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Abstract

Large language models (LLMs) have introduced new challenges to academic integrity, par-
ticularly regarding the appropriation of AI-generated outputs as original human authorship
and the difficulty of verifying independent work. While some universities and academic
publishers increasingly require explicit disclosure of the use of artificial intelligence (AI), the
scope and implementation of these requirements remain inconsistent. This paper examines
current practices related to AI use, focusing on LLM-based ghostwriting and the reliability
of disclosed interactions as evidence of authentic use. The study includes an experimental
component involving AI-assisted essay generation, highlighting practical and ethical dilem-
mas associated with academic integrity. It further explores the possibility of mimicking
authentic interactions, which raises concerns about the effectiveness of current approaches.
To investigate these questions, a survey was conducted among teaching staff at the Faculty
of Computer Science and Engineering (FCSE) in Skopje to assess their ability to identify
AI-generated essays and their trust in disclosed interactions. Among the 28 respondents, a
majority (82.14%) indicated that it is possible to identify AI-generated content based solely
on language style, while 64.29% reported detecting linguistic inconsistencies that could
result from the use of LLMs. Despite noticing AI-related linguistic markers, only 53.57%
concluded that the essay was not human-written. This view was shared by just 27.27%
of assistants, compared to 70.59% of professors, whose extensive experience appeared to
help them recognize that a substantial portion of the text had been AI-generated. The
findings are discussed in the context of teaching experience and existing policies, leading
to recommendations for improving student assessment and strengthening the ethical use
of generative artificial intelligence (GenAI).

Keywords: academic integrity; authorship verification; AI transparency; generative AI;
LLM-based ghostwriting

1. Introduction
The sudden rise and adoption of generative artificial intelligence (GenAI) have in-

troduced a new and deeply complex dimension of academic integrity (Yusuf et al., 2024;
Zdravkova & Ilijoski, 2025a). ChatGPT, Claude, Gemini and other large language models
(LLMs) offer incredible possibilities for enhancing learning, creativity, and productivity
(Rane et al., 2023). At the same time, they initiate new temptations to bypass the norms of
honest intellectual labour, not only for students (Leaton Gray et al., 2025), but increasingly
for scholars and researchers as well (Shaw, 2025).

Universities and academic publishers are gradually requiring transparency about
the use of artificial intelligence (AI) and LLMs in academic work. However, the level
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of expected requirements significantly varies. Prestigious academic institutions such as
Princeton University (2026) have some courses that go beyond simple disclosure and
may ask students to retain or submit records of their interactions with AI systems, while
others like Stanford University (2023) or University of Oxford (2026) generally require clear
acknowledgment of how AI tools were used. In scholarly publishing, major publishers
including Elsevier (2026) and Springer Nature (2026) have formal policies mandating that
authors explicitly disclose the use of GenAI, typically in a dedicated section describing
the tool and its role in the research or writing process. While full submission of prompt–
response logs is not yet a universal requirement, there is a clear trend toward more detailed
reporting, especially in contexts emphasizing research transparency and reproducibility.
Moreover, apart from demanding the authors to “disclose details on how the GenAI tool
was used”, when confirming acceptance of reviewer status, MDPI (2023) asks reviewers
not to use AI-assisted tools to review submissions or to generate peer-review reports.

Similarly to Princeton University, the Faculty of Computer Science and Engineering
(FCSE) recommends explicit disclosure of interaction with GenAI in the preparation of home
assignments and theses. While several teachers consistently implement this requirement,
for example in the Computer Ethics course (Zdravkova & Ilijoski, 2025b), where students
are asked to share their AI interaction history as a means of identifying potential academic
misconduct, many do not require it. In practice, implementation varies: some teachers do
not care too much about formal verification of academic integrity, others lack the time to
check how students perform their work, while some are sceptical about the reliability and
authenticity of the interactional evidence provided by students.

Motivated by this concern, a survey was conducted among FCSE teaching staff to
evaluate whether they could reliably identify written assignments generated entirely by
AI, as well as whether they believed that links shared by students reflected genuine inter-
actions with the chatbots. Exactly one third of the participants invited responded to the
survey, providing valuable insights and suggestions. Such a response rate is rather low,
particularly among the more experienced teachers, whose response rate was only 25%.
It seems that the colleagues who decided to participate may have had stronger opinions
regarding generative AI, greater familiarity with AI tools, or a stronger interest in academic
integrity issues than non-respondents. Their feedback offers a preliminary indication
of FCSE’s current perceptions, and the challenges associated with verifying AI-assisted
academic work. The findings contribute to the broader debate about academic integrity
by highlighting the uncertainty of educators in disclosing GenAI-generated content and
prompting the development of new, more robust assessment and policy frameworks within
higher education. These questions are the leitmotif of this paper.

The paper continues with an overview of how universities and academic publish-
ers have responded to the challenges posed by GenAI, focusing on issues of academic
integrity, authorship, assessment practices, and emerging institutional policies. Then, the
methodology and the methods are briefly announced. Section 4 presents in detail a short
essay writing experiment conducted as part of the survey, in which ChatGPT was used to
generate or support essay preparation. This section also addresses the associated ethical
dilemmas concerning academic honesty. The fifth section examines the imitation of authen-
tic interactions with ChatGPT. The sixth section presents the quantitative and qualitative
results of the survey, with particular emphasis on approaches for distinguishing between
independent student work and content produced by GenAI, as well as recommendations
for preserving academic integrity and the ethical use of such technologies. The paper con-
cludes with a critical reflection on the growing ambiguity of academic integrity originating
from GenAI use.
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2. Generative AI and Emerging Challenges for Academic Integrity
The emergence of GenAI and its unexpected reception, which according to some

sources reaches around 1 billion active users weekly (Correa, 2026; Kemp, 2025) has
significantly reshaped the challenges related to academic integrity, authorship and as-
sessment in higher education. LLMs such as ChatGPT, Gemini, and Claude have chal-
lenged traditional assumptions about independent student work, prompting institu-
tions and researchers to rethink how originality and learning outcomes are defined and
evaluated (Kasneci et al., 2023; Zdravkova, 2025). Early responses to these challenges
mainly focused on identifying risks to academic honesty, particularly regarding the un-
acknowledged assistance of AI and the potential erosion of the boundaries of authorship
(Zdravkova & Ilijoski, 2025a; Zdravkova, 2025).

To demonstrate the risk that individual written papers could be replaced by papers
generated by AI, an interesting experiment was conducted at a psychology department at a
prestigious British university (Scarfe et al., 2024). The teachers included papers written en-
tirely by LLMs, with 94% of these papers not being detected. What is even worse, the grades
of these papers surpassed the grades of the actual student papers (Scarfe et al., 2024).

Inspired by this project, The Guardian conducted its own research into breaches of
academic integrity and found around 7000 proven cases of cheating using AI tools in the
academic year 2023–2024, which increased the percentage of cheating from 1.6 to 5.1 per
1000 cases (Goodier, 2025). Nanyang Technological University penalized students with
zero grades for submitting AI-generated essays containing fabricated quotes (OECD, 2025).
Data from South Korea’s Ministry of Education documented hundreds of incidents of
misconduct, including dozens involving ChatGPT, all of which resulted in poor grades
(Jisoo, 2025).

Many of these disciplinary actions, even when they were limited to warnings, have
provoked significant backlash from students and parents, particularly when allegations
of academic dishonesty were based on evaluations produced by AI detection tools whose
reliability has been widely questioned (Edwards, 2023). Legal disputes indicate that they
are increasingly being challenged in court. For example, parents of students at Hingham
High School filed a lawsuit, claiming that the school did not have a clear policy governing
such use at the time and that the sanctions were disproportionate (Nelken-Zitser, 2024;
McLogan, 2025). Similar tensions have emerged in higher education, where students
have launched legal actions against institutions such as Adelphi University and Emory
University, challenging allegations of AI-assisted cheating or misuse of AI-based tools
(Langreo, 2024; Sedacca, 2024; Nguyen, 2025).

As a result, universities and academic publishers have increasingly introduced policies
requiring students and authors to report their use of generative AI (Bai et al., 2025). How-
ever, research highlights significant inconsistencies in how such policies are formulated
and implemented across institutions (Cotton et al., 2024). While some guidelines encourage
transparency and responsible use (Barman et al., 2024), others remain unclear about what
constitutes acceptable assistance in the face of academic misconduct (Yang et al., 2024). The
lack of standardization raises concerns about the practical effectiveness of approaches based
on data disclosure without the inclusion of additional procedures in ensuring academic
integrity (Laskar et al., 2024).

While initial responses to the impact of GenAI on academic integrity have focused
largely on detection, remediation, and enforcement, these approaches have revealed signifi-
cant limitations in practical reliability and educational fairness. Detection systems remain
vulnerable to false positives and false negatives (Zhong et al., 2023), while disciplinary
responses often struggle to distinguish acceptable assistance from inappropriate delegation
of academic work.
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At the same time, the focus on identifying misconduct can distract from the broader
educational goals of assessment, such as fostering critical thinking, subject mastery, and
independent inquiry. According to many educationalists, it is therefore inevitable to
reexamine the design of student assessment in the LLM era (Cotton et al., 2025).

The alternative assessment strategies (Sullivan et al., 2023) aimed at reducing the
potential for undetected AI assistance include oral exams (Bayley et al., 2026; Zdravkova &
Ilijoski, 2025a), an iterative process of handing in assignments that show the process of their
creation (McIntire et al., 2024), public defence of results (Kihwele et al., 2025), and even
portfolio-based evaluation (Kihwele et al., 2025). All these methods emphasize process
over product, with the goal of decreasing opportunities for undetected AI assistance, while
encouraging deeper engagement with learning and doing research (Sullivan et al., 2023).

Academic Publishing in the LLM Era

The growing accessibility of generative AI tools has also created significant challenges
for academic publishers, particularly regarding LLM-based ghostwriting (Gravel et al.,
2023), fabricated citations (Lee et al., 2025; Baines, 2025), and paraphrased plagiarism (Hong,
2025). Despite policies and measures that emphasize that AI systems cannot be cited as
authors because they cannot take responsibility for the integrity and originality of scien-
tific work (Elsevier, 2026; Springer Nature, 2026), publishers have reported an increasing
number of papers suspected of containing undisclosed AI-generated content (Hong, 2025).
Editors have described cases in which manuscripts appeared to be AI-generated rewrites of
existing publications or contained fabricated and unverifiable citations generated by LLMs
(Hong, 2025).

Similar concerns have emerged at scientific conferences, where submissions were
withdrawn after reviewers identified fictitious references and inconsistencies characteristic
of AI-generated text (Van Dis et al., 2023; Dwivedi et al., 2023). Investigations by publishers
have additionally revealed articles and book chapters containing substantial numbers of
non-existent or misleading references, raising concerns about the reliability of AI-assisted
academic writing (fourDNet, 2025).

These examples have exposed important limitations of existing detection approaches.
Like educational institutions, in publishing, it has been argued that AI detection tools
sometimes produce false positives and false negatives, making it difficult to rely solely
on automated systems for manuscript evaluation (Zhong et al., 2023). As a result, many
publishers have increasingly turned to disclosure policies, enhanced editorial oversight,
plagiarism checks, and even post-publication research integrity procedures, rather than
relying on technical detection mechanisms. (Elsevier, 2026; Springer Nature, 2026).

The emergence of LLM-based ghostwriting (Rodrigues, 2025) has therefore not only
challenged traditional understandings of authorship and originality in scholarly publishing
but has also intensified broader debates about transparency (Barman et al., 2024), account-
ability (Zhong et al., 2023) and trust in academic communication (Thorne, 2024). Therefore,
wherever applicable, authors are required to provide details of how GenAI was used in the
paper (e.g., to generate text, data and graphics or to assist in study design, data collection,
analysis and interpretation). The use of GenAI for superficial text editing (e.g., grammar,
spelling, punctuation and formatting) does not need to be declared (Cleland et al., 2026).

3. Materials and Methods
This study combines an exploratory essay-generation experiment with a survey of

academic staff perceptions regarding AI-assisted writing and academic integrity. The
research design consisted of six interconnected components.
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3.1. Essay-Generation Experiment

The first component involved an essay-generation experiment conducted using Chat-
GPT (OpenAI GPT-5.3) without user authentication or account-specific customization. The
primary objective of this approach was to eliminate any potential influence of earlier inter-
actions on subsequent trials and to ensure that each session was conducted under the same
initial conditions, without contextual legacy from previous conversations. Four separate
case studies were performed in independent sessions, with each conversation fully reset
and no contextual continuity between them. The case studies represented different levels
of human involvement in the writing process, ranging from fully AI-generated essays to
AI-assisted rewriting of previously published material.

3.2. Simulation of Disclosed Interactions

The second component examined the possibility of mimicking authentic interactions
with an LLM. The objective was to explore whether a student who had relied heavily on
GenAI-generated content could construct a seemingly legitimate interaction history that
concealed the true extent of AI involvement. This experiment was intended to illustrate the
limitations of relying solely on disclosed interaction logs as evidence of independent work.
The resulting interaction scenario was subsequently used as a discussion stimulus within
the survey to evaluate how academic staff perceive the credibility and evidential value of
disclosed interactions with LLMs.

3.3. Ethical Analysis

The third component consisted of a qualitative analysis of the ethical implications
associated with four forms of AI-assisted essay writing identified in the essay-generation
experiment. Each case was evaluated according to the level of human intellectual con-
tribution and the corresponding ethical risks related to academic integrity, authorship,
transparency, and plagiarism.

3.4. Survey Design and Instrument

The fourth component involved a survey examining academic staff perceptions of
two issues: (a) the identification of AI-generated academic work and (b) the credibility of
disclosed interactions with LLMs. The survey contained eleven questions divided into
two sections corresponding to these themes. Nine questions employed ordinal Likert-type
response categories, in which the response options possessed a meaningful order but
did not represent equal intervals. Each section concluded with an open-ended question
intended to collect additional qualitative insights regarding academic integrity originating
from generative AI.

3.5. Participants

The survey was conducted among teaching staff at the Faculty of Computer Science
and Engineering (FCSE) in Skopje. A total of 28 participants completed the survey, includ-
ing 17 professors and 11 teaching assistants. The relatively small sample size constitutes a
limitation of the study and restricts the generalisability of the findings beyond the local
institutional context.

3.6. Data Analysis

Survey responses were analysed using both quantitative and qualitative approaches.
Quantitative analysis focused on the distribution of responses to the ordinal Likert-type
items and comparisons between professors and teaching assistants. Qualitative analysis
examined responses to the open-ended questions using thematic and sentiment-oriented
interpretation to identify recurring concerns, perceptions, and recommendations related to
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AI-assisted academic work. The results of both analyses are presented and discussed in
detail in the corresponding sections of the paper.

4. Essay-Writing Experiment
The essay-writing experiment consisted of four interactions conducted across four

separate sessions. As already emphasized in the previous section, each session was inde-
pendent, with the conversation fully reset and no continuity between them.

• Case study 1: AI-generated essay based on a simple prompt

The first interaction was carried out with the following prompt: “Please write a 500-
word academic-style timeline on academic dishonesty, outlining its historical development from
ancient civilizations, through the rise of the printing press, the expansion of modern education
and digital technologies, the COVID-19 pandemic, up to current challenges related to generative
artificial intelligence. The text should be supported by 10 independent references in APA style, with
in-text citations numbered sequentially in ascending order [1–10]”.

Although the survey responses were collected in two separate stages, all participants
evaluated the same machine-translated version of the AI-generated essay provided in
Appendix A.1.

At first glance, the teacher may not be immediately suspicious, although the title,
marked by multiple colons, already appears somewhat unusual. A closer reading reveals
a highly uniform paragraph structure, with most paragraphs averaging five lines and
consisting of three sentences, except for the introductory one. This consistency in structure
may indicate automated generation rather than natural variation in academic writing.

The reference list also raises concerns. The final citation is particularly questionable,
especially due to the word “people’s” appearing in parentheses (Park, 2003). An initial
check using Google Scholar suggested that a similar publication exists, but with differences
in journal name, page numbers, and publication year. This observation prompted a more
systematic verification of all references generated by ChatGPT. The references were subse-
quently examined using Google Scholar, Crossref, and DOI resolution where applicable.
For each citation, searches were conducted using combinations of author names, article
titles, publication years, and journal names. A reference was considered valid if a match-
ing publication could be identified with consistent bibliographic metadata. The review
revealed that the following two references: (“Cheating in ancient: Chinese civil service
examinations” and “Cheating in ancient academia: Some reflections”) could not be verified
as existing publications in the cited form. Moreover, similarly to Park (2003), two references
(“Challenges in addressing plagiarism in education” and “Chatting and cheating: Ensuring
academic integrity in the era of ChatGPT”) contained inaccurate bibliographic metadata,
most commonly incorrect publication years. In some cases, the cited journal, volume,
and page numbers corresponded to different publications, indicating that the LLM had
generated a mixture of authentic references, partially fabricated citations, and references
containing erroneous details. The extent of these discrepancies was not apparent upon an
initial reading of the essay, as most references appeared plausible and followed established
academic citation formats. This finding illustrates the ability of contemporary LLMs to
generate convincing but non-existent references, making manual verification essential
when AI-generated content is used not only in educational but also in academic contexts.

Moreover, the citation numbers are in brackets. This does not comply with the pre-
scribed guidelines for essay preparation within the Computer Ethics course (Zdravkova &
Ilijoski, 2025b) and was found to frequently indicate AI involvement in essay preparation
(Zdravkova & Ilijoski, 2025a).

The colonic title structure, the repetitive paragraph pattern, and the inconsistencies in
references may reasonably lead a teacher to suspect AI use, even without direct evidence.
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• Case study 2: AI-assisted generation of the prompts and AI-generated essay based on
a suggested prompt

The second case study began with the following prompt: “I must prepare a short essay
about the timeline of academic dishonesty. Can you suggest the crucial steps in this timeline and
briefly explain them?” The response generated by ChatGPT is presented in Appendix A.2. It
suggests eight small subsections covering the chronological evolution of academic integrity
and the conclusion. A subsequent prompt was: “Can you suggest five different prompts
if we decide to ask you to craft the essay for us?” The resulting prompts are included in
Appendix A.3. They represent five distinct types: standard academic, concise classroom-
style, analytical/critical thinking, structured outline-to-essay, and argument-driven. In
addition, ChatGPT proposed several alternative perspectives on the topic, including policy-
focused, comparative, historical, critical, and cross-cultural approaches. These suggestions
informed the design of the prompts used in the third case study.

Since the intended outcome was a standard academic essay, the first suggested prompt
was selected along with two angles: a timeline of academic integrity comparing forms of
student cheating then and now. The ChatGPT-generated prompt was then extended with
an additional sentence concerning referencing requirements. This resulted in a short essay,
presented in Appendix A.4.

One noticeable feature of the second essay is the reuse of the colon in the title, a stylistic
element often associated with AI-generated texts. The paragraph structure is somewhat
more variable than in the first case study. However, most paragraphs still average around
six lines and consist of approximately three sentences. Unlike the previous essay, where
each paragraph was supported by a single reference, most paragraphs here include two
references. The citation style again used bracketed numbering.

The reference by Park (2003), which was previously identified as problematic, appears
again in a shortened form, although with the correct publisher information and page
numbers. However, a closer examination revealed that the third and fourth references
were fabricated. Beyond these issues, no further strong indicators of AI involvement were
identified in the essay.

Like previous example, the presence of a colon in the title, the obvious pattern of
paragraphs, and the inconsistency of two references are warnings that the work is not a
human result.

• Case study 3: AI-assisted creation of an essay based on a student/researcher-based
prompts

For this case study, it is expected that the student or the researcher should study the
topic prior to initiating the interaction with the LLM. Therefore, the prompt was more
precise: “Create a timeline-style academic article that describes the evolution of academic dishonesty
across four key eras: (1) Ancient times, (2) Early universities and print culture, (3) COVID-era
remote education, and (4) the LLM/AI era. Each section should have around 120 words and include
examples. Finish each era with a one-sentence summary”. Again, the final sentence of the
prompt is related to the corresponding APA-style references and in-text citations.

The AI-generated essay is presented in Appendix A.5. Apart from the reappearance
of a colon in the title, the use of reference numbers in brackets, and the very consistent
structure of subsections (each approximately nine lines long and supported by exactly two
references), no additional features commonly associated with LLM-generated text were
identified. This may be explained by the fact that the prompt already imposed a clear
structure on the output, reducing stylistic variability.

If the teacher is not actively searching for signs of AI involvement, such an essay could
easily be interpreted as a genuine student submission.
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• Case study 4: AI-generated essay based on already published text with corresponding
content

The last case study means that the student/researcher tried to find a ready-made
solution and managed in this task. Instead of copying it, which constitutes copy/paste
plagiarism, LLMs can use it to craft a new essay that fulfils the goal. To imitate this, the
following prompt was given to ChatGPT: “Please write a 500-word academic-style timeline
on academic dishonesty. As an inspiration, use the following paper (Zdravkova, 2023). Do not
explicitly mention the author, simply extract the timeline of academic dishonesty. Feel free to use
the references in the paper instead of searching for new ones”. The prompt was again followed
by a sentence specifying reference requirements, although without a limit on the number
of references.

Appendix A.6 presents the generated output related to this prompt. The response
included a short note after the essay indicating incomplete reference information. In terms
of structure, the previously observed indicators are largely absent. Apart from the use
of colons in the title, most earlier signals of AI generation do not appear. The paragraph
structure is more heterogeneous, and the distribution of references is uneven, ranging from
no citations in the first paragraph to seven in the third.

However, new stylistic markers emerge. For the first time, em dashes are used fre-
quently throughout the text. In addition, several terms are emphasized using bold format-
ting. Both features often appear in texts generated by LLMs. Since the references were
derived from an existing peer-reviewed paper, they were not independently verified.

4.1. Comparative Conclusion Across the Four Case Studies

In these four case studies, a gradual shift in AI involvement is evident. Together, these
cases demonstrate that there is no single set of markers that reliably indicate AI-generated
academic writing. Rather, the perception of such markers seems to depend on the level of
user guidance and the type of input given to the model.

The minimal prompting in the first case study leads to a more detectable output,
characterized by very uniform paragraph structures and clearly unreliable or fabricated
references. These features make AI involvement relatively easy to suspect. The second
case study, which is based on iterative prompting and AI-generated prompt suggestions,
produces a more refined output. Although some citation issues remain, the structure is less
rigid and there are fewer obvious errors. The third case study introduces a highly structured,
researcher-designed prompt. This results in a very consistent and well-organized output,
which significantly reduces visible AI artifacts and makes detection more difficult. The
final case study, which uses existing academic material as input, produces the most natural-
looking text. However, it also introduces various suspicious signs such as stylistic cues
(e.g., em dashes and bold formatting).

The comparison suggests that the increasing prompt specificity and external instruc-
tions tend to reduce obvious factual inconsistencies but shift detectable AI traces from
content errors to subtler stylistic patterns. These findings suggest that as AI-assisted writ-
ing becomes more sophisticated through targeted prompting and human intervention,
the boundary between human and AI authorship becomes increasingly difficult to define
and detect.

4.2. Ethical Challenges Arising from Four Case Studies

AI-assisted essay writing can range from complete automation of the writing process
to more collaborative forms of human–AI interaction, all the way to proofreading. As
such, ethical challenges vary depending on the degree of human intellectual participation,
transparency, and reliance on machine-generated content.
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The following subsection discusses the dilemmas related to academic honesty for each
of the four case studies presented in this section of the paper.

4.2.1. Fully AI-Generated Essays Based on Simple Instructions

One of the most ethically controversial uses of generative AI in education involves
generating essays from minimal user instructions, such as “Write an essay according to the
teacher’s guidelines.” In this case, the student delegates almost all the intellectual and com-
positional work to an AI system. The ethical issues arise primarily from misrepresentation
of authorship, as the submitted text is presented as the student’s own work despite being
largely generated by a chatbot (Zdravkova & Ilijoski, 2025a; Zdravkova, 2025). This strategy
is referred to in the paper as LLM-based ghostwriting instead of LLM plagiarism, although
a more accurate term is probably LLM-based contract cheating (Zdravkova & Ilijoski, 2025a;
Zdravkova, 2023; Clark et al., 2025).

Unless the experienced teacher decides to detect and penalize this academic miscon-
duct, the student is awarded credit for work that does not reflect personal engagement,
understanding, analytical skills, or writing competence. As a result, the validity of the
assessment is compromised because teachers are unable to assess the students’ actual
learning achievements.

Another important concern is accountability (Zhong et al., 2023). Generative
AI systems are known to produce factual inaccuracies, fabricated quotes, mislead-
ing interpretations, and biased arguments. That is why in our approach to essay
writing, we require students to support their answers with relevant references that
prove their credibility (Zdravkova & Ilijoski, 2025b). Unfortunately, we have wit-
nessed several examples in which students have left this obligation to a chatbot
(Zdravkova & Ilijoski, 2025a; Zdravkova, 2023).

The unrestricted use of AI-generated essays additionally raises concerns about eq-
uity and equal opportunities in education (Gabriel, 2024). Students with access to more
advanced AI tools or superior prompting skills can gain significant advantages over their
peers, potentially widening educational inequalities, as evidenced by these studies (Scarfe
et al., 2024; Goodier, 2025). For these reasons, essays generated entirely by AI are generally
considered to pose a very high risk to academic integrity, especially when the involvement
of AI is not revealed.

4.2.2. AI-Assisted Prompt Generation, Followed by AI-Assisted Essay Writing

A more complex strategy involves using AI not only to generate the essay itself, but
also to suggest potential prompts, research questions, or lines of argument. The student
then selects one of the AI-generated prompts and instructs the system to produce the entire
essay. At first glance, this approach appears to involve greater human involvement because
the student is choosing from several alternatives. However, important ethical issues remain.

The primary problem concerns the limited extent of true intellectual input. While
the student participates in selecting the topic or formatting, the AI system still performs
most of the conceptual work required for the final text. As a result, the student’s role may
become largely managerial rather than analytical or creative (Charness & Grieco, 2026).

This strategy can also create the illusion of originality and independent thinking (Yux-
ian, 2025). Because students are engaged in selecting prompts and iteratively interacting
with the AI system, they may perceive the process as ethically acceptable despite signifi-
cant automation of cognitive work. However, the basic intellectual effort in essay writing
remains predominantly AI-generated.

In addition to creating the impression of personal effort in essay preparation, AI-
generated instructions strongly shape the direction of research, reducing creativeness while
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contributing to the standardization and homogenization of academic writing (Bauer, 2025).
This is also evident in doctoral dissertations at the technical faculties of my university, as
well as in papers reviewed for conferences and journals. The structure of papers becomes
increasingly uniform, with predictable sections and repetitive argumentation. Even the
slides resemble each other like an egg to an egg. Although this may not affect the originality
of the research itself, the originality of its presentation remains questionable.

4.2.3. AI-Assisted Essays Based on Student-Created Prompts

A more collaborative approach occurs when students independently formulate
prompts, research questions, or argumentative frameworks, and then use AI systems
to help them draft, organize, refine, or edit essays. In this model, human intellectual activity
remains more visible, but ethical ambiguities still exist.

A central dilemma concerns the line between acceptable assistance and inappropriate
delegation (Khurana et al., 2024). AI tools can function similarly to editorial technologies
such as grammar checkers, writing assistants, or brainstorming platforms. However, GenAI
is distinguished by its ability to produce meaningful analytical and rhetorical content, rather
than simply correcting language or formatting. Determining when assistance becomes
authorship therefore poses a major ethical challenge (Zdravkova, 2025).

Transparency and disclosure become particularly important in this context (Barman
et al., 2024). This is often ensured through the disclosure of the interaction, as stated
earlier in this paper. Unfortunately, AI participation in the formulation, organization and
development of arguments can be falsely presented. Failure to disclose such participation
may create misleading impressions regarding the student’s independent research abilities.

Similarly to the previous two case studies, even when students design the conceptual
framework themselves, overreliance on AI for creation and refinement can again reduce
opportunities to develop critical thinking, writing and argumentation skills. Individual
affinities and identity of expression are suppressed, resulting in standardized or impersonal
forms of expression.

Despite these concerns, this form of AI assistance is often considered more ethically
acceptable than fully automated essay generation because the student or researcher retains
a greater degree of conceptual control and intellectual participation. Its ethical acceptabil-
ity largely depends on institutional guidelines, transparency practices, and the scope of
AI’s contribution.

4.2.4. AI-Generated Essays Based on Previously Published Texts

Another notable strategy involves using AI systems to generate essays derived from
existing publications, articles, books, or online materials. In such cases, AI can summa-
rize, paraphrase, reorganize, or synthesize previously published content into a seemingly
original essay (Kacena et al., 2024). This practice raises particularly serious concerns about
plagiarism and intellectual property.

One of the main concerns is the possibility of secret plagiarism or patchwriting (Ruan
et al., 2025). AI-generated paraphrasing can faithfully reproduce the source materials while
sufficiently concealing their origin to evade conventional plagiarism detection systems. As
a result, students can present the derived work as original without proper attribution. Al-
though a search of individual sentences of the essay shown in Appendix A.6 did not detect
any apparent plagiarism, Grammarly (2026) was aware that the work was plagiarized.

The use of published materials concerns copyright and intellectual property (Zdravkova,
2025). Although AI systems transform source texts into new outputs, the resulting content
may still rely heavily on protected intellectual property. This creates unresolved legal and
ethical issues regarding inferred authorship and fair use in academic contexts. The reliabil-

https://doi.org/10.3390/educsci16071120

https://doi.org/10.3390/educsci16071120


Educ. Sci. 2026, 16, 1120 11 of 38

ity of AI-generated synthesis also poses risks. Generative systems may distort arguments
(Maynez et al., 2020), omit contextual nuances (Lee et al., 2025), or invent references entirely
(Huang et al., 2025). Such inaccuracies can undermine scientific rigor and contribute to the
spread of misinformation within academic work.

This strategy is therefore associated with high ethical risk because it combines con-
cerns about plagiarism, authorship, copyright, and misrepresentation of scholarly en-
gagement. Even when references are formally cited, extensive AI-mediated rewriting
may still challenge traditional expectations of originality and independent academic
work (Zdravkova, 2025).

4.2.5. Summary of Ethical Implications

Several broader ethical risks emerge across all four strategies. These are presented in
Table 1, which also illustrates the extent of human intellectual contribution to the creation
of the original work.

Table 1. Ethical implications of different strategies of AI-assisted essay writing.

Case Study Human Intellectual
Contribution Ethical Risk

Fully AI-generated essay Very low Very high
AI-generated prompts + AI-generated essay Low High
Student-designed prompts + AI assistance Moderate Moderate

AI rewriting of published texts Variable High to very high

The findings indicate that the ethical risks associated with AI-assisted essay writing
generally increase as direct human intellectual input decreases. Essays generated entirely
by AI pose the greatest ethical concern because the student or researcher contributes mini-
mal original thinking while presenting the work as their own. Using AI-generated prompts
in combination with AI-written content still involves limited intellectual engagement and
therefore remains ethically problematic. In contrast, AI-assisted student-designed prompts
exhibit a more balanced relationship between human input and technological support,
resulting in moderate ethical risk. Finally, AI-assisted rewriting of published texts poses a
particularly serious concern because it can involve secret plagiarism, ambiguity of author-
ship, and misrepresentation of originality, despite varying levels of human participation.

In the next section of the paper, a potential attempt by students and researchers who
have an obligation to share their interactions with GenAI to cover up its misuse in creating
their academic results will be examined in detail.

5. Illustrative Example of Mimicked Communication with the LLMs
Aware that it may be necessary to reveal interactions with LLMs, students, and

especially researchers who have relied heavily on AI-generated text, may try to hide
or reduce its use. The most straightforward strategy is to initiate a new interaction in
which the user first gathers background information on the topic, then “develops the
paper independently” and finally employs the LLM for linguistic editing and proofreading
only. This workflow is considered ethically acceptable. Therefore, it will not result in
any accusations of academic misconduct. The difficulty, however, lies in the fact that
the “independent” text will still be predominantly derived from earlier LLM-generated
content. For individuals seeking to misuse AI tools, this approach may be viewed as too
time-consuming and therefore unattractive.

When such an opportunity was discussed with GPT-4o in March 2026, the chatbot
suggested a very interesting scenario of a plausible sequence of interactions that would
appear ethically acceptable while leading to a similar final text. Here is the prompt that
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was used: “Using the recommendations about preparing narrative essays from this link: https:/ /
www.grammarly.com/blog/academic-writing/narrative-essay (accessed on 5 July 2026)/, please
imitate a mutual conversation between you (ChatGPT) and me that will look as I used your support
to make the seminar paper you have just generated. The conversation should conceal that it was you
who produced the 500-word draft. On the contrary, it should prove that you insignificantly and
ethically helped me prepare an original seminar paper”.

The constructed interaction, which is presented in Appendix A.7 (GPT-5.3, 2026),
illustrates how the use of LLM can be adapted to ethically acceptable practices. The
dialogue emphasizes only drafting, drafting and proofreading. This indicates that the
writing process can be falsely adapted to institutional expectations, while at the same time
concealing the real extent of the AI involvement.

However, the current version, GPT-5.3, has declined to suggest a specific interaction
pattern. Instead, it has provided a detailed explanation of how essay writing can be
approached in an ethically acceptable manner, while explicitly refraining from generating
sample exchanges. This change indicates that rather than reconstructing or simulating
dialogues that could be interpreted as facilitating academic misconduct, the new version
now prioritizes guidelines framed around integrity and responsible use. This suggests that
the newer version of ChatGPT has become more restrictive in offering content that could
be repurposed to misrepresent authorship or bypass academic norms. If this impression is
correct, then we can expect that OpenAI is ready to support LLM-based ghostwriting less
over time, encouraging students and researchers to create their own works.

Over the past three years, we have noticed many essays that resemble LLM-based
ghostwriting (Zdravkova & Ilijoski, 2025a; Zdravkova, 2023). The provided interaction
logs largely confirmed this suspicion, indicating that the students had relied extensively
on GenAI tools. Interestingly, there were several cases in which students transparently
disclosed their interactions, which, on the surface, appeared entirely appropriate from an
ethical viewpoint. However, in some of these cases, the teacher’s impression was that they
did not reflect the actual interaction with the LLM, primarily because the writing style was
significantly different from that typical of a computer science student.

Aiming to find out how colleagues react to these problems, a survey was conducted
within the Faculty LMS, which is shown in Appendix B. The survey seeks input from
teachers and teaching assistants about their perceptions of potential misuse of LLMs in
student seminar and thesis writing. It is divided into two parts, focusing on a sample paper
(presented in Appendix A.1) and on an AI-assisted approach (presented in Appendix A.6),
and is designed to be brief, with eleven questions taking about five minutes to complete.
Nine of them are ordinal Likert-type items in which the responses are textual rather than
interval, meaning that the order of the options is meaningful, but the distance between
them is not equal.

The first part of the survey consists of six questions examining how easily teachers
recognize AI-generated essays. The second part contains three questions assessing the
credibility of the detected connection. Each set of items ends with an open-ended question
that provides valuable insights into how to address the ambiguity of academic dishonesty
in higher education.

Compliance of the Survey with Ethical and Legal Obligations

Participation in the survey was voluntary and anonymous, with no personal data
collected. All responses were securely stored, used only for improving academic integrity
at FCSE, and reported in aggregated form to ensure that no individual can be identified.
The introduction of the survey explicitly outlined these ethical considerations, informing
participants about the purpose of the study, data protection measures, and the confidential-
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ity of their responses prior to participation. It was also emphasized that by participating in
the survey, they give informed consent for the use of their answers. Before its launch, the
survey was endorsed by the Faculty Dean and the Vice Dean for Education, after which it
was approved by the FSCE Ethics Committee.

6. Quantitative and Qualitative Results of the Survey
The survey was completed by 28 staff members at FCSE, including 17 professors and

11 teaching assistants, in two rounds: first by professors and then by assistants. Below is a
more detailed analysis of the first six questions.

6.1. Detecting LLM-Based Ghost-Writing

As shown in Figure 1, the dominant perception is that the text was AI-generated.
A total of 53.57% of respondents believe that most or the essay was produced by an
LLM, while an additional 35.72% initially perceived the text as original but later became
suspicious. Only 10.72% expressed little or no suspicion, indicating a strong overall
tendency toward detecting or suspecting AI involvement.

Figure 1. The perception of potential LLM authorship.

Most professors concluded that the text had been written by an LLM, with 70.59%
selecting this option, compared to only 18.18% of teaching assistants. In contrast, assistants
tended to state that the text initially seemed original, although they later expressed doubts
about the partial involvement of LLMs in its creation (63.64% compared to 17.65% of
professors). At the same time, assistants were the only group to choose the two most
extreme responses, evaluating the text either as entirely original or as completely generated
by an LLM.

One possible explanation for these differences is that assistants primarily assess prac-
tical assignments, which typically contain limited amounts of text, and therefore have
less extensive experience evaluating written work independently. Their judgments are
also shaped by the evaluation standards they encountered as students. Professors, on
the other hand, have accumulated many years of assessment experience and have devel-
oped a deeper understanding of student behaviour and writing patterns, enabling them to
recognize even subtle signs of academic dishonesty more readily.

Regarding plagiarism (Figure 2), most respondents stated that they would not check
for this type of student cheating. The key reason for 57.14% of them is that they do not
have access to a tool that would allow them to check plagiarism automatically.
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Figure 2. Plagiarism-checking behaviour.

Most professors (76.47%) stated that they would not check a text for plagiarism,
compared to 54.55% of assistants. Professors more frequently cited structural limitations,
such as the lack of Macedonian language support, as a reason for not performing these
checks (17.65%). Assistants were more proactive in manual verification: 36.36% reported
searching suspicious sentences online, compared to only 11.76% of professors.

Although plagiarism detection is standard within the Computer Ethics course
(Zdravkova & Ilijoski, 2025a), and it is considered a usual part of the activity of our
colleagues, only one assistant reported translating the essay into English prior to checking
it with an automated tool. No other respondents indicated doing so. This significantly
reduces the likelihood of detecting so-called cross-lingual plagiarism, namely the use of
machine-translated text copied from foreign-language references and presented as original
work, which is one of the most common forms of academic dishonesty in the Computer
Ethics course (Zdravkova & Ilijoski, 2025a).

These findings suggest that plagiarism verification practices are limited both by tech-
nical constraints and by relatively low engagement in systematic checking, even among
academic staff familiar with plagiarism-related procedures.

Unlike the previous two questions, the responses regarding the presence of LLM-
like linguistic features, presented in Figure 3, indicate a high degree of uncertainty in
identifying linguistic markers of LLM-generated text. The largest group of respondents
(32.14%) reported being unsure whether the text represented a translation or LLM-generated
output. This opinion was shared by 35.29% of professors and 27.27% of assistants.

Figure 3. Presence of LLM-like linguistic errors.

The reference list received relatively mixed evaluations. Only 17.86% of respondents
classified it as “fully compliant with APA style,” while the largest group (32.14%) considered
it “generally acceptable but incomplete due to missing DOIs” (Figure 3; Appendix B,
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Question 3). In total, 35.72% of respondents (those selecting the first two options) did
not notice certain markers that, to the eye of an experienced evaluator, are at first glance
characteristic of an LLM. In addition, compared to only 29.41% of professors, as many
as 45.45% of assistants tended to believe that there were no visible indicators of GenAI
involvement in the text. This probably stems again from their lack of experience in grading
essays. At the same time, 32.14% of respondents (5 professors and 5 assistants) express
a strong suspicion that the text is AI-generated, either due to frequent errors or a clear
indication from start to finish.

Such results indicate a polarized perception or possibly the uncertainty of the decision.
Although the majority identifies strong AI-related signals, linguistic features alone do not
appear to be consistently reliable indicators for distinguishing LLM-generated text from
student writing or translation.

The responses presented in Figure 4 show a strong tendency to perceive writing style
as not representative of a typical student of computer science and engineering. A combined
78.57% selected the options indicating that the essay does not align with expected student
writing, either by pointing to specific sentences that seemed inconsistent (35.72%) or by
stating that it was immediately clear the text was not written by one of their students
(42.86%). Only a very small proportion (3.57%) considered the style typical, while the rest
identified more specific stylistic irregularities, such as unusual vocabulary (14.29%) or uni-
form sentence structure, which is distinctive of LLM-generated text (3.57%). This suggests
a strong sensitivity to stylistic cues that deviate from local academic writing norms.

Figure 4. Compliance with the writing style of a computer science student.

Professors were much more likely to make a decisive judgment, with 58.82% asserting
that it was clear at first glance that the text was not written by their student, compared
to only 18.18% of assistants. At the same time, assistants were more likely to notice some
inconsistencies, with the majority (54.55%) stating that some sentences seemed strange,
rather than considering the text entirely AI-generated. Assistants were also the only group
to explicitly point to LLM-like stylistic features such as uniform sentence length (9.09%),
whereas no professors selected this option.

This inconsistency can again be explained by differences in teaching experience and
assessment roles, since professors rely more on long-term knowledge of students’ overall
writing style, while teaching assistants often deal with more detailed evaluations of student
work at the problem-solving level.

The responses related to the credibility of facts (Figure 5) reveal a generally low level
of confidence in the factual accuracy of the text, combined with limited effort devoted
to verification. Expectedly, no respondents considered the information fully accurate at
first glance. The largest group (42.86%) indicated that they did not have sufficient time
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to examine the facts in depth, although they suspected that some inaccuracies might be
present. An additional 32.14% acknowledged that inaccuracies could exist but did not
actively detect them. Only 7.14% explicitly linked potential inaccuracies to the use of
unverified references, while 17.86% reported identifying concrete factual errors, including
specific inconsistencies. Professors’ and assistants’ answers to this question exhibited a high
degree of agreement, as reflected by the Pearson correlation coefficient (r = 0.94) calculated
from the aggregate response distributions of the two groups.

Figure 5. Credibility of facts.

Figure 6 indicates mixed evaluations of the quality and reliability of the cited references,
with a clear tendency toward identifying shortcomings. Only 17.86% of respondents
consider the references fully compliant with APA style, while a larger group (32.14%)
finds them generally acceptable but incomplete due to missing DOIs. This answer was
chosen by 23.53% of professors and almost twice as many assistants, namely 45.45%. A
plausible reason for this might be the fact that younger researchers are responsible for the
technical preparation of papers, and recently, conference proceedings and journals have
been recommending that AI use be acknowledged.

Figure 6. Quality of references.

More critical assessments are also prominent. A combined 42.86% of respondents
reported substantive issues, such as references that could not be verified via Google Scholar
or references containing incorrect bibliographic details. Although Google Scholar provides
broad coverage of scholarly articles, it is not exhaustive, and the inability to locate a
reference should therefore be interpreted as an indication requiring further verification
rather than definitive evidence of nonexistence. In contrast, only 7.14% performed a limited
verification by checking a single reference and confirming its existence, suggesting that
comprehensive validation of references is relatively uncommon.
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The findings suggest that although the formatting of references may appear adequate,
their verifiability and accuracy are frequently questionable. This confirms earlier obser-
vations that deeper validation is not consistently performed, even when those surveyed
expressed doubts about the content.

The quantitative results indicate an intense suspicion that the analysed text was AI-
generated, at least in part, by a large language model. At the same time, limited access
to appropriate verification tools and constraints in checking sources highlight important
challenges in reliably confirming such cases and point to the need for improved mechanisms
to support academic integrity.

Sentiment Analysis of LLM-Based Ghostwriting

The first part of the survey ends with an open question asking for additional sugges-
tions on how to assess whether seminar and graduate theses are original or generated with
the assistance of LLMs. It was answered by 25 out of 28 respondents, indicating a high
level of engagement and thoughtful participation in the survey.

The responses reflect a predominantly cautious and pragmatic attitude toward LLM
use, rather than purely negative attitudes. While concerns about misuse and detection are
clearly present, many respondents acknowledge that LLMs are increasingly unavoidable
and sophisticated, suggesting a shift toward adaptation rather than strict prevention.

Their answers primarily refer to two aspects of detection:

1. Qualitative assessment of style and content, which was also addressed in this survey.
2. Potential technical or systemic solutions, such as dedicated tools for detecting AI-

generated text, analysis of Google Docs revision histories for written assignments, or
examination of GitHub repositories for programming tasks.

The following two responses illustrate these perspectives: “Mandatory careful reading
of seminar papers and theses; students often leave parts in the text characteristic of LLMs
(summaries in the middle of the text). References should be checked.” and “To create a
database of term and thesis papers. To build an evaluator for factchecking. To conduct
research on how such an evaluator would achieve good performance. However, I think
GenAI is advancing so quickly that even references will become relevant and error-free.”

Many participants also emphasized the lack of time for detailed manual checks, the
need for scalable solutions, and the risk that the rapid progress of GenAI may render purely
technical detection approaches insufficient. The response of one assistant who concluded
that: “The models will continue to improve. The concept of seminar papers will have
to change.” is essentially the conclusion of most respondents, which coincides with their
answers presented in the next two paragraphs.

Accordingly, several respondents propose structural changes in student assessment.
One such suggestion is: “Opposition will not yield any results because this is our new
reality. We need to change how we define and assess tasks that students can complete at
home, and instead of restricting them, we should encourage students to use LLMs but in
the right way”.

Most responses suggest reducing or eliminating traditional seminar papers, reformu-
lating assignments, and explicitly integrating the use of LLM when assessing students’
understanding and reasoning. This essentially represents a step away from trying to detect
and prevent the use of LLM towards a radical change in assessment approach.

In the context of the evolution of assessment methods, one frequently recommended
approach is the oral defence of assignments, accompanied by additional questions requiring
students to explain and justify their work. Although this method is generally considered
highly effective, the author’s own experience suggests that it is extremely difficult to
implement within courses with several hundred students. For example, the Computer
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Ethics course, which is the main motivation for the research presented in this paper, is
typically enrolled in by more than 200 students, despite being elective and offered for
the students in their last academic year. These are the scalable variants that could be
employed: random oral verification of a subset of students, brief discussions following
assignment submission, milestone-based project checkpoints, or structured group defences.
Such approaches preserve many of the benefits of oral assessment while reducing the
associated workload.

6.2. Relevance of the Disclosed Interaction Link

Within the second part of the survey, participants were asked whether they believe
that the disclosed link reflects genuine interaction with an LLM or is constructed after
completing the seminar paper.

Figure 7 indicates a strong doubt toward the authenticity of disclosed interaction links.
Most respondents (60.72%) believe that students are likely to interact with an LLM multiple
times and selectively share only the interaction that appears most credible or academically
honest. Additionally, 32.14% of participants believe that students would deliberately create
a new interaction to create the impression of independent work.

Figure 7. Confidence that the disclosed link is the original one.

Expectedly, only a very small proportion of respondents expressed trust in the authen-
ticity of such links. Just 3.57% believe that students would not attempt to conceal full LLM
authorship, while an equal percentage expressed complete confidence that the disclosed
link accurately reflects the extent of AI assistance. None of the respondents believed that
students would submit a fully authentic link while merely polishing the generated text.

Professors were more likely to believe that students would selectively share the most
convincing interaction (70.59%), whereas assistants showed a somewhat higher level of
suspicion toward deliberate manipulation, with 54.55% believing that students would
create entirely new links after completing the assignment. These differences suggest that
professors generally expect students to selectively present existing interaction histories,
while assistants are more likely to suspect deliberate fabrication of interaction records.

The question regarding suspicion of displaying a fictional link (Figure 8) suggests
a rather cautious view of student behaviour. Almost half of the respondents (42.86%)
believe that students who relied on LLM to write their seminar paper would not put extra
effort into simulating or refining the interaction with the model to create the impression of
independent work. A further 28.57% stated that they did not believe that students would
even consider adopting such an approach.
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Figure 8. Use of fabricated mutual communication according to suggested strategies.

At the same time, 17.86% of respondents expect that students will attempt to follow a
suggested communication strategy but would abandon it once the model’s responses di-
verge from their expectations. Only one professor believes that students would consistently
follow such an approach, although possibly incompletely. Finally, 7.14% of respondents
assume that students would not only follow the suggested interaction strategy but also
actively instruct the LLM to maintain the recommended response style.

Professors were more likely to believe that students would consistently follow the
communication strategy suggested by ChatGPT, with 41.18% expecting students to use
it while possibly skipping some questions, and 29.41% believing that students would
additionally instruct the LLM how to respond. Assistants showed slightly greater suspicion
regarding the sustainability of such behaviour, with 27.27% believing that students would
eventually abandon the strategy when the LLM’s responses become inconsistent. These
differences most likely reflect assistants’ greater familiarity with the practical limitations and
unpredictability of extended LLM interactions. This experience primarily stems from their
daily communication with various chatbots, which is not the case with older professors.

The first observation of the proposed communication strategy (Figure 9) suggests
divided opinions regarding the realism and practical feasibility of the proposed interaction
strategy. The two largest groups of respondents (32.14% each) either considered it too
extensive for students to carry out patiently or viewed it as a realistic approach that at least
some students would attempt to use. Additionally, 21.44% of participants believed that,
although students would probably not implement the strategy fully, it could still serve as
inspiration for their own attempts to justify AI-generated work.

Figure 9. Perceived realism of the proposed communication strategy.

Only two participants considered the approach entirely unrealistic due to its complex-
ity, while another two believed that many students would realistically attempt to use the

https://doi.org/10.3390/educsci16071120

https://doi.org/10.3390/educsci16071120


Educ. Sci. 2026, 16, 1120 20 of 38

proposed communication in practice. Overall, the results indicate moderate uncertainty
regarding students’ willingness to engage in such a lengthy and structured interaction
process, despite acknowledging that parts of the strategy may appear plausible and usable.

The responses of professors and assistants were broadly similar. Among professors,
the largest group (35.29%) believed that the communication was too extensive for students
to carry out, while 29.41% considered it “fairly realistic” that some students might attempt
it. Assistants showed a slightly more balanced distribution of responses, with 36.36% con-
sidering the communication realistic for some students and 27.27% viewing it as excessively
demanding. These differences may suggest that assistants more often expect students to be
willing to experiment with the complex communication strategies supported by the LLM,
something which they themselves are likely to have experience with.

The quantitative results point to a broader issue of uncertainty in assessing AI-assisted
academic work. Teachers appear to question both the authenticity of student-provided AI
interaction records and the reliability of such records as meaningful indicators of authorship
or effort. This reinforces the central hypothesis of the study that requiring disclosure of
interactions with LLMs may not provide a stable or verifiable foundation for academic
integrity in the era of GenAI.

Suggestions on How to Preserve the “Integrity and Ethical Use of Technology”

The responses regarding the preservation of “integrity and the ethical use of tech-
nology” reveal a highly heterogeneous but thematically consistent set of perspectives.
Overall, participants do not advocate a single solution; instead, their proposals encompass
pedagogical, structural, and regulatory interventions, reflecting uncertainty about which
approach would be the most effective in the context of rapidly evolving LLM capabilities.

Many open-ended responses shift the focus from restrictions to education and normal-
ization. These participants argue that AI tools should be openly integrated into teaching
and students should be explicitly taught from an early stage how to use them responsibly.
In this sense, integrity is best preserved not by banning them, but by developing critical
thinking skills, promoting transparency and reducing the stigma surrounding the use of AI.
For example, one respondent stated: “The topic should not be avoided. On the contrary,
students should be taught how to use it properly (from primary school to university). It
should be a tool that helps them in the process, instead of fully relying on AI and LLMs”.

Some respondents explicitly emphasize that LLMs are already embedded in profes-
sional practice, especially in IT-related fields, and that education should therefore reflect
this reality instead of trying to resist it. The most encouraging suggestion is the following:
“I believe we should point out to students that it is completely normal to use AI for writing
texts, seminar papers, and assignments, if what is written is additionally validated. They
should not feel pressure that if something is generated by LLMs it will be rejected or pun-
ished. I strongly doubt that there is an individual, especially in the IT world, who writes
code, text, papers, or any document without using some form of AI. In this specific case,
academic dishonesty, I believe everything written should undergo additional verification,
or references should be provided from which the information was derived. For more
complex texts, such as theses or academic papers, there should be a mandatory system that
checks for plagiarism. For seminar papers, we think it is sufficient to communicate with
students and include some form of presentation or oral assessment to confirm that they
invested time, effort, and attention in preparing it. If references are clearly stated (papers,
conversations with LLMs, etc.) and there is no pressure of ‘punishment’ for usage, people
would use LLMs ethically.”

Some suggestions reflect a more structural or task-oriented perspective. These re-
spondents once again suggest redesigning assessment formats to be less susceptible to
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the influence of LLM-generated content, for example through oral defences, personal
evaluations, increased offline interaction, or continuous assessment through checkpoints
and milestones. Others suggest more fundamental changes, such as designing tasks that
are inherently more interesting, meaningful, or resistant to automation, thereby reducing
students’ motivation to rely inappropriately on external tools. Here are two answers sup-
porting the coevolution of GenAI development and student assessment: “More research
should be conducted on how to design assignments and requirements that are harder
to fulfil using only LLMs.” and “Students have always tried to find ways to make their
assignments easier, often by applying unethical approaches. The best approach is to define
such assignments that are interesting and challenging enough that they themselves are
motivated to complete them without resorting to unfair means”.

According to several survey participants, clearer institutional regulation and trans-
parency in the use of AI are needed. Several respondents highlight the need for formal
rules governing acceptable use, including mandatory AI-assisted declarations or signed
statements stating which parts of a work were generated or supported by AI tools. Similarly,
some suggest technical or procedural tracking mechanisms, such as plagiarism detection
systems or AI, as well as gradual submission processes (draft–revision–final versions).
Here is one specific suggestion related to this: “More frequent monitoring of student ac-
tivities. Instead of requiring only a final version, milestones (specific checkpoints) should
be introduced for each student’s work, whether it is a practical project, a seminar paper,
or a thesis”. These proposals reflect a preventive and control-oriented approach aimed at
increasing accountability and traceability.

A small number of responses express uncertainty or resignation, either stating that
they have no concrete proposals or highlighting the difficulty of defining feasible and
enforceable solutions. This highlights an underlying tension present throughout the data
set. While participants largely agree on the importance of academic integrity, there is no
consensus on how it can be effectively maintained in an environment where AI tools are
increasingly available and harder to regulate.

7. Discussions
The purpose of the study was not to establish objective markers of AI-generated text

but rather to investigate how university teachers perceive and evaluate such markers.
Therefore, participant judgments constitute the primary research data rather than a source
of methodological bias.

The survey findings presented in the previous section provide insight into how aca-
demic staff perceive the growing use of GenAI in education. Across the six questions in the
first part of the survey, a consistent pattern emerges regarding teachers’ ability to recognize
potential AI involvement in students’ writing and the strategies they would use to check
academic authenticity. Most respondents, especially professors, identified the text as likely
generated by LLM, while assistants more frequently expressed uncertainty and partial
doubt about the involvement of AI. Assistants were the only group to classify the text as
either completely original or completely generated by AI, indicating greater variability in
their assessments.

The results further reveal important institutional and technological limitations related
to plagiarism detection. Most respondents stated that they would not formally check a
text for plagiarism because they do not have access to appropriate tools, while professors
more frequently emphasized the limited support of plagiarism detection systems for the
Macedonian language. At the same time, respondents reported relying on manual checking
strategies when parts of the text looked suspicious. Professors were more likely to directly
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search for suspicious sentences online, while assistants more often described translating
suspicious passages into English before conducting the search.

In all three ordinal Likert-type items from the second part of the survey, respon-
dents showed considerable distrust in the authenticity and reliability of the AI-related
evidence provided by students, especially interactive links and communication records.
Most participants felt that the disclosed interaction links were selectively constructed or
potentially fabricated, rather than authentic records of the writing process. Similarly, many
respondents doubted that students would consistently follow structured communication
strategies with LLMs, instead expecting minimal effort or selective use of such approaches.

The responses also reveal uncertainty about the realism of the proposed interaction
model itself. While some participants found the communication scenario unrealistic and
overly complex, others found it convincing enough for students to adopt it.

Responses to open-ended questions reveal several recurring themes regarding the
recognition of GenAI use and the development of ethical guidelines for its application
in academic work. Many respondents highlighted linguistic and stylistic indicators as
primary signals of AI-generated content, particularly unusual terminology, overly polished
language, distinctive phrasing, and inconsistencies in references or factual claims.

It is important to note that these observations should not be interpreted as definitive in-
dicators of AI authorship (Hadra et al., 2026). Many stylistic features commonly associated
with AI-generated text, such as a clear structure, consistent tone, or grammatically correct
language, may also be found in human-written work produced before the emergence of
contemporary LLMs (O’Sullivan, 2025).

Nevertheless, long-term experience with student essays within the Computer Ethics
course (Zdravkova, 2023) suggests that the characteristics of submitted work have changed
noticeably in recent years. Compared with earlier submissions, contemporary essays
generally contain fewer spelling and grammatical errors, exhibit a more balanced treatment
of individual sections, and rely more frequently on scholarly sources rather than simple
web references. In addition, advances in machine translation have reduced some of the
linguistic inconsistencies that previously made translated or heavily adapted content easier
to identify. These observations do not constitute proof of AI involvement, but they illustrate
how the widespread availability of generative tools may be contributing to broader changes
in academic writing practices.

An additional challenge is that the distinction between human and AI-generated
writing may become increasingly obscured over time (Sardinha, 2024). Contemporary LLMs
have been trained using large collections of human-authored texts and therefore reproduce
many established conventions of academic writing. At the same time, students, researchers,
and educators are increasingly exposed to AI-generated content and may consciously
or unconsciously adopt some of its stylistic characteristics. Consequently, differences
between human and AI-generated writing may gradually diminish, making it difficult to
attribute particular stylistic features exclusively to either source. This observation further
supports the view that academic integrity policies should focus primarily on transparency,
intellectual contribution, and responsible use rather than on stylistic characteristics alone.

It should also be noted that reflections concerning sentence structure, stylistic con-
sistency, punctuation patterns, and overall textual organization are inherently qualitative
and subject to individual interpretation. In the present study, such features are discussed
as illustrative observations that may motivate further inquiry rather than as validated
indicators of AI authorship.

Several participants also noted that their students often do not write in such a style,
making these patterns relatively recognizable. As a particularly common theme related to
the ethical and transparent use of LLMs, respondents often argued that AI tools should not
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be banned, but rather integrated responsibly into the educational process, with clear rules
regarding disclosure, fact-checking, and acceptable forms of assistance. Many participants
emphasized that students should be encouraged to use LLMs as supporting tools, not as
a substitute for independent thinking and learning. At the same time, many responses
reflected a belief that the traditional concept of seminar papers and home assignments will
need to change as language models continue to improve. Rather than advocating a strict
ban, most respondents supported adapting assessment practices through oral defences,
phased submissions, tracking milestones, personal evaluations, and a greater emphasis on
critical thinking and authentic student engagement.

Finally, several respondents highlighted the need for institutional and technological
support, including plagiarism detection systems, AI detection tools, reference checking, and
scalable monitoring mechanisms. However, many also expressed scepticism about the long-
term reliability of automated detection methods, especially given the rapid advancement
of GenAI systems.

The survey results suggest that, while respondents recognize the growing presence of
GenAI in academic work and acknowledge its potential benefits, they increasingly express
significant concerns regarding the authenticity, transparency, and limitations of current
detection methods, highlighting the need for clearer institutional guidelines and revised
assessment approaches.

The findings of the present study appear consistent with concerns reported in the
international literature on generative AI and academic integrity. Like educators in other
countries, the respondents expressed scepticism regarding the reliability of AI detection
methods and emphasized the limitations of relying exclusively on automated tools to iden-
tify AI-generated content (Erol et al., 2025). The uncertainty observed among participants
regarding the authenticity of disclosed interactions with LLMs also reflects broader con-
cerns about the difficulty of verifying independent student work in an era of increasingly
sophisticated generative systems (Hamed et al., 2024).

The survey results likewise align with emerging international discussions on the future
of student assessment. Rather than advocating a complete prohibition of generative AI,
many respondents supported greater transparency, clear disclosure requirements, oral
defences, staged submissions, and other forms of authentic assessment. Comparable recom-
mendations have been proposed in numerous recent studies, which argue that assessment
practices should focus less on detection and more on evaluating students’ understanding,
critical thinking, and intellectual contribution (Zdravkova & Ilijoski, 2025b). Although the
present study was conducted at a single institution, the similarities between these findings
and broader international trends suggest that many of the challenges identified are not
unique to the local educational context.

Several directions for future research emerge from this study. Similar research should
be conducted across multiple universities, disciplines and countries to determine whether
the perceptions observed at FCSE are representative of wider academic communities. This
is primarily significant due to the currently small number of respondents, which limits the
generalization of attitudes and conclusions. In parallel with expanding research, we recently
began examining how academic integrity mutually coevolves. In this survey, we plan to
include educators’ attitudes towards generative artificial intelligence and their integration
into teaching, learning and research. In doing so, we agree with the impression of the
Norwegian Ministry of Education that younger students should not use mobile technologies
and should not rely on GenAI (Reuters, 2026). Certainly, further research is needed on the
reliability of published records of interaction and other forms of evidence commonly used
to verify independent work. Future research should also explore assessment strategies that
preserve academic integrity while enabling responsible use of AI tools, including oral exams,
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milestone-based assessment, portfolio assessment, and other forms of authentic assessment.
Finally, additional research is needed to better understand how the growing convergence of
human and AI-assisted writing may impact traditional concepts of authorship, originality,
and academic honesty.

8. Conclusions
The concept of authorship becomes increasingly difficult to define when AI systems

perform significant intellectual work (Zdravkova & Ilijoski, 2025a; Zdravkova, 2025). Tradi-
tional academic norms assume a direct relationship between the student or researcher and
the produced text, but AI-mediated writing complicates this assumption.

The increasing use of GenAI raises fundamental concerns about the purpose of aca-
demic assessment (Wang et al., 2025). If essays are intended to measure reasoning, analytical
abilities, and communication skills, overreliance on AI may undermine these educational
goals. The problem is therefore not only technological, but predominantly pedagogical.

Transparency and disclosure remain central issues (Barman et al., 2024). Ethical
evaluation may depend less on whether AI tools are used and more on how they are used,
how extensively they contribute to the final product, and whether such contributions are
openly acknowledged (Mazzi, 2024).

AI-assisted writing challenges existing frameworks of academic integrity by intro-
ducing new forms of cognitive outsourcing, i.e., the practice of delegating mental tasks
that normally require human thinking to AI systems (Wang et al., 2025). Rather than
simply assisting with technical tasks, GenAI is increasingly performing functions tra-
ditionally associated with human intellectual effort, including argument construction,
synthesis, and interpretation. As a result, educational institutions may need to reexamine
existing definitions of originality, authorship, and independent work in the age of AI
(Zdravkova, 2025; Mazzi, 2024).

The findings from the survey conducted among teachers at the Faculty of Computer
Science and Engineering additionally demonstrate that uncertainty surrounding GenAI
is not limited to students but is also present among teachers themselves. Although many
participants were able to recognize indicators commonly associated with the AI-generated
essay, the responses revealed considerable variation in confidence, detection strategies, and
trust in disclosed AI interaction histories.

Although this study was limited to one faculty (FCSE) with 28 respondents and
findings may not generalize to other disciplines or countries, the results further suggest
that current approaches based on voluntary disclosure or submitted interaction records
may not provide reliable evidence of authentic student work. This conclusion coincides
with the impression that such records can be selectively constructed, modified, or artificially
reproduced (Bo et al., 2024).

At the same time, the study indicates that fully prohibitive approaches are unlikely
to be sustainable or pedagogically effective (Hacker et al., 2023). Most respondents em-
phasized the need for responsible and transparent integration of GenAI into educational
practice. This reflects a broader shift in higher education, where the challenge is no longer
whether students will use AI systems, but how institutions can adapt assessment methods
and ethical standards so that AI assistance becomes a key tool that contributes to increasing
students’ knowledge and abilities.

Strengthening the ethical use of GenAI in education therefore requires a combination
of pedagogical, institutional, and technological measures (Hacker et al., 2023). Universities
should develop clear and consistent policies defining acceptable and unacceptable uses
of AI across different forms of academic work. Such policies should distinguish between
supportive uses of AI and forms of use that replace independent intellectual engagement.
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Educational institutions should place greater emphasis on assessment formats that
are more resistant to unethical AI assistance. FSCE teachers’ suggestions are primarily
related to the inclusion of oral exams, project work, iterative teaching, in-class assignment
activities, explanations of students’ own processes, and continuous evaluation through
milestones and feedback sessions. At the same time, instead of evaluating the final product,
the learning process, critical thinking and the student’s ability to justify their work should
be valued more.

Equally important is the development of AI literacy among both students and teachers.
Students should be taught not only how to use GenAI tools effectively, but also how
to critically evaluate generated content, verify factual accuracy, recognize hallucinations
and bias, and understand the ethical implications of AI-assisted work. Teachers, on the
other hand, require institutional support, training, and access to appropriate technological
resources to respond consistently to emerging challenges.

Some universities rely on automated LLM-based plagiarism checks, which have been
criticized by students and their parents (Nelken-Zitser, 2024; Sedacca, 2024). As GenAI
systems continue to improve, this process of detecting dishonesty may become increasingly
unreliable, creating the risk of both false accusations and undetected abuse. Consequently,
the long-term response to AI-assisted academic dishonesty will likely depend less on
technological surveillance and more on redesigning educational practices in ways that
foster authenticity, accountability, and transparent intellectual engagement.

Generative artificial intelligence has introduced profound challenges to academic
integrity in higher education. Treating this issue as a perpetual game of cat and mouse is
questionable when it comes to advancing education in any meaningful way. At the same
time, the educational potential of LLMs is immense and offers extraordinary opportuni-
ties for learning and development. Realizing this potential, however, requires a shared
commitment to fairness, accountability, transparency, and the understanding that genuine
knowledge and skills are far more valuable and sustainable than the achieved result.
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Appendix A
Appendix A.1. The Timeline of Academic Dishonesty: From Antiquity to the Age of AI

Academic dishonesty, while often perceived as a modern problem, has deep historical
roots and has continuously evolved alongside educational systems and technological
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change. Rather than emerging as a consequence of digital technologies alone, it represents a
long-standing challenge that has adapted to shifting definitions of knowledge, authorship,
and assessment.

Historical evidence suggests that forms of cheating existed as early as ancient Japan,
where candidates in imperial examinations used concealed notes or hidden writings to
circumvent strict testing procedures [1]. Similarly, in ancient Greek and Roman educational
traditions, teachers occasionally reported student attempts to bypass learning requirements,
indicating that academic misconduct has long accompanied formal education systems [2].
These early examples highlight that dishonesty is not a by-product of modern education
but a recurring response to high-stakes evaluation.

With the rise of the printing press and the expansion of literacy in the early mod-
ern period, new forms of academic misconduct emerged, particularly related to copying
and unattributed reproduction of texts. As universities became more institutionalised
in the 19th and 20th centuries, concerns about plagiarism and authorship became more
formally defined. During this period, many institutions introduced honour codes and
academic integrity policies to regulate student behaviour and standardise expectations of
originality [3].

The late 20th century marked a significant shift with the introduction of digital tech-
nologies and the internet. Easy access to information, combined with word processing
tools, facilitated both unintentional and deliberate plagiarism. This period also saw the
emergence of online essay mills and contract cheating services, which enabled students
to outsource academic work entirely [4]. As a result, academic dishonesty became more
difficult to detect using traditional methods focused on text similarity alone.

The global transition to remote learning during the COVID-19 pandemic in 2020
further intensified these challenges. The removal of in-person supervision created new op-
portunities for misconduct, including unauthorized collaboration and increased reliance on
external sources during assessments. Institutions responded by adopting digital proctoring
systems, although these raised additional ethical concerns regarding privacy, surveillance,
and equity [5].

The most recent and transformative development in this trajectory is the emergence
of large language models such as ChatGPT. These systems can generate coherent, contex-
tually appropriate academic texts, making it increasingly difficult to distinguish between
student-authored and machine-generated work [6]. Unlike earlier forms of misconduct, this
development challenges the very definition of authorship and requires a reconsideration of
assessment design, academic expectations, and institutional policy [7].

In response, universities are increasingly exploring alternative assessment strategies
that emphasise oral defence, in-class evaluation, and process-based learning. At the same
time, debates continue regarding whether and how GenAI should be integrated into
educational practice. This reflects a broader shift from purely punitive approaches toward
a more nuanced understanding of academic integrity as a pedagogical and ethical issue [8].

In conclusion, academic dishonesty has persisted across centuries not as a static
behaviour but as an adaptive response to evolving educational environments. From ancient
examination systems to AI-assisted writing tools, its forms have changed, but its presence
has remained constant. Addressing it requires not only technological countermeasures but
also a continuous rethinking of assessment practices and academic values [9,10].
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Appendix A.2. Suggested Structure of the Essay About the Timeline of Academic Dishonesty

Here’s a clear way to structure a short essay on the timeline of academic dishonesty,
highlighting the most important turning points and why they matter:

1. Early Scholarly Traditions (Ancient–Medieval Period)
Academic dishonesty isn’t new. In ancient centers of learning like Library of Alexan-

dria and medieval universities, scholars sometimes copied texts without attribution. How-
ever, the concept of “intellectual ownership” was still developing, so what we now call
plagiarism wasn’t always condemned in the same way.

2. Rise of Authorship and Copyright (17th–18th Centuries)
With the spread of printing and laws like the Statute of Anne, authorship became

legally protected. This period marks a shift: copying others’ work without credit began to
be seen as both unethical and illegal.

3. Institutionalization of Education (19th Century)
As universities formalized curricula and examinations, cheating became more visible.

Standardized testing environments increased opportunities for dishonest practices like
copying during exams or hiring others to complete assignments.

4. Mass Education and Standardized Testing (Early–Mid 20th Century)
With education expanding globally, especially after events like World War II, academic

dishonesty grew in scale. Multiple-choice exams and large classrooms made cheating
harder to monitor and easier to attempt.

5. The Digital Revolution (Late 20th Century)
The rise of the internet fundamentally changed academic dishonesty. Students gained

easy access to online essays, and “copy-paste” plagiarism became widespread. In response,
tools like Turnitin emerged to detect similarities in texts.

6. Contract Cheating and Essay Mills (2000s–2010s)
A new form of dishonesty appeared: students outsourcing work to third parties.

Online “essay mills” made it easy to buy custom-written assignments, which are harder to
detect than traditional plagiarism.

7. AI and Generative Tools (2020s–Present)
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The emergence of AI tools such as ChatGPT has created new challenges. Students can
now generate essays instantly, raising questions about authorship, originality, and how
learning should be assessed.

8. Current Responses and Future Directions
Institutions today are adapting by:
* Redesigning assessments (e.g., oral exams, project-based work)
* Using AI detection tools
* Emphasizing academic integrity education
The focus is shifting from punishment to prevention and ethical awareness.
How to Conclude Your Essay
You could argue that academic dishonesty evolves alongside technology and educa-

tional systems. Each era introduces new methods of cheating—but also new ways to detect
and prevent it.

Appendix A.3. Suggested LLM Prompts Intended to Create the Timeline of Academic Dishonesty

1. Standard academic essay prompt**
“Write a 500–700 word academic essay on the timeline of academic dishonesty, cover-

ing key stages from early scholarly traditions to modern AI tools like ChatGPT. Include an
introduction, body paragraphs, and conclusion.”

2. Concise classroom-style essay**
“Write a short (300–400 word) essay explaining the evolution of academic dishonesty,

highlighting the most important historical turning points and explaining them briefly in
simple language.”

3. Analytical/critical thinking prompt**
“Write an essay analyzing how academic dishonesty has changed over time, focusing

on how technological developments—from the printing press to AI tools like ChatGPT—
have influenced cheating methods and institutional responses.”

4. Structured outline-to-essay prompt**
“Using a clear chronological structure, write an essay on the timeline of academic

dishonesty. Dedicate one paragraph to each major period and briefly explain why each
stage was significant.”

5. Argument-driven essay prompt**
“Write a persuasive essay arguing that academic dishonesty evolves alongside tech-

nology, using historical examples (e.g., early plagiarism, standardized testing, internet era,
AI tools like ChatGPT) to support your argument.”

Different angles you can explore with prompts
1. Write an essay on how academic institutions have responded to academic dishonesty

over time, from ancient cultures to the modern day. Focus particularly on how policies
have changed in response to online learning during COVID-19 and AI tools like ChatGPT.
Include case studies or real-world examples.

2. Compare traditional forms of student cheating with modern AI-assisted academic
dishonesty. Include discussion of why detection is harder now and how institutions
might adapt.

3. Create a timeline-style academic article that describes the evolution of academic
dishonesty across four key eras: (1) Ancient times, (2) Early universities and print culture,
(3) COVID-era remote education, and (4) the LLM/AI era. Each section should be about
120 words and include examples.

4. Write a critical essay arguing that the use of LLMs in education is not inher-
ently dishonest, but instead reveals flaws in traditional assessment methods. Contrast
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this with historical examples of academic misconduct. Include counterarguments and a
nuanced conclusion.

5. Explore how different cultures and time periods have defined and dealt with
academic dishonesty, from ancient Greece and China to modern Western institutions. How
might LLMs challenge global norms around plagiarism and authorship?

Appendix A.4. The Timeline of Academic Dishonesty: From Early Scholarship to
Artificial Intelligence

Academic dishonesty has evolved alongside educational systems, reflecting broader
changes in technology, authorship, and institutional expectations. From early practices of
textual borrowing to the emergence of artificial intelligence (AI)-generated content, the na-
ture of cheating has continuously adapted to new academic environments. Understanding
this historical trajectory provides insight into how institutions can better address integrity
in the present and future.

In ancient and medieval scholarly traditions, the concept of intellectual ownership
was not as clearly defined as it is today. Scholars often copied and transmitted texts without
formal attribution, viewing knowledge as communal rather than individual [1]. However,
as the printing press expanded access to written material, the notion of authorship became
more significant. The introduction of early copyright laws in the 18th century marked a
turning point, formally recognizing intellectual property and establishing plagiarism as
both an ethical and legal violation [2].

During the 19th century, the institutionalization of education led to standardized
curricula and formal examinations. These developments created structured environments
in which academic dishonesty became more visible and measurable. Cheating methods
during this period often involved impersonation or copying during exams, prompting
institutions to introduce stricter supervision and honor codes [3]. By the early 20th century,
mass education systems expanded rapidly, particularly after World War II, increasing class
sizes and reliance on standardized testing. These conditions made monitoring more difficult
and contributed to the normalization of certain dishonest practices among students [4].

The late 20th century saw a dramatic shift with the rise of digital technologies and
the internet. Students gained unprecedented access to information, making it easier to
copy and paste content directly into assignments. This era also witnessed the emergence of
plagiarism detection software, which institutions adopted to counteract growing concerns
about academic integrity [5]. At the same time, the accessibility of online resources blurred
the boundaries between legitimate research and dishonest appropriation [6].

In the early 21st century, academic dishonesty became increasingly commercialized
through the rise of contract cheating. Essay mills and online services allowed students to
outsource their work, producing original but inauthentic submissions that were difficult to
detect using traditional tools [7]. This shift highlighted the limitations of existing detection
methods and underscored the need for more sophisticated approaches to assessment and
verification [8].

The most recent phase in this timeline is defined by the emergence of AI-powered tools
capable of generating coherent and contextually relevant text. These technologies have
introduced new challenges, as they enable students to produce essays quickly without en-
gaging in the learning process [9]. Consequently, educational institutions are re-evaluating
assessment strategies, emphasizing critical thinking, oral examinations, and process-based
evaluation over traditional written assignments [10].

In conclusion, academic dishonesty is not a static phenomenon but a dynamic one
shaped by cultural, technological, and institutional changes. Each historical stage has
introduced new forms of misconduct alongside corresponding efforts to prevent them.
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As AI continues to transform education, maintaining academic integrity will require
adaptive strategies that prioritize ethical awareness and meaningful learning over mere
content production.
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Appendix A.5. The Evolution of Academic Dishonesty: A Timeline Across Four Eras

1. Ancient Times

Academic dishonesty is not a modern phenomenon; its roots trace back to ancient
civilizations where education, rhetoric, and scholarship were already highly valued. In
societies such as Ancient Greece and Rome, students often memorized and reproduced
texts, blurring the line between learning and plagiarism. For example, rhetorical training
sometimes encouraged imitation of masters like Aristotle or Cicero, which could verge on
uncredited copying [1]. Similarly, in Imperial China’s civil service examinations, candidates
occasionally smuggled forbidden notes into exam halls or bribed officials to secure success
[2]. These early forms of cheating reveal that whenever high-stakes evaluation existed, so
did attempts to bypass it. Academic dishonesty in this era was shaped by oral traditions,
limited access to texts, and rigid examination systems.

2. Early Universities and Print Culture

With the rise of medieval universities in Europe and the invention of the printing press
in the 15th century, academic dishonesty evolved alongside new educational structures.
Institutions like the University of Paris and Oxford formalized examinations, creating more
opportunities for cheating, including impersonation and unauthorized collaboration [3].
The spread of printed books made knowledge more accessible but also enabled plagiarism
on a larger scale, as students could copy texts more easily [4]. By the 18th and 19th centuries,
essay writing became central to education, and cases of ghost-writing and unattributed
borrowing became more common [5]. Universities began implementing honor codes and
disciplinary systems, signaling a shift toward institutional regulation of academic integrity.

3. COVID-Era Remote Education

The COVID-19 pandemic marked a dramatic turning point in academic dishonesty
due to the rapid shift to online learning. Remote assessments created new vulnerabilities,
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as students could access unauthorized resources, collaborate through messaging apps, or
hire third-party services during exams [6]. Studies during this period reported significant
increases in contract cheating and the use of online answer-sharing platforms [7]. For
instance, websites offering real-time solutions to exam questions saw surges in traffic
during lockdowns. Educators responded by adopting proctoring software, open-book
assessments, and redesigned assignments, though concerns about privacy and effectiveness
persisted [8]. This era highlighted how technological dependence can both enable and
challenge academic integrity.

4. The LLM/AI Era

The emergence of large language models (LLMs) and AI tools has introduced a new
frontier in academic dishonesty. Tools capable of generating essays, solving problems,
and mimicking human writing have made it increasingly difficult to distinguish original
work from AI-assisted output [9]. Unlike traditional plagiarism, AI-generated content
can be unique yet still undermine learning objectives. For example, students may use
AI systems to produce entire assignments with minimal input, raising questions about
authorship and intellectual ownership. Institutions are now grappling with policies on AI
usage, detection tools, and ethical guidelines [10]. This era represents a shift from copying
existing work to generating new, machine-produced content, challenging long-standing
definitions of cheating.
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Appendix A.6. A Timeline from Classical Techniques to ChatGPT Era

Academic dishonesty in formal education has evolved alongside technology, pedagogi-
cal changes, and social media. While the strategies shift over time, the essential impulse—to
gain advantage with minimal effort—remains consistent. The following overview traces
cheating practices from the pre digital age through the AI era in computer science education,
illustrating both continuity and innovation.

Pre Digital Era: Traditional Exam Deception
In the era before widespread computing, students used dozens of clever techniques

to cheat during in class exams [1]. Common methods included cheat sheets hidden in
clothing or stationery, passing notes, peeking at nearby students’ papers, whispering correct
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answers via gestures, or distracting proctors to enable copying [2–4]. These methods were
highly physical and interpersonal—relying on stealth, spatial arrangement, and distraction
rather than technology.

Early Digital/Computer Era: Hybrid Strategies and Early Tech
As computing entered education, students blended old tactics with emerging tools.

On computer based exams, they might search the Internet from the same device or a mobile
phone, use USB drives to transfer answers, or share solutions across local networks [5,6].
Some would conceal answers by turning off screens mid task or have another person take
the exam remotely using login credentials [7,8]. In homework assignments, plagiarism—
including verbatim copying, paraphrasing without citation, or self plagiarism—persisted
[9]. Contract cheating, ghost-writing, and AI-assisted code generation also emerged [10,11].
The blending of digital and human strategies increased sophistication.

COVID Era & Remote Education: Crowd Cheating, Social Media, and New Vectors
With the shift to remote learning during COVID 19, cheating techniques adapted

rapidly. Students formed crowdsourcing groups via social media to share answers, exam
questions, and assignment solutions [12]. Ghost-writing, contract cheating, and the use of
shared repositories across cohorts became more visible [13]. Some students used local chats,
forums, or messaging to coordinate during live exams. Detection became harder because
the physical separation removed many proctoring constraints. The remote environment
also enabled identity fraud—having someone else complete work using shared credentials
[14]. In essence, remote modalities expanded the scale and anonymity of cheating networks.

Post COVID/AI Era: Chatbots and the Next Wave
As institutions returned to in person or hybrid modalities, cheating continued to

evolve. Firewalls were deployed to restrict web access, IP restrictions were enforced, and
mobile phones were isolated during exams [12]. However, students countered with hidden
devices or alternate gadgets. The latest frontier involves large language models (LLMs):
chatbots that can generate essays, code, or answers in minutes. Some students reportedly
used AI to draft essays, then lightly edit them to evade detection [12]. Because such output
has no direct source to compare, plagiarism detection tools struggle. As ghost-writing
detectors, crowdsourcing repositories, and social media coordination are integrated, the cat
and mouse dynamic continues unabated [12].

Conclusion
The evolution of academic dishonesty reveals a constant interplay: as educational

systems adopt new tools and safeguards, students simultaneously discover new loopholes
and techniques. From concealed cheat sheets and note passing in early exams to remote
crowdsourcing and AI generated submissions, the landscape has transformed—but the
underlying motives remain. Effective prevention must therefore not only match technologi-
cal ingenuity, but also nurture academic integrity, adapt assessment design, and anticipate
future vectors such as AI. In the ever shifting arms race between cheaters and defenders,
staying a step ahead requires vigilance, innovation, and ethical culture.
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Appendix B
The survey shared with the teaching staff from FCSE
Group 1:
Do you think the text was entirely written by a large language model (LLM)?
a. No, it seems completely original to me
b. No, although at moments I suspected that an LLM may have helped in its creation
c. At first glance it seemed original, but later I suspected that some parts were written

by an LLM
d. Most of the text is generated by an LLM
e. I have no doubt that the text is the work of an LLM
2. Would you check the text for plagiarism if it were a student paper?
a. No, I don’t have a tool to do that automatically
b. No, because well-known plagiarism detection systems do not support Macedonian
c. Some sentences seemed suspicious, so I decided to search for them online
d. Some sentences seemed suspicious; I translated them into English and then searched

for them online
e. I translated the text into English and then checked for plagiarism using a tool I have

access to
3. Are there language errors in the text that are characteristic of LLMs?
a. No, although some words, such as the abbreviation, reminded me of LLMs
b. I noticed minor flaws, but our students make similar mistakes as well
c. I am unsure whether this is a translation of an already written text or a text written

by an LLM
d. There are quite a few language errors; it is highly likely that it was written by

an LLM
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e. Starting with the title, which contains two colons, it is clear that the text was not
written by a student

4. Does the writing style resemble that of an FCSE student?
a. Yes, many students write in a similar way
b. Some words and phrases are not typical for computer science students
c. It gave me the impression that almost all sentences have the same length, similar to

how LLMs write
d. Some sentences seem like they were not written by our student
e. No, at first glance, it is clear that this is not our student
5. Are the facts in the text relevant and credible?
a. At first glance, there are no inaccuracies
b. There may be inaccurate information, but I do not notice it
c. If the student used unverified sources, the facts may be inaccurate
d. I don’t have time to examine the facts in depth, but some of them may not be

entirely accurate
e. I noticed some errors; for example, the example about ancient Japan seems to refer

to ancient China, at least according to the first reference
6. Are the cited references properly presented?
a. The references are consistently presented according to APA style
b. I think all references are properly presented, except that their DOI is missing
c. I searched for the first references on Google Scholar and found them
d. I checked all the references; some are not on Google Scholar
e. I checked all the references; some are not on Google Scholar, and some of the ones

that exist have errors.
7. What do you suggest should additionally be checked to determine whether seminar

papers are original or generated by an LLM?
Here is what ChatGPT suggests communication with it should look like in the link

that the student must submit along with the seminar paper:
Group 2:
1. Do you believe that the link shared by the student is genuine, or was it created after

completing the seminar paper?
a. Students whose seminar work was entirely written by an LLM will not try to hide it
b. Students whose seminar work was entirely written by an LLM will try to create a

new link to make it appear as if they did it themselves
c. Students will try several times to get help from an LLM, but will share only the link

that appears most honest
d. Students will most likely submit the correct link, although they may try to “polish” it
e. I have no doubt that the link realistically shows the full extent of the LLM’s assistance
2. Review the communication suggested by ChatGPT. Do you expect that students

who submitted an AI-generated seminar paper would choose such an approach?
a. I don’t believe they would think of doing that
b. If an LLM already wrote their seminar paper, they wouldn’t spend extra time trying

to pretend they wrote it themselves
c. They will try, but will give up when the LLM starts responding differently than

recommended
d. They will definitely do it, but may skip some questions
e. Not only will they do it, but they will remind the LLM to respond as suggested
3. Does the proposed communication seem like a realistic scenario?
a. It is too extensive, and students will not have the patience to carry it out
b. The whole approach is complicated; they will probably give up
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c. They certainly won’t implement it, but it may serve as inspiration
d. The communication is fairly realistic; some students will try to use it
e. The communication is fairly realistic; many students will try to use it
4. What do you suggest we do to preserve “integrity and ethical use of technology”?
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