

regardless of the specific words used.

This research aims to determine whether the widespread adoption of LLMs in academia for 

tasks such as drafting, editing, or generating abstracts affects their similarity to one another. 

The concern behind this investigation is the potential homogenization of academic writing, 

which  could  result  in  a  loss  of  diversity and originality.  LLMs like  ChatGPT may favor 

certain terms, phrases [2], or syntactic structures, leading to a more standardized language. 

This tendency might cause different abstracts to appear very similar, especially if they belong 

to  papers  sharing  the  same  topic  or  research  area.  It’s  important  to  note,  however,  that 

standardization is not always negative. In fact, it could serve as a means to make research 

more accessible, particularly for non-native English speakers. By analyzing both lexical and 

semantic similarity, this study investigates whether abstracts written after the recent AI boom 

show a trend of increased uniformity in vocabulary and overall meaning.

Text  similarity is  a fundamental  concept  in  many NLP applications,  and as such, various 

approaches to the problem have been developed. Typically, text data is embedded into high-

dimensional vectors, and the similarity between these vectors is then computed using metrics 

such as cosine similarity or Euclidean distance.

Cosine similarity is a technique used to measure how similar two vectors are by calculating 

the cosine of the angle between them. It can range from -1 to 1, with -1 indicating completely 

dissimilar vectors and 1 indicating identical vectors. This metric is widely used because it is 

not affected by the length of the vectors, making it robust across a variety of text lengths and 

structures.  In  contrast,  Euclidean  distance  is  computed  as  the  square  root  of  the  sum of 

squared  differences  between corresponding elements  of  the  vectors,  with  larger  distances 

indicating lower similarity. This metric is sensitive to vector length, meaning that if a term 

appears more frequently in one text, it might mean it’s more important or simply that the text 

is longer. While both metrics have their uses, this research adopts cosine similarity as the 

25



primary measure for text similarity due to its effectiveness in normalizing for vector length 

and its consistent performance across various types of text.

To represent text as vectors, various word and sentence embeddings are commonly used in 

NLP. In this work, TF-IDF was chosen for lexical similarity, due to its emphasis on word 

frequency and its low computational demands, making it a practical option for this analysis. 

As for semantic similarity, S-BERT, a modification of BERT, was selected as it represents the 

state  of  the  art  in  capturing  complex  semantic  relationships  between  words  and phrases, 

providing embeddings that offer a deeper understanding of text beyond surface-level word 

matching.

4.1.1 Lexical similarity

A common technique for computing lexical similarity involves embedding pre-processed text, 

where stopwords are removed and words are lemmatized, using TF-IDF (Term Frequency-

Inverse  Document  Frequency).  This  method  transforms  the  text  into  a  high-dimensional 

vector, where each dimension represents a word and is assigned a TF-IDF score, calculated as 

follows:

Where:

In this formula,  D represents the entire corpus of texts,  d is a specific document within the 

corpus, and t is a term in the document. The TF component assigns higher scores to terms that 
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appear more frequently within a document, while the IDF component assigns higher scores to 

terms  that  are  less  common  across  the  entire  corpus  [29].  By combining  them,  TF-IDF 

highlights important terms in a document while penalizing common, uninformative words, 

such as articles, pronouns, and conjunctions.

While TF-IDF does not capture word semantics as effectively as models like BERT, it remains 

widely  used  due  to  its  simplicity  and  efficiency,  especially  in  scenarios  with  limited 

computational resources or smaller datasets. For this study, the texts were embedded using 

TF-IDF with the Python library scikit-learn’s  TfidfVectorizer, and the resulting 

scores were computed using the cosine_similarity function [30].

4.1.2 Semantic similarity

Semantic similarity measures how close two pieces of text are in terms of meaning, no matter  

which specific words are used. This approach is essential for understanding the relationships 

between texts in a more profound way, as it goes beyond the surface-level word matching 

seen in lexical similarity. While lexical similarity focuses on the presence of common words 

or characters, semantic similarity evaluates how similar the underlying concepts or meanings 

are between two texts.

There are several methods for embedding text while preserving its overall meaning, ranging 

from traditional  models  like  Word2Vec  and  GloVe,  to  more  advanced  Transformer-based 

ones.  Each  of  these  models  contributes  to  understanding  the  semantics  of  a  text,  but 

Transformer-based models like BERT have become the standard due to their ability to capture 

complex, nuanced relationships in language [31]. These models excel at understanding word 

meanings in context, effectively addressing challenges such as polysemy (where a word has 

multiple  meanings)  and  synonyms  (where  different  words  have  the  same  meaning).  By 

considering the surrounding context, they generate richer, more nuanced representations of 

words. However, generating these meaningful embeddings comes at the cost of significantly 
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more computational power compared to traditional models. To measure semantic similarity 

between abstracts, this research employs S-BERT (Sentence-BERT) [32], an extension of the 

Transformer-based model BERT. 

BERT  (Bidirectional  Encoder  Representations  from  Transformers)  uses  the  encoder 

component of a Transformer architecture to generate attention-based word vectors. One of 

BERT’s key strengths is its bidirectional nature, meaning it considers the context of a word 

from both the left  and right sides within a sentence.  BERT was pre-trained on a massive 

corpus  of  3.3  billion  words.  The training  process  is  designed to  prevent  the  model  from 

simply memorizing words through two tasks:

➢ Masked  Language  Modeling  (MLM),  where  the  model  predicts  randomly masked 

words in a sentence.

➢ Next Sentence Prediction (NSP), where the model determines whether two sentences 

are consecutive or not.

These tasks allow BERT to learn the relationships between words and sentences in a deeper, 

more context-aware manner [31].

S-BERT is a modified version of BERT designed specifically for efficiently and accurately 

computing semantic similarity scores between sentences. Unlike traditional models that focus 

on individual word embeddings, S-BERT uses Siamese networks and is trained on pairs of 

sentences  with  labeled  similarity  scores.  This  architecture  generates  fixed-sized  sentence 

embeddings that place semantically similar sentences closer together in the vector space. This 

makes  S-BERT particularly  well-suited  for  tasks  like  semantic  textual  similarity,  where 

understanding the meaning behind entire sentences is key [32].

Unlike lexical similarity methods, which are typically based on word-level comparisons and 

often exclude stopwords and punctuation,  embedding techniques using pre-trained models 

like S-BERT work better when applied directly to the original text. These models leverage the 

full  context,  including elements like stopwords and punctuation,  to gain a more complete 
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understanding of the text and produce more meaningful representations.

For  this  study,  S-BERT  was  implemented  using  the  Python  module  sentence-

transformers,  with  the specific  model  paraphrase-MiniLM-L6-v2  [33]  chosen 

for its balance between speed and accuracy in generating sentence embeddings. Once again, 

the similarity scores were computed using the cosine_similarity [30] function.

4.2 Writing Style

Previous studies have shown that LLMs exhibit a distinct writing style [19,  20], indicating 

that their  influence on academic writing may go beyond simply increasing text similarity. 

Writing style, at its core, is the way ideas are conveyed through language. It goes beyond 

grammatical correctness, encompassing word choice, sentence and paragraph structure, and 

more. The purpose of writing style is not simply to adhere to conventions but to communicate 

a message in a manner that is clear, engaging, and convincing.

In  literature  and  communication,  writing  styles  generally  fall  into  four  main  categories: 

persuasive,  narrative,  expository,  and descriptive.  Persuasive writing aims to convince the 

reader of a particular position or opinion through evidence. Narrative writing tells a story, 

bringing characters, settings, and conflicts to life. Expository writing is used to inform an 

audience by presenting facts, statistics, and analyses in a clear and straightforward manner. 

Descriptive writing, on the other hand, uses sensory details and literary techniques to paint a 

vivid image in the reader’s mind [34].

To gain a comprehensive understanding of how LLMs’ unique writing style can influence 

academic writing, whether through drafting, editing or text generation, this study examines 

several key metrics, divided into broader categories. Lexical features include basic statistics, 

such as the number and average length of words, and the prevalence of different parts of 

speech, as well as vocabulary richness metrics and an analysis of word frequency. Syntactic 
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features also include basic statistics, such as the number and average length of sentences, 

along  with  measures  of  syntactic  complexity  and  referential  cohesion.  The  cognitive 

complexity of abstracts is measured through readability scores and entropy, while an analysis 

of verbs’ voices, tenses and moods provides insights on tone and effectiveness of a text.

4.2.1 Lexical features

Words are the building blocks of any text, and the choice and usage of these words are crucial 

in shaping a piece of writing. For this reason, the first category of writing style metrics this 

research focuses on includes word-level statistics, as well as measures of lexical diversity and 

repetitiveness.

Basic lexical statistics

Statistical metrics can be used to analyze the structural features of text, offering an overview 

of  its  composition.  These include measures  such as  the total  number of  words  and word 

length, measured here in syllables per word. 

The length of an abstract is a key factor in determining the level of detail. A longer abstract 

allows for a more comprehensive summary of the content of a paper, providing sufficient 

background, methodology, and a preview of the research results. This gives readers a clear 

sense of what to expect in the full text. On the other hand, excessively long abstracts might 

risk becoming too information-dense and potentially overwhelm the reader. Another important 

indicator is word length. The use of longer, more complex words, often signals a higher level 

of technicality or formality in the writing. In academic abstracts, the use of polysyllabic words 

can reflect the adoption of specialized vocabulary, contributing to the professional tone of the 

text [35]. However, while the use of such vocabulary may make the abstract appear more 

authoritative or scholarly, it can also affect readability, especially for a broader audience.
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The  prevalence  of  different  parts  of  speech,  whether  noun,  verb,  adjective,  adverb,  or 

connective, plays a significant role in how information and ideas are being presented. The 

careful selection and arrangement of words contribute to the overall flow of a text, ensuring 

that complex information is communicated clearly while maintaining the necessary level of 

formality and precision.

Nouns represent people, objects, concepts, and ideas. Verbs are central to expressing action or 

states, while adjectives provide descriptive details that modify nouns, adding specificity and 

nuance. Adverbs modify verbs, adjectives, or other adverbs, offering additional details about 

how, when, where, or to what degree an action occurs. Finally, connectives serve a vital role 

in linking ideas and shaping the logical flow of sentences. They help establish relationships 

between different parts of the text, indicating contrasts, showing cause and effect, or signaling 

the sequence of actions [36].

  

In academic writing, using precise and specific nouns is essential for clarity, as they define the 

key elements being discussed. However, excessive use of overly technical nouns can make a 

text  too  information-dense  and  difficult  to  understand,  particularly if  these  terms  are  not 

defined or explained clearly. Verbs and adjectives also contribute to efficiently and precisely 

communicating ideas, but overusing adjectives can clutter the text and distract the reader from 

the main points. Adverbs can convey subtler meanings but excessive use, especially when 

they don't add critical information, can make the writing feel repetitive or imprecise. The use 

of connectives strengthens the logical expression of sentences, adds depth and organization to 

the presentation of research, but may, at times, increase textual complexity if overused [35]. 

Effective  writing  requires  conciseness;  avoiding  unnecessary  words  while  maintaining 

sufficient detail ensures that each word contributes to the text meaningfully [37].

These indicators not only offer insights into the structure and tone of the abstract but also 

highlight how various parts of a text contribute to its overall strength. The analysis of such 

indicators  was  performed  using  the  Python  library  spaCy  [38],  with  model 

en_core_web_lg, chosen  for  its  balance  between  speed  and  accuracy.  SpaCy  is a 
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powerful and widely used tool for natural language processing, designed to facilitate various 

linguistic  tasks,  including  tokenization,  part-of-speech  tagging,  dependency  parsing,  and 

syntactic analysis [39].

Vocabulary richness

Vocabulary richness refers to the variety and complexity of words used in a text. A higher 

vocabulary richness suggests a more sophisticated or technical style, while a lower richness 

may indicate simplicity or repetition.

A key measure of vocabulary richness is lexical diversity, which quantifies the proportion of 

unique words in a text. One common way to assess lexical diversity is the Type-Token Ratio 

(TTR),  calculated as  the ratio  between the number of unique words  (types)  and the total 

number of words in a text (tokens):

The scores range from 0 to 1, with higher TTRs indicating greater lexical diversity,  often 

found in more complex texts. Conversely, a lower TTR suggests simpler or more repetitive 

writing.  One important consideration to make is that TTR can be sensitive to text length: 

shorter texts tend to have higher TTRs since they offer fewer opportunities for word repetition 

[40]. However, since this study focuses on abstracts, which generally have a consistent length, 

TTR remains a valid metric for analysis.

Another measure of vocabulary richness is Yule’s K-Complexity, which has the advantage of 

being nearly independent of text length [41]. It is calculated using the formula:
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where:

• N is the total number of words in the text,

• V is the number of unique words, and

• V(i, N) represents the number of words that appear i times in the text.

This measure is lower-bounded by 0, which occurs when all words in the text are unique 

(V(1,N) = N). However, it does not have an upper bound. In general, higher K values indicate 

lower vocabulary richness, meaning the text is more repetitive [42].

For this research, both TTR and K-Complexity were implemented using the Python library  

LexicalRichness [43]. 

Additionally, this study investigates repetitiveness as another aspect of vocabulary richness, 

using gzip complexity. This measure is defined as:

where raw is the size of the raw text, and compressed is the size of the text after compression 

using  gzip.  If  a  text  is  highly repetitive,  g is  close to  1,  since the compressed version is 

significantly smaller than the raw text, while lower values of  g  indicate less repetition and 

greater vocabulary richness. It’s important to note, however, that  g can be negative for very 

short texts, where compression may actually increase the file size [44].

Word frequency

Often  accompanying the  study of  vocabulary richness,  word frequency provides  valuable 

insights into the structure of languages and has a significant impact on the writing style of a 

text. In natural language, word frequency typically follows Zipf’s Law, an empirical principle 

that describes an inverse relationship between word rank and frequency in a given text or 
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corpus [45]. In simple terms, the most frequent word (often a function word like "the" or 

"and") will appear roughly twice as often as the second-most frequent word, three times as 

often as the third-most frequent word, and so on. This creates a statistical pattern where the 

majority of words are used only once or very infrequently.  This distribution is commonly 

observed in both written and spoken language, and reflects  the principle of least  effort in 

human communication [46]. 

However, word frequencies are not stationary, meaning that the probability of using a word 

depends on various factors, such as the topic of discussion [47]. Studies have shown that a 

word's features and the context in which it is used contribute to its frequency, particularly in 

relation  to  the  desire  to  convey  information  or  align  with  a  specific  social  group  [48]. 

Additionally, frequency can be influenced by social, technological, and political factors [49]. 

Word frequency is also historically linked to the concept of readability. Thorndike’s Teacher’s  

Word Book (1921), the first extensive listing of English words based on frequency, provided 

teachers with a way to measure the difficulty of words and texts, laying the foundation for 

much of the readability research that followed. The book was based on the idea that the more 

frequently a word is used, the more familiar it is, making it easier to understand and use [50]. 

The fundamental role of word frequency in readability is evident: humans not only use certain 

words  much  more  often  than  others,  but  they also  recognize  these  frequent  words  more 

quickly, favor them, and learn them more easily [51]. As a result, the degree to which the 

word frequency of a text follows Zipf’s Law directly impacts writing style, particularly in 

terms of lexical diversity and readability. In casual or conversational writing, there is often a 

higher repetitiveness of common, everyday words that dominate the frequency distribution. 

These frequent  words,  such as pronouns,  prepositions,  and conjunctions,  make up a  large 

portion of the text, making it easier to follow, as readers encounter familiar terms more often. 

In contrast, formal or academic writing tends to include a higher proportion of varied and 

specialized vocabulary. Consequently, the word frequency curves for such texts usually show 

a  more  even  distribution,  with  a  greater  presence  of  lower-frequency terms  compared  to 

informal writing.

This research not only analyzes the general word frequency of the collected abstracts, but also 
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tracks the percentage of adjectives and verbs most frequently used by AI, based on the lists 

proposed in Liang et al. (2024) [18]. These linguistic features serve as a primary indicator of 

the impact of large language models on academic writing, and may provide a way to identify 

abstracts that have been drafted, edited, or entirely generated by AI.

4.2.2 Syntactic features

Sentences organize words to express a complete thought, often in the form of a statement, 

question, command, wish or exclamation. The second category of writing style metrics in this 

research focuses on sentence-level statistics, measures of syntactic complexity, and cohesion 

across sentences.

Basic syntactic statistics

Statistical  measures  can  analyze  the  syntactic  dimension  in  addition  to  the  lexical  one, 

including the number of sentences  and sentence length,  measured here by the number of 

words per sentence.  These features reflect the overall  organization and pacing of writing, 

significantly influencing tone, clarity, and effectiveness in academic texts.

The considerations previously made about abstract length naturally apply to the number of 

sentences as well. Additionally, sentence length can play a crucial role in defining the tone of 

an abstract.  Longer  sentences tend to  suggest  a more formal,  academic style,  as they are 

commonly associated with complex ideas and detailed explanations. This style is typical in 

scientific  and  technical  writing,  where  the  information  density  is  high  and  precision  is 

necessary.  On  the  other  hand,  shorter  sentences  typically  result  in  a  more  direct  and 

conversational  tone,  which  can  make  the  text  feel  more  accessible  but  may  risk 

oversimplification.
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Syntactic complexity

Syntactic  complexity refers  to  the  grammatical  sophistication  of  sentences,  encompassing 

various features of sentence construction that contribute to how difficult or easy a text is to 

understand. It is commonly assessed using a range of metrics that capture different aspects of 

sentence structure, such as length of production unit, overall sentence complexity, amount of 

subordination, and amount of coordination [52].

To better understand these concepts, it’s essential to clarify the role of clauses in syntax. A 

clause is a group of words that typically contains both a subject and a predicate (the verb), 

forming a unit of meaning within a sentence. An independent clause can stand alone as a 

complete  sentence,  expressing  a  complete  thought,  while  a  dependent  clause  provides 

additional information but cannot function independently as a sentence. Subordination refers 

to the relationship between an independent clause and its associated dependent clauses, while 

coordination involves joining two or more independent clauses of equal importance using 

coordinating conjunctions (for, and, nor, but, or, yet, so) [36]. Furthermore, the combination 

of  a  main  clause  and its  dependent  clauses  is  defined as  a  T-unit,  which  is  the  smallest  

grouping of words that can be classified as a sentence [53].

For the abstracts analyzed in this research, the length of the production unit is measured by 

the  previously  mentioned  average  sentence  length.  The  overall  sentence  complexity  is 

represented by the average clause density, which indicates how many clauses (independent 

and dependent) are packed into each sentence. The degree of subordination is given by the 

average  number  of  dependent  clauses  per  T-unit,  while  the  amount  of  coordination  is 

indicated by the average number of T-units per sentence.

Typically, abstracts are concise summaries of research papers and their structural complexity 

often increases due to the need to condense a large amount of information into a small piece 

of text, packing multiple ideas into each sentence. The selected metrics can indicate whether 

an abstract is syntactically dense even when it contains only a few sentences: for example, it 
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might have a low sentence count but feature long sentences and a high ratio of dependent to 

independent  clauses,  making its  structure particularly dense and complex.  This,  combined 

with high clause density, suggests a writing style that conveys substantial information through 

relatively few, yet syntactically sophisticated, sentences.

The analysis of the syntactic complexity of the abstracts in this study was conducted using the 

Python libraries spaCy (with model  en_core_web_lg) and syllapy [38, 54].

Referential Cohesion

Cohesion measures how well-connected different parts  of a text are in terms of meaning, 

based on the consistent and strategic use of grammatical or lexical devices that link concepts 

together. One way to tie two concepts together within a text is through reference, where words 

have to be interpreted semantically not in their own right, but in relation to the concepts they 

refer  to  [55].  Strong referential  cohesion enhances  clarity,  helping  readers  understand the 

relationships between ideas and ensuring smooth transitions between sentences, paragraphs, 

or sections.

In scientific writing, referential cohesion is essential for clarity and readability. It allows the 

readers  to  easily  track  and  relate  various  concepts  and  findings,  which  is  particularly 

important in abstracts, where information needs to be condensed into a short yet coherent 

summary. The cohesion in such texts is often measured by examining repeated references to 

concepts, objects, or entities across sentences, which helps ensure the text is unified and the 

ideas  are  logically  connected.  Some  key  measures  of  referential  cohesion  include  noun 

overlap, argument overlap and stem overlap.

➢ Noun overlap  occurs  when  consecutive  sentences  share  some  of  the  same  nouns, 

reinforcing conceptual continuity.

➢ Argument overlap tracks whether consecutive sentences contain nouns with the same 

lemma, indicating a shared reference even if different word forms are used.
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➢ Stem overlap  assesses  whether  consecutive  sentences  share  any lemmas,  ensuring 

consistent reference to key concepts without unnecessary repetition [56]. 

This study measures referential cohesion by calculating these metrics as percentages of the 

total  number of consecutive sentence pairs. The analysis  was conducted using the Python 

library spaCy [38] with model en_core_web_lg.

4.2.3 Cognitive complexity

Cognitive complexity refers to the mental effort needed to process and understand a text. It is 

influenced  by  factors  such  as  sentence  structure,  word  choice,  information  density,  and 

referential cohesion. This research examines cognitive complexity through two key metrics: 

readability scores and entropy.  

Readability

Readability evaluates how easily a text can be understood based on its writing style  [57], or 

the  degree  to  which  a  specific  group  of  people  finds  a  particular  text  engaging  and 

understandable [58], highlighting the connection between the text and its readers. Commonly, 

readability  is  assessed  using  formulas  that  take  into  account  factors  like  word  difficulty, 

syllable count,  sentence length and complexity,  and overall  text structure.  These formulas 

offer  several  advantages,  including  simplicity,  availability,  and  the  ability  to  estimate 

difficulty levels without prior reading. This helps writers tailor their work to their audience, 

saving time and effort. However, they also have limitations, such as their inability to measure 

actual comprehension and the inconsistencies that arise when different formulas yield varying 

results for the same text [59]. This study focuses on three commonly used metrics to evaluate 

readability: the Flesch Reading Ease Score, the Gunning Fog Index, and the SMOG Index.

38



Score US School level Interpretation

100.0-90.0 5th grade

Very  easy  to  read. 
Understood  by 
approximately  93%  of  US 
adults.

90.0-80.0 6th grade
Easy to read. Understood by 
approximately  91%  of  US 
adults.

80.0-70.0 7th grade

Fairly  easy  to  read. 
Understood  by 
approximately  88%  of  US 
adults.

70.0-60.0 8th and 9th grade

Standard  English. 
Understood  by 
approximately  83%  of  US 
adults.

60.0-50.0 10th to 12th grade

Fairly  difficult  to  read. 
Understood  by 
approximately  54%  of  US 
adults.

40.0-30.0 College
Difficult to read. Understood 
by  approximately  33%  of  
US adults.

30.0-0.0 College graduate

Very  difficult  to  read. 
Understood  by 
approximately  4.5% of  US 
adults.

Table 4.1: Flesch Reading Ease Score.

The Flesch Reading Ease Score [60] is the most widely used readability formula. It calculates 

readability based on average sentence length, measured as the number of words per sentence, 

and the average number of syllables per word, using the following formula:

Scores  generally  range  from 0  to  100,  with  higher  scores  indicating  greater  readability. 

Standard passages typically fall within the 60–70 range. Table 4.1 provides an interpretation 

of these scores [61].
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Index US School level Reading ease

17 College graduate Difficult

16 College senior Difficult

15 College junior Difficult

14 College sophomore Difficult

13 College freshman Difficult

12 High school senior Average

11 High school junior Average

10 High school sophomore Average

9 High school freshman Average

8 Eighth grade Easy

7 Seventh grade Easy

6 Sixth grade Easy

Table 4.2: Gunning Fog Index.

The  Gunning  Fog  Index  [62],  known for  its  ease  of  use,  estimates  the  years  of  formal 

education  required  to  understand a  piece  of  text  on a  first  reading.  It  takes  into  account 

average sentence length and the percentage of complex words,  where complex words are 

defined as those with three or more syllables. The formula is as follows: 

A score of 9-12 suggests that the text is comprehensible to high school students, while scores 

of 17 or higher indicate a college-level difficulty.

Finally,  the SMOG Index (Simple Measure of Gobbledygook) [58] is a readability metric 

developed as  a  more accurate  and more  easily calculated  substitute  for  the Gunning Fog 

Index. It is calculated using the following formula:
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This index focuses on the number of polysyllabic words (words with three or more syllables) 

in  a  text,  making  it  particularly  effective  for  evaluating  the  readability  of  academic  and 

professional writing. Higher SMOG scores indicate more complex texts that require advanced 

reading skills.

For this study, readability scores were computed using the Python library textstat [63], 

which  automates  the  calculation  of  various  readability  metrics,  including  the  ones  just 

described.

Entropy

Entropy is a statistical measure that quantifies the unpredictability or randomness of a text, 

drawing from information theory to assess how evenly characters are distributed throughout a 

piece of writing. Texts with higher entropy are often longer, they feature a broad range of 

vocabulary, varied sentence structures, and topics covered, resulting in less predictability and 

higher  information  density.  Conversely,  lower  entropy  suggests  a  more  formulaic  or 

predictable  pattern  in  word  selection,  where  certain  words  or  phrases  are  repeated  more 

frequently, leading to less variation and lower information density.

Entropy is often calculated based on the frequency distribution of characters in a text, and is 

usually expressed in bits. The formula for entropy is typically:

where p i is the probability of the  i-th character occurring in the text,  and  n  is  the total 

number of unique characters [64]. By analyzing entropy, it’s possible to gain insights into the 
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stylistic features of a text, particularly in terms of its unpredictability and information content.

4.2.4 Verb forms

The fourth and final category of metrics focuses on verbs and how the choice of specific 

tenses, moods, and voices serves as a strong indicator of writing style. For this reason, an 

analysis of the percentages of these different verb forms was included in this study to better 

understand how LLMs influence academic writing. The choice of verbs significantly affects 

tone, clarity, formality, and the overall effectiveness of academic communication, making it a 

crucial aspect to examine when assessing how LLMs generate or modify academic content. 

For example, a frequent use of the past tense may indicate a historical or narrative style, while 

the  present  tense  is  commonly  employed  in  academic  or  journalistic  writing  due  to  its 

immediacy.  A verb's  voice  impacts  the  directness  of  the  text,  and  the  choice  between 

indicative,  subjunctive,  or  imperative  moods  influences  tone  and  reader  engagement.  By 

evaluating  verb  tense,  mood,  and voice,  it  is  possible  to  gain  insights  into  the  linguistic 

patterns produced by LLMs and how they differ from those of human writing.

The use of tense in any type of writing shapes the temporal framework of the text. While 

some languages do not have tenses, many others primarily feature three main tenses: present, 

past,  and future.  These tenses play a crucial  role in establishing the timing of events and 

actions within a narrative, allowing readers to understand when occurrences take place and 

how they relate to one another.

➢ Present Tense: This tense imparts a direct and active tone to writing, conveying a sense 

of  immediacy  and  relevance.  It  is  often  employed  to  describe  general  truths, 

established facts, or ongoing actions. Therefore, in academic writing, it  is ideal for 

presenting current knowledge, theories, or results.

➢ Past  Tense:  The  past  tense  is  typically  used  for  reporting  completed  actions  or 

findings. In research contexts, it is the most common tense for describing methods, 

results, and experiments that have already taken place, setting a more definitive tone.
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➢ Future Tense: Future tense is used to discuss predictions, proposals, or potential future 

research. It introduces an anticipatory tone, focusing on upcoming developments or 

hypotheses that are yet to be explored [65].

The mood of a verb influences how the writer conveys certainty, suggestion, or possibility, 

allowing  speakers  to  express  their  attitude  toward  what  they  are  saying.  While  some 

languages  have  as  many as  sixteen  moods,  the  primary moods  in  English  are  indicative, 

imperative, and subjunctive.

➢ Indicative Mood: The indicative mood is the most common in academic writing, used 

to present facts, describe actions, or make statements about reality. It is the default 

mood for  straightforward,  factual  communication,  helping  to  assert  conclusions  or 

observations.

➢ Imperative Mood: The imperative mood is used to issue commands, suggestions, or 

instructions. It is direct and often found in procedural or instructional writing, such as 

in methods sections or guidelines.

➢ Subjunctive  Mood:  The  subjunctive  mood  is  used  for  expressing  hypothetical 

situations,  recommendations,  or desires.  It  is  often used in academic writing when 

discussing potential outcomes, proposing ideas, or expressing uncertainty [66].

The voice of a verb describes the relationship between the verb itself and its arguments, the 

subject and the object. The choice between active and passive voice has a significant impact 

on the tone and emphasis of the writing.

➢ Active Voice:  In the active voice,  the subject  performs the action.  Active voice is 

typically more concise, direct, and easier for readers to follow. It is commonly used in 

academic writing to highlight the person or entity responsible for an action or finding.

➢ Passive Voice: Passive voice focuses on the action itself. In academic writing, passive 

constructions are often used to emphasize the process, results, or object of study, rather 

than the researchers  or authors.  It  provides a  more impersonal,  objective tone,  but 

excessive use can lead to vagueness or overly complex sentence structures [66].
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The verb analysis in this research was performed with the aid of Python library spaCy [38] 

with  model  en_core_web_lg.  Specifically,  spaCy’s  part-of-speech  tags,  dependency 

parsing, and morphological features were combined with common heuristics to classify verbs 

by tense, voice, and mood. While these heuristic methods are widely used and offer a practical 

solution for verb analysis, they may not capture all nuances and variability of language use, 

potentially  leading  to  inaccuracies.  Future  research  should  explore  more  sophisticated  or 

machine  learning–based  approaches  to  further  assess  the  impact  of  LLMs on  verb  form 

choices in academic writing. 
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5
Analysis & Results

This chapter provides a detailed description of the experiments conducted to assess the impact 

of LLMs on academic writing. The experiments evaluate the set of metrics introduced in the 

previous chapter,  with a focus on how they change across different years or AI-generated 

revisions.  The  results  are  thoroughly  analyzed,  highlighting  their  significance  and 

implications for the future of academic writing.

5.1 LLM-generated revisions of existing abstracts

The first experiment had the objective of understanding how LLMs impact academic writing, 

based on the assumption that most researchers and academics who use LLMs for assistance 

primarily do so for editing. To facilitate comparison, only abstracts from 2020 and 2024 were 

selected from both datasets. The abstracts from 2020 were selected because they were written 

during a time when LLMs were not yet common, making them more likely to be written 

exclusively by humans. In contrast, the abstracts from 2024 have a higher probability of being 

AI-assisted, given the widespread adoption of LLMs in academia following the launch of 

ChatGPT in 2022. 
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Detecting  Interactions  from  Neural  Networks  via 
Topological Analysis (2020) by Liu et al.

SwapTransformer:  Highway  Overtaking  Tactical 
Planner  Model  via  Imitation  Learning  on  OSHA 
Dataset (2024) by Shamsoshoara at al.

Detecting statistical interactions between input features is a crucial 
and  challenging  task.  Recent  advances  demonstrate  that  it  is 
possible  to  extract  learned  interactions  from  trained  neural 
networks. It has also been observed that, in neural networks, any 
interacting features must follow a strongly weighted connection to 
common hidden units. Motivated by the observation, in this paper, 
we propose to investigate the interaction detection problem from a 
novel  topological  perspective  by  analyzing  the  connectivity  in 
neural  networks.  Specially,  we  propose  a  new  measure  for 
quantifying  interaction  strength,  based  upon  the  well-received 
theory  of  persistent  homology.  Based  on  this  measure,  a 
Persistence  Interaction  Dection  (PID) algorithm is  developed to 
efficiently detect interactions. Our proposed algorithm is evaluated 
across a number of interaction detection tasks on several synthetic 
and  real-world  datasets  with  different  hyperparameters. 
Experimental results validate that the PID algorithm outperforms 
the state-of-the-art baselines.

This paper investigates the high-level decision-making problem in 
highway scenarios regarding lane changing and over-taking other 
slower  vehicles.  In  particular,  this  paper  aims  to  improve  the 
Travel Assist feature for automatic overtaking and lane changes on 
highways.  About  9  million  samples  including  lane  images  and 
other  dynamic  objects  are  collected  in  simulation.  This  data; 
Overtaking on Simulated HighwAys (OSHA) dataset is released to 
tackle this challenge. To solve this problem, an architecture called 
SwapTransformer  is  designed  and  implemented  as  an  imitation 
learning approach on the OSHA dataset. Moreover, auxiliary tasks 
such  as  future  points  and  car  distance  network  predictions  are 
proposed to aid the model in better understanding the surrounding 
environment.  The  performance  of  the  proposed  solution  is 
compared  with  a  multi-layer  perceptron  (MLP)  and  multi-head 
self-attention networks as baselines in a simulation environment. 
We  also  demonstrate  the  performance  of  the  model  with  and 
without  auxiliary  tasks.  All  models  are  evaluated  based  on 
different  metrics  such  as  time  to  finish  each  lap,  number  of 
overtakes, and speed difference with speed limit. The evaluation 
shows that the SwapTransformer model outperforms other models 
in different traffic densities in the inference phase.

Identifying statistical interactions among input features is crucial 
yet  challenging.  While  recent  work  extracts  interactions  from 
trained neural networks, we propose a novel topological approach.  
Observing  that  interacting  features  exhibit  strongly  weighted 
connections  to  shared  hidden  units,  we  leverage  persistent 
homology  to  quantify  interaction  strength.  This  yields  a  new 
algorithm,  Persistence  Interaction  Detection  (PID),  which 
efficiently  identifies  interactions.  We  evaluate  PID  on  diverse 
synthetic  and  real-world  datasets,  demonstrating  superior 
performance  to  state-of-the-art  methods  across  various 
hyperparameter settings.

This  paper  addresses  high-level  decision-making  for  automated 
highway  lane  changing  and  overtaking.  We  introduce 
SwapTransformer, a novel imitation learning architecture trained 
on  the  OSHA dataset,  a  newly released collection  of  9  million 
simulated  highway  driving  samples  including  lane  images  and 
dynamic  object  data.  To enhance  environmental  understanding, 
SwapTransformer  incorporates  auxiliary  tasks  predicting  future 
vehicle  positions  and  distances.  We  evaluate  SwapTransformer 
against MLP and multi-head self-attention baselines using metrics 
such as lap time, number of overtakes, and speed deviation from 
the  limit,  demonstrating  superior  performance  across  varying 
traffic densities.

Identifying  statistical  feature  interactions  is  crucial  but 
challenging.  Existing methods often rely on post-hoc analysis of 
trained  neural  networks.  We  introduce  Persistence  Interaction 
Detection  (PID),  a  novel  topological  approach  that  leverages 
persistent homology to directly quantify interaction strength from 
the network's hidden layer connectivity.  PID efficiently identifies 
interactions  by  analyzing  the  weights  of  connections  to  shared 
hidden  units.  Experiments  on  diverse  synthetic  and  real-world 
datasets  demonstrate  PID's  superior  performance  compared  to 
state-of-the-art methods across a range of hyperparameters.

This paper presents SwapTransformer, a novel imitation learning 
architecture for automated highway lane changing and overtaking.  
Trained on the newly released OSHA dataset (9 million simulated 
driving  samples),  SwapTransformer  leverages  auxiliary  tasks 
predicting  future  vehicle  positions  and  distances  to  enhance 
environmental awareness.  Evaluation against MLP and multi-head 
self-attention baselines, using metrics such as lap time, overtaking 
frequency,  and  speed  adherence,  shows  SwapTransformer's 
superior performance across diverse traffic conditions.

Identifying statistically significant feature interactions is crucial yet 
challenging.  Existing methods often rely on  post-hoc  analysis  of 
trained neural networks, lacking direct quantification of interaction 
strength.  We  introduce  Persistence  Interaction  Detection  (PID),  a 
novel topological method that directly quantifies feature interaction 
strength from the connectivity of a neural network's hidden layers 
using persistent homology.  PID efficiently identifies interactions by 
analyzing  weights  of  connections  to  shared  hidden  units.  
Experiments  on  diverse  synthetic  and  real-world  datasets 
demonstrate PID's superior performance compared to state-of-the-art 
methods, robustly across a range of hyperparameters.

This paper introduces SwapTransformer, a novel imitation learning 
architecture for autonomous highway lane changing and overtaking.  
Trained on the extensive OSHA dataset (9 million simulated driving 
samples),  SwapTransformer incorporates auxiliary tasks predicting 
future vehicle positions and distances to improve its understanding 
of the driving environment.  Comparative evaluations against MLP 
and  multi-head  self-attention  baselines  demonstrate 
SwapTransformer's  superior  performance  in  terms  of  lap  time, 
overtaking  frequency,  and  speed  adherence  across  varied  traffic 
conditions.

Table 5.1: Abstract samples from the datasets.

The selected  abstracts  were  processed  using  Google’s  Gemini,  specifically  the  gemini-
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1.5-flash [67] model, with the prompt: “Revise this abstract.” Each abstract underwent 

three revisions using the same prompt, and all revisions were saved alongside the original 

abstracts for comparison.

A preliminary review of the abstracts and their revisions, based on a sample reading, revealed 

several  patterns.  The revised  abstracts  are  noticeably shorter  than  the originals,  reflecting 

Gemini’s  preference  for  conciseness.  The  model  tends  to  introduce  key concepts  earlier, 

remove unnecessary words, combine sentences to create more compact paragraphs, and adopt 

a more direct writing style (e.g. “an architecture [...] is designed” versus “We introduce [...] an 

architecture”). Additionally, the second and third revisions are often very similar, differing 

only in minor word substitutions, suggesting that most changes occur in the first revision. 

Table 5.1 shows two examples from 2020 and 2024, illustrating these trends.

Following  this  preliminary  analysis,  the  metrics  discussed  in  the  previous  chapter  were 

calculated for each abstract  and its  revisions.  The results  across revisions were compared 

using  the  Wasserstein  distance,  a  measure  of  the  minimum  “cost”  required  to  turn  one 

distribution into another. Specifically, for each metric, WD1 represents the distance between 

the  original  abstracts’ distribution  and the  first  revisions’ distribution,  WD2 measures  the 

distance between the first revisions’ distribution and the second revisions’ distribution, and 

WD3 reflects the distance between the second revisions’ distribution and the third revisions’ 

distribution. Overall, the computed metrics largely confirm the trends identified in the initial 

analysis.

The  first  metric  analyzed  is  similarity,  both  lexical  and  semantic,  computed  between 

consecutive revision steps for each abstract. Specifically, similarity was measured between 

original  abstracts  and  first  revisions,  first  and  second  revisions,  and  second  and  third 

revisions. As a result, only WD1 and WD2 are applicable for these metrics. WD1 represents 

the  distance  between the distributions  of  similarity scores  computed between the  original 

abstracts  and first  revisions,  and those  computed  between  the  first  and second revisions. 

Similarly,  WD2  represents  the  distance  between  the  distributions  of  similarity  scores 

computed between the first and second revisions, and those computed between the second and 

third revisions. 
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Figure 5.1: Lexical similarity across revisions.

Table 5.2: Wasserstein distances for lexical similarity across revisions.

Figure 5.2: Semantic similarity across revisions.
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Table 5.3: Wasserstein distances for semantic similarity across revisions.

Most similarity scores between original abstracts and their first revision fall within the range 

of 0.6–0.8 for lexical similarity and a higher 0.8–0.9 for semantic similarity. Both types of 

similarity increase across revisions, indicating that revisions are more similar to each other 

than they are to the original abstracts. For both metrics, WD1 is significantly higher than 

WD2, indicating that most of the changes occur with the first revision. Moreover, WD1 is 

generally higher in 2020 than 2024. Combined with the fact that average similarity scores 

tend to be higher in 2024, this suggests that recent abstracts are written in a style that more 

closely  resembles  the  “LLM writing  style,”  therefore  requiring  fewer  refinements,  which 

could be a sign of LLM use during their production.

Figure 5.3: Number of words across revisions.
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Table 5.4: Wasserstein distances for number of words across revisions.

Figure 5.4: Average word length across revisions.

Table 5.5: Wasserstein distances for word length across revisions.

The analysis of basic lexical features shows that most abstracts range from 100 to 200 words, 

with an average word length of 1.75–2 syllables. Both metrics tend to exhibit higher averages 

in 2024 than in 2020. Across revisions, word count decreases while word length increases, 

suggesting  Gemini  favors  conciseness  and possibly more  complex or  technical  language. 

WD1 is significantly higher than WD2 and WD3 for both metrics, indicating that changes are 
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most  pronounced  in  the  initial  revision,  while  later  revisions  result  only  in  minor 

modifications. In 2024, WD1 is larger than in 2020 for word count, whereas word length 

follows the opposite trend.

Figure 5.5: Percentage of nouns across revisions.

Table 5.6: Wasserstein distances for percentage of nouns across revisions.

Regarding the prevalence of different parts of speech, nouns constitute 30–40% of total words 

in most abstracts, verbs range from 7 to 15%, adjectives from 9 to 15%, adverbs from 2 to 

5%, and connectives from 2.5 to 5.5%. Average values are generally higher in 2024 than in 

2020, with the percentage of connectives being the exception. While revisions increase the 

use of  nouns,  verbs,  and adjectives,  adverbs  and connectives  tend to  decrease.  This  shift 

suggests  that  revisions  are  more  information-dense  and  content-focused,  with  precise 

terminology possibly replacing adverbial modifiers. However, the reduction in connectives 

may  result  in  a  less  cohesive  structure,  making  logical  relationships  between  ideas  less 

51



explicit. For these metrics, the greatest shifts happen in the first revision as indicated by WD1 

being significantly greater than WD2 and WD3. Additionally, WD1 is mostly higher in 2020 

than in 2024 for all metrics except the percentage of adverbs.

Figure 5.6: TTR across revisions.

Table 5.7: Wasserstein distances for TTR across revisions.

Vocabulary richness increases across revisions according to all computed metrics, indicating 

that Gemini favors a more varied lexicon with fewer repetitions. Most abstracts have a TTR in 

the 0.55–0.7 range, Yule’s K-complexity between 100 and 200, and gzip complexity between 

0.4 and 0.5. The average TTR values for original abstracts do not exhibit a clear increasing or 

decreasing trend over the years, whereas average K-complexity is higher in 2020, and gzip 

complexity is higher in 2024. For all metrics, WD1 is much greater than WD2 and WD3, 

reinforcing once again that the first revision accounts for the majority of the changes. WD1 is 

higher in 2020 than in 2024, except for Mathematics, suggesting that some abstracts in 2024 
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may have been generated or edited with LLMs.

Figure 5.7: Word frequency curves across revisions.

Word frequency analysis reveals that the most common words in the original abstracts are 

function words such as “the”, “and”, “to”, “for”, which is expected. However, as revisions 

progress,  there  is  a  noticeable  shift  toward  more  content-specific  terms  like  “paper”  and 

“novel.” In nearly all cases, the word frequency curve flattens across revisions, indicating that 

Gemini  encourages  diversity  in  language,  potentially  incorporating  more  technical  terms 

while reducing reliance on the most frequent function words. Moreover, in the arXiv dataset 

the slope of 2024 abstracts’ curves tends to be less steep than in 2020, further suggesting that 

the writing of some of these abstracts may have been assisted by AI.

The percentage of adjectives and adverbs from Liang et al. (2024)’s lists ranges from 0 to 1% 

in the original abstracts, with 2024 exhibiting higher average values in all categories except 

Mathematics. This percentage increases across revisions, supporting the notion that AI models 

like Gemini  have a preference for  these terms.  As with other  linguistic  features,  WD1 is 

greater  than  other  distances,  highlighting  that  most  changes  are  introduced  with  the  first 

revision. This distance is higher in 2020 for all categories except Mathematics, suggesting 

again that some abstracts in 2024 may have been written or refined with LLMs.
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Figure 5.8: Percentage of terms favored by AI across revisions.

Table 5.8: Wasserstein distances for percentage of terms favored by AI across revisions.

The analysis of basic syntactic features shows that original abstracts typically consist of 5 to 

10 sentences, each containing an average of 20 to 30 words. The number of sentences tends to 

be higher in 2024 than in 2020, while sentence length generally follows the opposite trend. 

However,  the  revising  process  leads  to  a  decrease  in  both metrics,  indicating  once  again 

Gemini’s inclination towards shorter, more concise abstracts. The first revision contributes the 

most to overall modifications, as proved by WD1 being significantly higher than WD2 and 

WD3. Additionally, WD1 is more pronounced in 2024 for the number of sentences and in 

2020 for sentence length.
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Figure 5.9: Number of sentences across revisions.

Table 5.9: Wasserstein distances for number of sentences across revisions.

Figure 5.10: Average sentence length across revisions.
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Table 5.10: Wasserstein distances for average sentence length across revisions.

Figure 5.11:  Average clause density across revisions.

Table 5.11: Wasserstein distances for average clause density across revisions.

Regarding syntactic complexity, original abstracts predominantly display an average clause 

density of 2–3 clauses per sentence, average T-unit density of 1-1.5 and  0.5-1.5 dependent 

clauses per T-unit. Average values for clause density and amount of subordination per T-unit 

tend to be higher in 2024, while T-unit density follows the opposite trend. All three metrics 

decrease  across  revisions,  reflecting  Gemini’s  tendency to  shorten  abstracts  and  simplify 
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sentence structure. WD1 is larger than subsequent distances, proving again that most changes 

occur in the first revision. Furthermore, 2020 exhibits generally higher WD1 values for all 

metrics except dependent clauses per T-units, suggesting possible AI intervention in some 

abstracts from 2024.

Figure 5.12:  Noun overlap across revisions.

Table 5.12: Wasserstein distances for noun overlap across revisions.

In  the  majority  of  original  abstracts,  40-80% of  consecutive  sentences  show some  noun 

overlap, 50-85% argument overlap and almost all consecutive sentences have some lemmas in 

common. On average, these values tend to be higher in 2020 than in 2024, except for stem 

overlap. Noun and argument overlap decrease across revisions, while stem overlap shows a 

slight increase. This suggests an overall decline in referential cohesion, which may indicate 

that revisions favor conciseness at the expense of explicit connections between ideas, making 

the text harder to understand. The most substantial changes occur during the first revision, as 
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indicated by WD1 being significantly higher than WD2 and WD3. In 2024, WD1 is generally 

larger  than it  is  in  2020 for  noun and argument  overlap,  while  stem overlap follows the 

opposite  trend.  For  all  metrics,  the  Mathematics  category  often  behaves  as  an  outlier, 

exhibiting distinct trends from other categories or showing significantly different Wasserstein 

distances.

Figure 5.13:  Flesch Reading Ease Score across revisions.

Table 5.13: Wasserstein distances for Flesch Reading Ease Score across revisions.

All readability scores indicate a decline in readability across revisions. The Flesch Reading 

Ease Score for original abstracts typically ranges between 20 and 40, while the Gunning Fog 

Index and the SMOG Index fall between 15 and 17. Average values for the Flesch Reading 

Ease Score are higher in 2020, suggesting greater readability, whereas the Fog and SMOG 

Indices are higher in 2024, indicating increased complexity. WD1 is larger than WD2 and 

WD3, confirming most alterations are introduced with the first revision. This distance is more 
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pronounced in 2020 than in 2024, reinforcing the likelihood of LLM involvement in more 

recent abstracts, though Mathematics shows some exceptions.

Figure 5.14: Entropy across revisions.

Table 5.14: Wasserstein distances for entropy across revisions.

Entropy values in  original  abstracts  range from 4.3 to 4.5 bits  per  character,  with higher 

averages in 2024. Across revisions, entropy exhibits a slight increase, except for Mathematics. 

Higher entropy indicates greater unpredictability and information density, which can make 

texts more difficult to process. The most significant changes occur with the first revision, as 

proven by WD1 being higher than WD2 and WD3. WD1 is greater in 2020 for the conference 

dataset and in 2024 for the arXiv dataset, suggesting varying levels of AI influence across 

different sources.
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Figure 5.15: Percentage of active verbs across revisions.

Table 5.15: Wasserstein distances for percentage of active verbs across revisions.

Active verbs comprise 80–100% of total verbs in most abstracts, while passive verbs account 

for 0–20%. In terms of tense distribution, 25–45% of verbs appear in the present tense, 15–

40% in the past, and only a very small percentage in the future. Imperative verbs are almost 

absent, with most verbs in the indicative mood (95–100%), while subjunctives make up a 

smaller 0–8%. On average, active and indicative verbs are more prevalent in 2024, whereas 

passive, imperative, subjunctive, and past-tense verbs appear more frequently in 2020. Across 

revisions, active, indicative and present-tense verbs increase while passive, subjunctive, past 

and future-tense verbs decrease, reflecting a shift toward a more direct and engaging tone, as 

well  as  a  preference  for  clarity,  conciseness,  and  assertiveness,  making  the  text  more 

compelling and easier to follow. As with other linguistic features, the most significant changes 

occur in the first revision. WD1 is significantly higher than other distances, and most of these 

metrics and categories show larger distances in 2020 than 2024, indicating LLMs may have 
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played a role in shaping more recent abstracts.

Overall,  this  analysis  of  LLM-generated  revisions  of  research  paper  abstracts  reveals 

important insights regarding the possible impact of AI on academic writing. First revisions 

consistently introduce the majority of changes, with subsequent revisions contributing with 

only minor refinements. Notably, many of the metrics observed show that abstracts from 2024 

require fewer modifications than those from 2020, suggesting that they are already closer to 

the writing style favored by AI models. This strongly indicates that many 2024 abstracts were 

either edited by LLMs before submission or written with LLM assistance from the start. In 

contrast, 2020 abstracts, likely written by humans without AI support, exhibit more substantial 

transformations in their first revision as they are adjusted to match the typical LLM style.

The  characteristics  of  these  revisions  shed  light  on  the  writing  tendencies  of  LLMs like 

Gemini. Through revisions, abstracts become more concise, with a decrease in word count, 

sentence length, and syntactic complexity. At the same time, lexical diversity increases, with 

abstracts exhibiting less word repetitions. This, coupled with the increase of content-dense 

words like nouns, verbs and adjectives, suggest that LLMs prioritize efficiency and precision, 

reducing redundancy and enhancing specificity.

However, these revisions also reveal a trade-off: while LLMs try to simplify writing, they also 

tend to reduce referential cohesion by decreasing noun and argument overlap. Additionally, a 

decline in connectives and adverbs results in less explicit logical relationships between ideas. 

Combined with an increase in entropy and greater lexical complexity and diversity, this likely 

contributes  to  the  observed  drop  in  readability  scores.  Although  the  text  becomes  more 

information-dense and varied in vocabulary, it may also become more challenging to process.

Another  notable  shift  is  the  change  in  verb  usage.  Revisions  increase  the  use  of  active, 

indicative, and present-tense verbs while reducing passive constructions and the adoption of 

other moods and tenses. This suggests a preference for more direct, engaging, and immediate 

language.

Taken together, these trends indicate that LLM-assisted writing is shaping the evolution of 
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academic style, favoring concise, lexically diverse, and structurally efficient texts. However, 

this shift may come at the cost of readability and cohesion. 

5.2 LLM-generated abstracts

The second experiment builds on the findings of the first one, leveraging the observed trend 

that 2024 abstracts require less editing to achieve an LLM-like writing style. Specifically, 

most metrics indicate that the distributions for original abstracts are more similar to their first 

revision in 2024 rather than in 2020, suggesting that some recent abstracts are already written 

in a style more consistent with LLM-generated text. To further validate this consistency, a 

different approach was developed.

D1 is defined as the absolute value of the difference between the metric computed for the first 

revision and the original abstract, while D2 represents the absolute value of the difference 

between the metric computed for the second and first revision. The previous analysis confirms 

that D1 is larger than D2 for the vast majority of abstracts, as the most substantial changes 

almost always occur in the first revision, while subsequent revisions introduce only minor 

improvements. Given this pattern, D1 - D2 serves as an effective measure of how much an 

abstract changes across revisions. If an abstract was written with LLM assistance, its D1 - D2 

values  are  expected  to  align  more  closely with  those  of  2024 abstracts  rather  than  2020 

abstracts, indicating that fewer edits are needed to reach an LLM-like style.

To test this hypothesis, Gemini was tasked with generating 100 abstracts using the prompt: 

“Write an abstract for an academic paper on a random IT topic.” All the metrics were then 

evaluated for these AI-generated abstracts, and their D1 - D2 values were compared to those 

of 2020 and 2024 abstracts. The results show that the D1 - D2 distributions of AI-generated 

abstracts tend to be closer to those of 2024 abstracts than to those from 2020. Notably, the 

only exceptions are the number of sentences and percentage of adverbs, which did not exhibit 

the  original  trend of  2024 abstracts  being  more  similar  to  their  first  revisions  than  2020 

abstracts. Furthermore, the distances between the D1 - D2 distributions for 2020 and 2024 

abstracts are, in most cases, smaller than those between 2024 and AI-generated abstracts. This 
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suggests that while recent abstracts are adopting a more LLM-like style, there are still notable 

differences when compared to fully AI-generated abstracts. It also accounts for the fact that 

only some of the 2024 abstracts are likely written with LLMs. 

Figure 5.16: D1-D2 Comparisons.

5.3 Analysis of abstracts over the years

Lastly, text similarity and writing style metrics were analyzed for original abstracts from 2020 

to 2024 to determine whether the patterns observed in Gemini’s revisions during the first 

experiment  also  manifest  as  broader  trends  over  the  years.  If  similar  patterns  emerge, 

especially after 2022, the year of ChatGPT’s launch and consequent widespread diffusion of 

LLMs, it would suggest that LLM integration in academia has had a measurable impact on 

writing styles. It would also indicate that academic writing is gradually shifting toward a more 

LLM-like  style,  possibly leading to  greater  uniformity and standardization  between texts. 

While this shift may enhance conciseness, information density, and lexical richness, it could 
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also reduce readability, cohesion, and stylistic diversity, as authors increasingly conform to 

the linguistic preferences inherent to LLM-generated text. In the long run, this convergence 

could  reshape  scientific  writing,  making  it  more  formulaic  and  potentially  damaging  the 

variety and originality of individual expression in academia.

For  this  analysis,  lexical  and semantic  similarity were computed comparing each abstract 

from a specific year and conference or arXiv category with all the others in the same year and 

conference/category, to check if the abstracts in the past years have become more similar to 

each other in terms of specific words used and overall meaning. Additionally, the analysis was 

repeated for both metrics, focusing specifically on the two smaller datasets made of the top 

100 abstracts per year and conference/category with the highest percentage of adjectives and 

adverbs  favored  by AI.  This  was done to  assess  whether  certain  trends  are  more  or  less 

pronounced in abstracts that have a higher likelihood of being written with LLMs. 

Figure 5.17: Lexical similarity over the years.

Table 5.16: Wasserstein distances for lexical similarity over the years.
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Figure 5.18: Semantic similarity over the years.

Table 5.17: Wasserstein distances for semantic similarity over the years.

The  results  from the  conference  dataset  show that,  after  2022,  lexical  similarity  slightly 

increased in two out of three conferences, while semantic similarity increased in only one. 

The arXiv dataset reveals a similar trend, with semantic similarity increasing in two out of 

three categories.  When restricting the analysis  to abstracts  with higher percentages of AI-

preferred  adjectives  and adverbs,  lexical  similarity increased  in  all  three  conferences  and 

arXiv categories, while semantic similarity increased in all categories except Mathematics.  

However, these similarity scores are generally low, mostly ranging well below 0.1 for lexical 

similarity and between 0.2 and 0.4 for semantic similarity, with changes over the years being 

even smaller. These results suggest LLM adoption might’ve had a slight impact on abstract 

uniformity in terms of lexicon and meaning, but more research is required to make stronger 

claims. Notably, a potential factor influencing the low similarity scores obtained could be the 

subdivision of the abstracts  by conferences or broad arXiv categories.  The wide range of 
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topics  covered  within  these  categories  may  have  reduced  the  overall  similarity  between 

abstracts, and possibly hidden stronger trends.

Figure 5.19: Number of words over the years.

Table 5.18: Wasserstein distances for number of words over the years.

As for basic lexical features, the number of words in most abstracts ranges between 100 and 

225, with an average word length of 1.75–2 syllables. Both metrics increased over the years, 

suggesting  a  preference  for  longer  abstracts  and  potentially  more  complex,  technical 

vocabulary. This trend contrasts with earlier findings indicating that LLMs favor conciseness. 

However,  measuring  the  Wasserstein  distance  between distributions  for  consecutive  years 

reveals that categories more likely to adopt LLMs because of their closer relation to AI (e.g 

the conferences dataset and Computer Science category) exhibit larger shifts between 2020 

and  2022.  From 2022 onward,  these  shifts  decrease,  whereas  more  traditional  fields  like 

Mathematics and Physics show steady, incremental changes. This pattern suggests that while 

abstracts have generally grown longer, LLM adoption after 2022 may have slowed this trend, 

encouraging more concise writing. Additionally, restricting the analysis to abstracts with the 
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highest percentages of AI-favored adjectives and adverbs still shows an increase in abstract 

length, though the average word count is slightly lower.

Figure 5.20: Average word length over the years.

Table 5.19: Wasserstein distances for average word length over the years.

A similar pattern emerges for word length: the overall trend aligns with previous findings that 

LLMs favor  longer,  more  complex words,  and on top of  that  the conference  dataset  and 

Computer  Science  category  display  more  pronounced  shifts  after  2022.  In  contrast, 

Mathematics and Physics show smaller or delayed changes, implying that LLM adoption may 

have contributed to the use of longer words. Notably, the trend toward increased word length 

persists  even when focusing  only on abstracts  with  a  higher  concentration  of  AI-favored 

terms, with average word length being slightly higher.
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Figure 5.21: Percentage of nouns over the years.

Table 5.20: Wasserstein distances for average percentage of nouns over the years.

Regarding the prevalence of different parts of speech, in most abstracts nouns make up 30–

40% of total words, verbs 8–15%, adjectives 10–15%, adverbs 2–5%, and connectives 2.5–

5.5%.  Over  the  years,  these  trends  partially align  with  findings  from the  analysis  of  AI-

generated revisions (with Mathematics sometimes acting as an outlier), showing an increase 

in nouns, verbs, and adjectives, while adverbs and connectives exhibit no distinct trend. This 

could  mean  that  more  recent  abstracts  are  written  in  a  compact,  information-dense,  and 

efficient writing style.

The analysis of abstracts with the highest percentages of AI-favored adjectives and adverbs 

reveals trends that mirror those of AI-generated revisions, including a decrease in adverbs and 

connectives. Additionally, metrics such as the percentage of nouns and verbs exhibit higher 

Wasserstein distances between consecutive years after 2022, particularly between 2023 and 

2024. This effect is especially evident in fields more likely to have adopted LLMs, suggesting 
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that LLM usage may have contributed to the increased use of such parts of speech.

Figure 5.22: TTR over the years.

Table 5.21: Wasserstein distances for TTR over the years.

With respect to vocabulary richness, most abstracts exhibit a TTR between 0.6 and 0.7, Yule’s 

K-complexity between 100 and 200, and gzip complexity between 0.4 and 0.5.  All  three 

metrics indicate an increase in vocabulary richness after 2022, though gzip complexity shows 

more fluctuations, particularly for Physics and Mathematics. This aligns with previous results 

finding that LLM revisions lead to greater lexical diversity and a less repetitive vocabulary. 

The analysis of abstracts containing more terms preferred by AI largely supports this trend, 

with higher averages for TTR, and lower averages for the other two metrics. Furthermore, 

TTR and K-complexity also display larger Wasserstein distances between yearly distributions 

after 2022. This suggests that LLM adoption may be contributing to the increasing complexity 

and richness of vocabulary in academic writing.
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Figure 5.23: Word frequency curves over the years.

The analysis of word frequency across the years reveals that the most frequent words remain 

common function  words  (the,  of,  and,  to,  a,  in,  is,  for,  that),  with  "we"  becoming  more 

prominent after 2022, suggesting a shift toward a more collaborative writing style. Overall,  

curve slopes remain stable over the years, though small changes in the arXiv dataset indicate 

increasing  lexical  diversity,  aligning  with  previous  findings  on  LLM-generated  revisions. 

Interestingly, EMNLP shows the opposite trend, suggesting a growing dominance of high-

frequency words. When restricting the analysis to abstracts with the highest percentages of 

AI-favored  terms,  the  slopes  tend  to  flatten,  but  no  clear  pattern  emerges,  with  some 

categories showing an increase in lexical diversity, while others remain stable or decline.

For most abstracts, AI-favored adjectives and adverbs make up only 0–1% of the total words, 

with the highest  percentages reaching 3–4%, particularly in  recent  years.  Their  usage has 

increased  over  time,  aligning  with  previous  findings,  and  Wasserstein  distances  between 

consecutive yearly distributions become more pronounced after 2022. This effect is especially 

noticeable  in  fields  more  closely  related  to  AI,  further  suggesting  that  LLMs  might’ve 

contributed to accelerating the trend and may inherently favor these types of adjectives and 

adverbs. Once again, Mathematics acts as an outlier, exhibiting a decrease in the prevalence 

of such terms.
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Figure 5.24: Percentage of terms favored by AI over the years.

Table 5.22: Wasserstein distances for percentage of terms favored by AI over the years.

Moving on to the syntactic features, abstracts typically consist of 5 to 10 sentences with an 

average length of 20–30 words. Over time, the number of sentences increased, while sentence 

length mostly decreased. These trends partly contrast with the findings on LLMs revisions, 

which showed that LLMs favor shorter abstracts  with fewer, smaller sentences. However, 

lower Wasserstein distances after 2022 for the sentence count, combined with the fact that 

abstracts  with higher  percentages  of  AI-favored  terms reflect  the same trend as  the  main 

datasets  but exhibit  mostly lower averages,  suggest that  LLM adoption may have slowed 

down the shift toward longer abstracts. 
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Figure 5.25: Number of sentences over the years.

Table 5.23: Wasserstein distances for number of sentences over the years.

Figure 5.26: Average sentence length over the years.
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Table 5.24: Wasserstein distances for average sentence length over the years.

According  to  the  analysis  of  syntactic  complexity,  abstracts  typically  exhibit  an  average 

clause  density  of  2-3  clauses  per  sentence,  average  T-unit  density  of  1–1.5,  and average 

number of dependent clauses per T-unit between 1 and 1.5. Over time, clause density and T-

unit density generally decreased, while the ratio of dependent clauses increased. These results 

are partially in contrast with the findings from the experiments with LLM revisions, which 

showed a decrease for all  syntactic  complexity metrics and a preference for simpler,  less 

convoluted constructions. However, despite presenting the same trends as the main datasets, 

the datasets of abstracts with greater percentages of adjectives and adverbs favored by AI 

mostly exhibit  lower averages for the ratio of dependent clauses,  possibly suggesting that 

LLM contribution in writing some of these abstracts may have slowed down the increasing 

trend.

Figure 5.27: Average clause density over the years.
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Table 5.25: Wasserstein distances for average clause density over the years.

As for  referential  cohesion,  in  most  abstracts  40-80% of  adjacent  sentences  exhibit  noun 

overlap, 50-85% show argument overlap, and almost all stem overlap. Over time, all types of 

overlap  mostly  decreased,  especially  in  2024.  The  analysis  of  abstracts  with  higher 

proportions of AI-favored terms aligns with these trends, even exhibiting lower averages for 

the decreasing metrics. These findings are largely coherent with the results from the analysis 

of  AI-generated revisions,  and suggest  a  shift  toward a  less  cohesive  style,  which  favors 

conciseness over explicitly connected concepts.

Figure 5.28: Noun overlap over the years.

Table 5.26: Wasserstein distances for noun overlap over the years.
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Figure 5.29: Flesch Reading Ease Score over the years.

Table 5.27: Wasserstein distances for Flesch Reading Ease Score over the years.

Readability  declined  over  the  years  across  all  three  metrics  analyzed,  suggesting  a  shift 

toward  abstracts  that  are  more difficult  to  understand.  This  aligns  with  previous  findings 

showing that LLM revisions tend to reduce readability. Flesch Reading Ease Scores mainly 

range from 20 to 40 and have decreased across years, while the Gunning Fog and SMOG 

Indices range from 15 to 17 and have increased. These trends are even more pronounced in 

abstracts with higher proportions of AI-favored adjectives and adverbs, where average values 

are often significantly lower for the Flesch Reading Ease Scores and higher for the other two 

metrics. Additionally, Wasserstein distances tend to be larger for all three metrics in the most 

recent years, especially in 2024, suggesting LLM adoption may have accelerated the decrease 

in readability.
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Figure 5.30: Entropy over the years.

Table 5.28: Wasserstein distances for entropy over the years.

Most abstracts have an entropy between 4.3 and 4.5 bits per character, with values slightly 

growing over  the years.  This  trend aligns  with findings  from LLM revision  experiments, 

which suggest that LLMs increase entropy, editing abstracts to be more information-dense and 

unpredictable. The same pattern is observed in abstracts with higher proportions of AI-favored 

adjectives and adverbs.

The trends in verb mood, tense, and voice choices observed in LLM-revised abstracts largely 

appear in the temporal analysis as well. In most abstracts, active verbs account for 80–100% 

of total verbs, while passive verbs make up 0–20%. Present tense comprises 20–45% of verbs, 

past tense 15–40%, and future tense a very small percentage. The indicative mood is the most 

dominant, representing 95–100% of total verbs, while subjunctives range from 0–8%, and 

imperatives are almost absent. Over the years, passive voice, past and future tense, and the 

imperative and subjunctive moods have declined, especially in 2024, while active voice and 
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the indicative mood have increased,  leading to a more direct,  immediate style with fewer 

complex passive constructions.  These trends  are  particularly pronounced in abstracts  with 

higher proportions of AI-favored adjectives and adverbs, where increasing metrics tend to 

have even higher averages, while decreasing ones show lower values. Moreover, Wasserstein 

distances are often greater after 2022, further suggesting that AI adoption in academia may 

have contributed to these shifts.

Figure 5.31: Percentage of active verbs over the years.

Table 5.29: Wasserstein distances for percentage of active verbs over the years.

Overall, this analysis of research paper abstracts published between 2020 and 2024 suggests 

that  while  the  evidence  that  lexical  and  semantic  similarity  among  academic  texts  has 

increased  with  the  adoption  of  LLMs  in  academia  is  not  particularly  strong,  significant 

linguistic  shifts,  many of  which  align  with  trends  observed  in  LLM-generated  revisions, 

indicate that AI may be influencing changes in academic writing styles.

Over the years, abstracts have grown longer in both word and sentence count. The increased 

77



prevalence of nouns, verbs, and adjectives, along with higher entropy and a preference for 

more varied and complex vocabulary, suggests a shift toward a more efficient, precise, and 

information-dense  style.  More  recent  abstracts  feature  shorter  sentences  and  a  tendency 

toward simpler syntax and straightforward active-voice constructions.

Despite this, readability has declined, likely due to the adoption of a denser, possibly more 

technical language and the reduced use of referential cohesion to explicitly link ideas together. 

Additionally, shifts in verb form preferences indicate a move toward a more direct, engaging, 

and immediate tone.

Notably,  metrics that exhibit trends diverging from the results of previous experiments on 

LLM-generated  revisions,  often  show  a  decrease  in  Wasserstein  distances  between 

consecutive  yearly distributions  after  2022,  especially  in  the  conferences  dataset  and  the 

Computer Science category. This suggests that while LLM adoption may not have reversed 

existing  trends,  it  may have  slowed  them down.  Moreover,  a  notable  pattern  is  that  the 

Mathematics category often behaves as an outlier across many metrics, displaying trends that 

diverge from those of other categories. This aligns with Geng and Trotta (2024) [19], who 

observed that among arXiv categories, Mathematics appeared to be the least affected by the 

adoption of LLMs.

The results of this analysis confirm that LLM integration in academia has had a measurable 

impact on academic writing, with research paper abstracts gradually adopting certain LLM-

like characteristics.  These include a more direct  tone,  simpler constructions,  and a richer, 

content-dense vocabulary, though often at the expense of readability and cohesion. As AI tools 

become  more  prominent  in  scientific  research,  future  studies  should  examine  how  these 

stylistic  shifts  influence  comprehension,  engagement,  and  the  overall  accessibility  of 

scholarly communication.
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6
Conclusions

This study provided a comprehensive analysis of the impact of LLMs on academic writing by 

examining text similarity and linguistic trends in research paper abstracts from 2020 to 2024. 

The findings  suggest  that  while  LLMs might  not  have  made abstracts  significantly more 

lexically  or  semantically uniform,  they are  shaping academic  writing  styles  in  noticeable 

ways.

To better understand how LLMs shape writing and what linguistic features characterize AI-

generated text, an analysis was conducted on LLM revisions of existing abstracts. The results 

revealed that during the revision process, LLMs tend to favor conciseness, a more diverse and 

content-dense vocabulary, and a direct and immediate tone, reducing syntactic complexity and 

passive  constructions.  At  the  same  time,  however,  they  also  decrease  readability  and 

referential cohesion by adopting a more sophisticated vocabulary and reducing connectives, 

making logical relationships between ideas less explicit. Most of the modifications made by 

an  LLM  occur  in  the  first  revision,  with  subsequent  revisions  introducing  only  minor 

refinements. More importantly, abstracts from 2024 tend to require fewer modifications to 

match  the  “LLM writing  style”  compared  to  those  from 2020,  implying  that  many may 

already be written or edited by LLMs before submission. To further validate this observation, 

an LLM was tasked with generating and iteratively revising academic abstracts on AI-related 

topics. The comparison showed that AI-generated abstracts more closely resemble those from 

2024 than those from 2020, reinforcing the hypothesis that the extensive use of LLMs had a 
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relevant impact on academic writing.

The broader analysis of abstracts over time confirms many of the trends observed in LLM-

revised texts. Abstracts have become longer, more lexically diverse, and information-dense, 

with  increased  entropy  and  a  greater  prevalence  of  content-heavy  words  like  nouns  and 

adjectives. Syntactic complexity has generally decreased, leading to the prevalence of simpler 

constructions, but readability has also declined, possibly due to the growth of variety and 

complexity in lexicon, and the reduced use of cohesive devices. While many of these shifts 

align with LLMs’ preferences, a few of them don’t. For example, metrics such as sentence and 

word  count  deviate  from  patterns  observed  in  LLM-generated  revisions,  suggesting  that 

factors beyond AI adoption may have played a larger role in shaping the evolution of some 

academic writing conventions. However, the decline in Wasserstein distances between yearly 

distributions after 2022, particularly for those categories that are more closely related to AI, 

suggests that while LLMs may not be completely reversing linguistic trends, they may be 

slowing them down.

These findings raise important questions about the role of LLMs in academia. One major 

concern is the potential loss of originality, as standardization in writing styles could lead to 

more uniform, less distinctive academic texts. The growing adoption of LLMs might cause a 

homogenization  of  academic  writing,  reducing  stylistic  diversity  and  individuality. 

Furthermore, the decline in readability and cohesion suggests that while LLMs may increase 

efficiency in  scientific  research,  it  might  come  at  the  cost  of  clarity,  potentially  making 

research papers more difficult to understand, especially for broader audiences.

However,  standardization  is  not  necessarily  negative.  In  scientific  fields,  consistency  in 

writing styles can enhance clarity, making research findings easier to interpret and compare 

across studies. Moreover, for non-native English speakers, LLMs can serve as valuable tools 

for improving grammar,  structure,  and vocabulary,  helping to  reduce linguistic barriers in 

academia.  Balancing  the  benefits  of  standardization  with  the  need  to  preserve  individual 

expression  and  intellectual  diversity  in  academic  writing  is  a  challenge  that  requires 

thoughtful solutions.
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Future research should explore these dynamics further. Expanding the analysis to additional 

datasets,  such  as  research  papers  from  various  disciplines  or  news  articles,  could  help 

determine whether these trends are domain-specific or more widespread, as well as the extent 

to which LLMs are influencing different sectors. Additional metrics like sentiment analysis 

could help assess how LLMs impact framing in scholarly communication. Moreover, further 

investigations into semantic similarity could provide clearer insights into whether AI-assisted 

writing is making research papers not just stylistically similar, but also more conceptually 

uniform. Lastly, a deeper examination of how LLM-generated text influences peer review, 

citation patterns, and reader comprehension could shed light on the long term implications of 

AI in academic publishing.

As  LLMs  continue  to  shape  academic  writing,  understanding  their  impact  is  crucial  for 

maintaining both the accessibility and diversity of academic discourse. Careful integration of 

AI  tools,  coupled  with  awareness  of  their  limitations,  will  be  essential  in  ensuring  that 

advances  in  technology  contribute  to,  rather  than  hinder,  the  progress  of  knowledge 

dissemination.
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