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Purpose. To evaluate the effectiveness of existing Al-generated text detection tools in identifying machine-gener-
ated content within students’ qualifying papers. The research aims to analyze the accuracy, reliability, and limitations
of these detection methods, particularly for texts written in Ukrainian, and to explore potential improvements in Al
content recognition.

Methodology. The study employs a combination of statistical analysis and experimental evaluation of Al-detection
tools. A dataset of Al-generated and human-written academic texts is used to assess detection accuracy, with addi-
tional experiments conducted to analyze the influence of linguistic structures, translation effects, and text formaliza-
tion. The research also incorporates computational techniques to examine error rates and determine patterns in Al-
generated content recognition.

Findings. The study results provide insights into the performance of current Al-detection systems, highlighting
their strengths and weaknesses. The analysis reveals significant challenges in detecting Al-generated text, particularly
in non-English languages such as Ukrainian. Additionally, the study identifies the impact of translation on detection
accuracy and discusses the effectiveness of different linguistic and statistical approaches.

Originality. This research contributes to the ongoing discourse on academic integrity by addressing the limitations
of Al-detection tools for non-English academic texts. Unlike previous studies focusing primarily on English-language
Al-generated content, this study provides a unique perspective on the challenges of detecting Al-generated text in
Ukrainian, offering novel insights into the adaptation of detection models for diverse linguistic contexts.

Practical value. The findings of this study are valuable for educators, researchers, and policymakers concerned
with maintaining academic integrity in the era of generative Al. By identifying weaknesses in current detection sys-
tems and suggesting possible improvements, the research provides a foundation for developing more robust Al-detec-
tion methodologies that can effectively apply to academic texts in multiple languages.

Keywords: A/-generated text, academic integrity, detection tools, higher education, natural language processing, ma-

chine learning, software modelling, algorithm, multilingual text analysis

Introduction. In the modern era, where technology is
deeply embedded in various domains, including educa-
tion, we encounter new challenges and opportunities. In
recent years, the global academic and educational com-
munity has faced a significant challenge posed by the
rapid development of artificial intelligence technologies.
Advanced algorithmic and neural-network-based solu-
tions have now reached a level where distinguishing be-
tween a human-written essay and Al-generated text has
become increasingly difficult.

This issue has become particularly evident for edu-
cators following the introduction of ChatGPT and sim-
ilar AI-driven models, capable of producing high-quali-

© Prykhodchenko S. D., Prykhodchenko O. Yu., Shevtsova O. S.,
Olishevskiy I. H., 2025

ty content often indistinguishable from human writing.
Generative algorithms now efficiently produce summa-
ries, abstracts, reviews, and even full-length academic
papers. However, this technological advancement raises
concerns about fairness in education. Students who lack
access to such tools or do not possess the necessary skills
to use them effectively may find themselves at a disad-
vantage compared to peers who can leverage Al to gen-
erate academic content effortlessly.

It is essential to recognize that generative models
produce text based on probabilistic predictions, where
each subsequent token is determined by the highest like-
lihood given the preceding context. Consequently, even
minor variations in input queries or prior responses can
lead to significantly different outputs. This characteristic
of Al-generated text means that it does not reproduce
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direct quotations verbatim but rather synthesizes con-
tent in a manner akin to human cognitive processing. As
a result, Al-generated text is typically free from direct
plagiarism as conventionally defined.

While there has been extensive research on the detec-
tion of Al-generated content, significant gaps remain,
particularly concerning texts written in natural languages
that are not among the world’s most widely spoken. In
Ukraine, for instance, academic theses — whether at the
Bachelor’s, Master’s, or PhD level — are primarily writ-
ten in Ukrainian in accordance with national regula-
tions. Despite a notable increase in Al-generated con-
tent over the past year, the ability to reliably identify such
texts remains challenging, as existing detection methods
and metrics are still underdeveloped compared to estab-
lished plagiarism detection techniques.

Thus, addressing the implications of generative Al
for academic writing represents a crucial and timely re-
search problem in both computer science and educa-
tion. This study not only seeks to highlight the challeng-
es posed by Al-generated texts in academic theses but
also aims to explore methods for text analysis, attribu-
tion, and the key factors that influence these processes.
Understanding and mitigating the risks associated with
generative Al in research and education is essential for
ensuring academic integrity and maintaining fairness in
the evolving digital landscape.

Literature review. To begin, it is essential to examine
the nature of generative text models and their capabili-
ties. These models are primarily built on deep learning
architectures and neural networks, enabling them to
process vast amounts of textual data and generate new
content that closely mirrors the style and structure of
their training corpus.

The widespread availability of large-scale language
models (LLMs) has led to a rapid surge in their adoption
within academic and scientific domains. This growth
has fueled not only an increase in their utilization but
also a growing demand for analytical tools capable of
detecting, attributing, and mitigating Al-generated con-
tent. Specifically, researchers are actively exploring
methodologies to identify authorship at both the docu-
ment and passage levels, addressing concerns about
content authenticity and academic integrity.

The study by Shah, et al. [1] explores the detection
and de-masking of Al-generated texts through artificial
intelligence-based analysis of stylistic features. The re-
search examines the inherent challenges in distinguish-
ing Al-generated content from human-written text and
seeks to establish ethical guidelines for their differentia-
tion. To achieve this, the study analyzes a range of lin-
guistic parameters, including syllable count, word
length, sentence structure, functional word usage, and
punctuation distribution. Various computational meth-
odologies and classification approaches are evaluated to
enhance the accuracy of Al-generated text detection,
contributing to the broader effort to develop robust
mechanisms for distinguishing between human and ma-
chine-authored content.

The study by Majhi, et al. [2] examines the application
of GPT-based language models for generating academic
writing samples and evaluates the challenges associated
with detecting Al-generated content using traditional pla-
giarism detection tools. The research systematically as-

sesses the effectiveness of both conventional plagiarism
detection systems and specialized Al based detection tools
in identifying machine-generated text. The findings indi-
cate that traditional plagiarism checkers struggle to detect
Al-generated content due to fundamental differences in
syntactic structures and writing patterns. In contrast, Al-
specific detection models demonstrate a higher success
rate in distinguishing human-authored texts from those
produced by generative algorithms. The study under-
scores the necessity of advanced Al-driven detection so-
lutions to uphold academic integrity, emphasizing that
Al-based detection tools play a critical role in preventing
the infiltration of Al-generated content into scholarly
communication and research publications.

The study by Kumarage, et al. [3] presents a compre-
hensive review of forensic text processing systems de-
signed for analyzing Al-generated content, with a pri-
mary focus on detection, attribution, and characteriza-
tion. The paper explores the challenges posed by ad-
vanced Large Language Models (LLMs), particularly
their ability to generate high-quality, human-like text
and the associated risks of misinformation and content
authenticity. It provides an in-depth overview of current
research efforts in Al-generated text forensics, introduc-
es a detailed taxonomy of detection and attribution
methodologies, and highlights key resources available
for further investigation in this domain. The study dis-
cusses Al detection models, which aim to differentiate
between human-authored and machine-generated texts,
as well as attribution systems, which seek to trace Al-
generated content back to the specific model responsible
for its creation.

The study by Rashidi, et al. [4] investigates the chal-
lenges associated with misclassification of human-au-
thored scientific articles as Al-generated content. The
research reveals that up to 8 % of genuine academic ab-
stracts were incorrectly identified as Al-generated, high-
lighting significant limitations in existing detection
methods. The authors critically assess these shortcom-
ings and propose new approaches to reduce classifica-
tion errors and mitigate unintended consequences. The
study underscores the importance of accurately distin-
guishing between human-written and Al-generated
texts, particularly within scientific publishing and edu-
cational contexts, where misclassification could impact
academic credibility and integrity.

The study by Mindner, et al. [5] investigates methods
for detecting Al-generated and Al-paraphrased text,
with a focus on distinguishing human-authored content
from machine-generated text. The research evaluates
multiple classification techniques, including XGBoost,
random forests, and neural networks, demonstrating
high F1 scores for identifying both simple and complex
Al-generated texts. The paper emphasizes the critical
importance of Al text detection, detailing key linguistic
and statistical features used for classification and pre-
senting experimental findings on the effectiveness of
various detection models.

The study by Amirjalili, et al. [6] examines the extent
to which artificial intelligence can meet formal academ-
ic writing standards while preserving the distinctive
characteristics of scholarly texts. The research highlights
key challenges in Al-generated academic content, par-
ticularly in ensuring factual accuracy, specificity, depth,
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and proper citation of sources. The findings suggest that
while Al demonstrates potential as an assistive tool for
academic writing, its current capabilities in producing
high-quality, independently reliable scholarly work re-
main limited, emphasizing the need for human over-
sight and verification in academic contexts.

The study by Ma, et al. [7] analyzes the differences
between Al-generated and human-written text across
syntactic, semantic, and pragmatic dimensions to better
understand the gap between them. The research high-
lights the fact that ChatGPT exhibits “reference hallu-
cination” when generating scientific content, often pro-
ducing inaccurate or non-existent citations. To evaluate
these discrepancies, the study employs feature-based
detection techniques alongside fine-tuned pre-trained
Al detection models, providing a comparative analysis
of linguistic patterns in Al-generated versus human-au-
thored scientific texts.

The study by Chaka [8] assesses the effectiveness of
Al detection tools in differentiating Al-generated and
human-authored texts, based on an analysis of 17 re-
search articles published between January and Novem-
ber 2023. The findings emphasize the importance of a
multifaceted approach to content verification, recom-
mending the combined use of Al-based detection sys-
tems, traditional plagiarism detection tools, and human
reviewers to improve classification accuracy. The re-
search was conducted using a modified PRISMA proto-
col and quality assessment criteria, addressing six key
research questions to evaluate detection performance.

The study by Weber-Wulff, et al. [9] examines Al-
generated text detection tools, with a particular empha-
sis on the risks associated with their misuse in academic
settings. The research evaluates the accuracy and error
patterns of these detection systems, specifically analyz-
ing their ability to differentiate human-authored texts
from those generated by ChatGPT. The findings indi-
cate that current Al detection tools lack reliability, often
demonstrating a bias toward classifying Al-generated
content as human-written, which raises concerns about
their effectiveness in maintaining academic integrity.

The paper [10] is a current study of the reliability of
Al-generated text detection tools. The authors analyze
the accuracy of the detectors, identifying their limita-
tions, such as false positives and text recognition prob-
lems from GPT-4. The work emphasizes the need to
improve detection methods and offers a theoretical
framework for future developments in this area.

The study [11] is a valuable analysis of the accuracy
of Al text detectors in student essays in English (L1 and
L2). The paper identifies leaders (Copyleaks, Undetect-
able Al) and limitations (false positives), emphasizing
the need to improve the reliability of such systems for
academic integrity.

The article [13] investigates the accuracy of free tools
for detecting Al-generated texts, using the work of Japa-
nese students as an example. Analyses of five detectors
showed their limited effectiveness, especially when par-
tially utilizing AI. The results emphasize the need for
better algorithms and cautious application of such tools
in education.

An article by W. Walters [14] evaluates 16 Al text de-
tectors, comparing their accuracy on ChatGPT-3.5,
GPT-4, and student essays. Copyleaks, TurnltIn and

Originality.ai showed high accuracy, especially with
GPT-4. The work emphasizes progress in detection al-
gorithms, but reveals weaknesses in most free tools, re-
quiring further research.

The work [15] analyses the accuracy, ethical aspects
and challenges of detecting such texts, highlighting the
need to adapt training and assessment methods. The pa-
per suggests ways to integrate Al to support academic
environments.

The authors of the paper [16] propose FairOPT, an
adaptive threshold algorithm for Al text classification
that takes into account subgroups (text length, style).
It improves accuracy (F1) and fairness by reducing er-
rors. The method is promising for other modalities and
integration into training.

The authors of [ 17] use large language models (LLMs)
to analyze self-evaluation through dialogues, revealing
limited accuracy when compared to humans. The work
highlights the challenges of interpreting subjective data
and the need to improve LLMs for such tasks.

The work [18] explores methods for detecting texts
generated by large language models (LLMs) using sta-
tistical and neural network approaches. The proposed
solutions show high accuracy (AUC up to 0.95) but are
limited by data specificity. They are promising for the
development of Al ethics and content verification.

Paper [19] investigates the application of the BERT
model to classify Al-generated texts. The results show
high accuracy in detecting Al-generated content through
contextual analysis. As professors of computer science,
we believe the approach is promising but needs to be
adapted to new generative Al models.

Thus, works such as [9—14] focus on analyzing the
accuracy of Al-generated text detection tools.

Walters [14] focused on analyzing the accuracy of
Al-generated text detection tools such as ChatGPT and
GPT-4. The research covers testing between 5 and
30 detectors on student essays (L1/L2, Japanese stu-
dents), identifying leaders such as Copyleaks, TurnltIn
and Originality.ai, but noting problems: false positives,
low reliability of free solutions and difficulties in recog-
nizing new Al models. This points to the need for im-
proved algorithms to ensure academic integrity. In con-
trast, the work of [15] emphasizes ethical aspects and
the integration of Al in education, requiring the adapta-
tion of evaluation methods. The work of [16] proposes
FairOPT, an adaptive thresholding algorithm that im-
proves F1 accuracy and fairness of Al text classification,
which is promising for different domains.

An important feature of all the above works is the
focus on detecting English-language texts written by hu-
mans or artificial intelligence.

Purpose. The aim of the article is to investigate the
effectiveness of existing Al-generated text detection
tools in identifying Al-generated content within stu-
dents’ qualifying papers, with a particular focus on the
Ukrainian language. The study seeks to evaluate these
detection systems’ accuracy, reliability, and limitations,
considering their dependence on linguistic and struc-
tural patterns of Al-generated text.

The main task of mathematical processing of the col-
lected data is to find and prove hypotheses regarding the
ability of current detection tools to differentiate between
human-written and Al-generated content. This includes
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analyzing error rates, identifying linguistic and structural
inconsistencies, and assessing the impact of translation
on detection accuracy. By applying statistical and com-
putational techniques, the research aims to develop in-
sights into the strengths and weaknesses of Al detection
models and propose improvements for enhancing their
effectiveness in academic integrity enforcement.

Methodology. During the preliminary phase of this
research, the following hypotheses were formulated:

1. Modern Al-generated text detection tools can re-
liably distinguish between Ukrainian-language content
produced by artificial intelligence and content authored
by humans.

Confirmation, occurs if the average classification er-
ror for both Al-generated and human-written Ukraini-
an-language texts remains consistently below 15 %
across multiple detection platforms, indicating high re-
liability and low false positive/negative rates.

2. Modern Al-generated text detection tools can re-
liably differentiate between English-language Al-gener-
ated content and human-written text.

Confirmation occurs if Al-generated texts in English
are correctly identified with an error rate consistently
below 10—15 % and human-written texts, are misclassi-
fied as Al with error rates under the same threshold. Ide-
ally, this should hold true across several detectors, not
just isolated cases.

3. Al detection systems are trained to recognize
structured patterns and linguistic constructs character-
istic of Al-generated text.

Confirmation occurs if Al-generated content with
rigid or template-based linguistic features is more con-
sistently identified than less structured, non-template-
based content. Human-written formal documents
should yield higher false positive rates than less formal
texts due to overlapping structural features.

4. The use of automatic translation tools negatively
affects the ability to accurately detect Al-generated con-
tent in Ukrainian, as most of the current machine trans-
lation systems have machine learning elements that are
potentially capable of generating patterned text se-
quences characteristic of Al-generated text.

Confirmation occurs if after translation to English,
detection accuracy declines — Al-generated texts be-
come harder to classify, or human-authored texts are
more frequently misclassified.

To clarify the rationale behind these hypotheses, the
initial objective of this research was to identify effective
methods for recognizing Al-generated text in the Ukrai-
nian language. The evaluation was conducted using de-
tection tools that explicitly supported Ukrainian and did
not list it among languages excluded from the analysis.

During the preliminary data analysis, key statistical
measures — including mean, variance, and standard de-
viation — revealed that existing detection models strug-
gled to determine authorship with high confidence. This
observation led to the hypothesis that the Ukrainian
language may not be well-represented in these detection
models or that Al-generated content recognition’s fun-
damental principles differ from those assumed.

Given the operational mechanisms of large language
models (LLMs), we hypothesized that Al systems gener-
ate text based on the most frequent and template-based
linguistic patterns found in their training data. Conse-

quently, Al-generated text detectors may only effectively
identify such patterns in language sufficiently represent-
ed in the training datasets. Therefore, we proposed that
Al detection should account for the language’s specific
linguistic and syntactic characteristics under analysis.

To validate this hypothesis, we designed an experiment
in which Al models were prompted to generate texts on
both standard academic topics and unconventional, non-
template topics, which were expected to contain fewer pre-
defined structures. Additionally, highly structured hu-
man-authored texts in English — such as academic papers
with rigid formatting and conventional phrasing — were
selected to assess their similarity to Al-generated content.

For hypotheses 2 and 3, we compiled a test dataset
consisting of excerpts from scientific papers on Al-gen-
erated text detection, which, like most scholarly writing,
adhere to a highly structured and formalized style.
To evaluate hypothesis 4, we performed a machine trans-
lation of the original Ukrainian test samples into Eng-
lish. We reanalyzed them using Al detection tools to de-
termine the impact of translation on detection accuracy.

The first part of the study was conducted in the first
half of 2024. However, the development and change of
language models require constant updates and changes.
Therefore, in the first months of 2025, we re-checked
and updated the list of analyzers, which led to some ta-
ble changes.

Findings. To evaluate the proposed hypotheses, this
study aimed to assess the capability of web-based Al de-
tection applications to differentiate between human-
authored texts and Al-generated content.

As part of the analysis process, the research team de-
veloped an automated web crawler designed to system-
atically input each test sample into the selected detec-
tion tools, collect the corresponding classification re-
sults, and log the output for further statistical evaluation.
The details of the web-based Al detection platforms
used in this study are summarized in Table 1.

This system implements a pipeline architecture of
data processing, in which user input passes through sev-
eral successive stages of processing, interacting with ex-
ternal services in the mode of automated analysis.

This process represents a typical automated data
processing task with a distributed architecture. It is
based on a pipeline processing model, where data passes
through several consecutive stages, each performing a
specialized function.

In the first stage, the system receives text from a hu-
man operator through a user interface or API. This stage
requires ensuring reliable data transmission, handling
different text formats and possibly preprocessing the in-
put data to remove extra characters, coding errors and
other artefacts.

Next, the program automatically sends the text to
several external sites for checking. For this purpose, the
request routing module is used, which should support
parallel processing, asynchronous calls and retry mech-
anisms in case of service failures. The system must be
resilient to network failures and differences in the APIs
of the target services. Load balancing strategies, caching
of frequent requests and adaptation to different response
formats can be applied here.

Once the validation results have been received, the
system proceeds to process them. This step requires nor-
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Table 1

‘Web-Based Platforms for AI-Generated Text Detection

Nick Name Address Declared technology

Site 1 Checkfor.ai https://www.checkfor.ai/product/ A large neural network trained
on millions of human and
Al-generated texts

Site 2 Al Checker Tool https://aicheckertool.com/ Machine learning and natural
language processing

Site 3 ZeroGPT https://www.zerogpt.com/ We use a multi-stage
methodology + LLM

Site 4 GPT-2 Output Detector Demo https://openai-openai-detector.hf.space/ | Implementation of ROBERTa

Site 5 Al Content Detector https://www.interestedinai.com/ai-con- | Artificial intelligence-based tool

tent-detector-tool

Site 6a Dolly V2 3B https://radar-app.vizhub.ai/ LLM

Site 6b Camel 5B https://radar-app.vizhub.ai/ LLM

Site 6¢ Dolly VI 6B https://radar-app.vizhub.ai/ LLM

Site 6d Vicuna 7B https://radar-app.vizhub.ai/ LLM

Site 7 Free Al Content Detector Tool https://seo.ai/tools/ai-content-detector | artificial intelligence-based tool

Site 25-1 | Free Al Detector | GPT-4, GPT-3, & | https://www.grammarly.com/ai-detector | Machine-learning model

ChatGPT AI Checker
Site 25-2 | Al Detector, Al Checker, & Al https://undetectable.ai/detector-humanizer | Summarizer of several
Humanizer | Undetectable Al Al-driven models
Site 25-3 | Al Detector - Advanced Al Checker https://quillbot.com/ai-content-detector | Machine-learning model
Site 25-4 | Al Detector - Trusted Al Checker https://decopy.ai/ai-detector/ Machine-learning models

malizing the data, bringing it into a consistent format
and filtering out possible duplicate or irrelevant re-
sponses. The data may be analyzed using statistical
methods, machine learning algorithms or predefined
heuristics to calculate a final score. Aggregation models
such as weighted averaging, consensus analysis or more
sophisticated methods based on source confidence ra-
tios may be used.

In the final step, the system generates a final report
and transmits it to the human operator. The output can

Request Dispatcher

Forwarding requests

be presented as a textual summary, graphical analysis or
structured data in a format suitable for further process-
ing. The system must be designed so the operator can
understand the decision criteria and adjust the process-
ing parameters if necessary.

Thus, this software architecture combines elements of
distributed computing, decision-making automation and
human interaction, which makes it a typical representative
of modern intelligent data processing systems. The archi-
tectural representation of this scripture is shown in Fig. 1

User Interface

]

External Service Handler

i

Sends a report to the operator

Result Aggregator

Transfers processed results Qick resul%ketums results
£

]
External Services

Normalizes and transfers data

Decision Engine

l

Generates the final report

|
Report Generator

Fig. 1. The architectural model of the system is represented as a UML Component Diagram
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The algorithmic sequence of the Al checking process
is described below.

1. The human operator enters text into the system:

1. The text is sent for processing.

2. Sending the text for checking.

2. The program generates queries to several external

1. Queries are sent asynchronously or in parallel.

2. Waiting and receiving results.

3. The system waits for respon.ses from external ser-
vices:

1. Asthe responses are received, they are processed
and stored.

2. Ifaservice does not respond within the specified
time, the system logs an error and continues processing.

4. Data aggregation and normalization:

1. Bringing responses to a consistent format.

2. Eliminating duplicates and irrelevant data.

3. Validity assessment and weight analysis of data (if
applicable).

5. Decision making:

1. Analyzing the aggregated data.

2. Calculating the final result (summary score,
probabilistic analysis, etc.).

Report generation:

Creating a human-readable report with results.
Data visualization (if required).

Outputting the result to the user:

The human operator receives the final decision.

2. The system completes processing and is ready for
the next request.

Transforming this algorithmic sequence with a gen-
eralization of the parts related to the application into a
single whole, called the Application, will give us the se-
quence diagram shown in Fig. 2.

Thus, the software architecture of the developed
parsing module is a modular and multi-layered system
built on the principles of encapsulation, weak coupling
and clear division of responsibility. This approach al-
lows flexibility, scalability, and ease of system mainte-
nance and expansion. The architecture is implemented
on the principle of client-server interaction between
subsystems, each responsible for a strictly defined aspect
of the entire software complex.

Operator User Interface

| Enter text

o
>

Sending text for processing

At the first level of interaction is the input subsystem,
which serves as a bridge between the user and other
components. It implements the graphical and console
user interface and is intended for primary data input,
such as keywords, filtering parameters and search set-
tings. This subsystem implements basic validation of the
entered information, after which the data is transferred
to the internal subsystems in a structured form. The log-
ical level implements business logic, where the search
subsystem plays the key role. It forms search queries
based on the entered parameters, accesses external in-
formation sources, including APIs of search engines or
web resources, and parses the obtained results. This
subsystem is designed to be scalable by connecting new
data sources without changing the rest of the system.

After retrieving references and metadata for the re-
trieved scientific publications, the management moves
to the download subsystem. It deals with verification of
references, automatic downloading of documents, pro-
cessing of formats and organization of local file storage.
Downloading can take place both synchronously and in
multithreaded or asynchronous mode, depending on
the scale of the task and performance requirements.
Once the documents are saved, the data is transferred to
the analysis subsystem, which in turn is a set of algorith-
mically rich components.

The analysis subsystem is responsible for the intelli-
gent text processing of scientific papers. At the first
stage, text content is extracted from documents of vari-
ous formats (PDF, DOCX and others), after which lin-
guistic and statistical data processing is performed. Fre-
quency characteristics are calculated, keywords are ex-
tracted, dictionaries and topic maps are generated.
Next, clustering algorithms such as K-means, DBSCAN
or hierarchical methods are used to group texts accord-
ing to the degree of semantic similarity. All analysis re-
sults are stored in a database, from where they can be
retrieved for visualization or exported as reports.

To ensure consistency between subsystems, a coor-
dination layer is provided that manages data flows, task
synchronization and error handling. The architecture
allows each subsystem to be extended independently of
the others through an interface-oriented approach and
design patterns such as facade, adapter and observer. All

Application Extermnal Services

T
'
I
d
'
'
r
'
'
I
|
'
'
'

. Generates and sends final report

L
o

Request to multiple sites J
>

Returns validation results |

I~
|

. Output the results |

I~ i

User Interface

Oper'ator

Application Extermal Services

Fig. 2. Sequence of basic system operations is represented as a UML Sequence Diagram
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modules are implemented so alternative implementa-
tions can be substituted without disrupting the entire
system. This is particularly important for the analysis
and search subsystems, where the constant evolution of
technology requires regular algorithm upgrades. As a re-
sult, the proposed architecture provides a reliable and
versatile platform for intelligent parsing and analysis of
scientific information.

To rigorously test all hypotheses, carefully curated
test datasets were required. The dataset construction
followed these principles:

For Hypothesis 1, two sets of text samples were cre-
ated, consisting of 34 and 32 passages, each approxi-
mately one printed page in length or shorter (a con-
straint imposed by some of the Al detection tools used
in the study). These datasets included both Al-generat-
ed texts in Ukrainian and human-authored texts. To en-
sure the absence of Al-generated content in human-
written samples, student diploma theses from before
2020 were selected for inclusion in the dataset.

For Hypothesis 4, the same text passages were trans-
lated into English using Google Translate’s automated
translation service. This step aimed to assess whether
translation affects the ability of Al detection tools to dif-
ferentiate between Al-generated and human-written
content.

Error metrics were calculated to quantify the effec-
tiveness of Al detection tools. The error was defined as
100 % minus the percentage of Al classification assigned
by the detection tool for Al-generated texts. For human-
written texts, the error was defined as the percentage of
Al classification assigned by the detection tool. Thus, in
both cases, an error value closer to zero indicates a more
accurate classification by the detection tool.

A summary of the statistical analysis, including the
expected error values and standard deviations for Al-
generated text detection, is presented in Table 2.

As demonstrated in the table, translating Al-gener-
ated text into English significantly enhanced detection
accuracy for platforms 1, 4, 5, 6a, 6b, 6¢, and 6d. In con-
trast, detection performance deteriorated for platforms
2, 3, and 7. Notably, platforms 2 and 3 tended to mis-
classify Al-generated and human-authored texts in
Ukrainian, frequently labelling human-written content
as Al-generated. However, after translation into Eng-
lish, these platforms demonstrated improved accuracy
in distinguishing human-authored texts from Al-gener-
ated ones.

A detailed statistical analysis, including the expected
error values and standard deviations for human-written
text detection, is presented in Table 3.

After translation into English, sites 2, 3, 6b, and 7
demonstrated improved accuracy in recognizing hu-
man-written texts, while the remaining platforms exhib-
ited a decline in performance. Figs. 1 and 2 present his-
tograms depicting the distribution of average classifica-
tion errors for Al-generated texts in Ukrainian and their
corresponding English translations. The data indicate
that, translation into English reduced the average error
rate across most detection sites, with the most signifi-
cant improvement observed in Site 1.

For sites that appeared in 2025, the situation is that
two of the analyzed sites detect the Ukrainian language
and report that they are unable to process it. The re-

Table 2
Analysis of Al-generated text verification

Ukrainian-to-

Ukrainian English translations Difference

e}
= |5
site £ 5 N = S2
g |88 = == = R
< = .8 < ==t S Joi
(5] S > (] E > ﬁ E ()
= |53 = ] o - A
sitel 68.1 | 26.11 12.3 16.87 55.84 | -9.24
site2 1.79 | 3.63 46.7 3431 | -449 | 30.68
Site3 241 | 3.27 46.7 33.91 | -44.3 | 30.64
Site4 99.8 | 0.37 53.2 4588 | 46.59 | 45.50

Site5 97.8 | 0.69 42.7 23.87 | 55.05 | 23.18

Site6a 84.9 | 6.88 62.4 20.37 | 22.50 | 13.49

Site6b 87.6 | 8.45 16.9 22.54 | 70.64 | 14.10

Site6c 852 | 1521 317 19.10 | 53.47 | 3.90

Site6d | 69.4 |20.30| 28.4 25.54 | 4101 | 5.24

Site7 80.9 [29.03| 90.8 16.82 | -9.92 | -12.21

Site 25-1| N/A | N/A| 2125 | 2623 | N/A | N/A

Site 25-2|16.23 | 25.85| 13.63 30.82 2.6 4.97

Site 25-3| N/A [ N/A| 6.4 2187 | N/A | N/A

Site 25-4 | 10.47 | 7.36 56.9 13.43 | 4643 | 6.07
Table 3
Analysis of the human-written texts verification
.. Ukrainian-to- .
Ukrainian English translations Difference
i)
s | 8
. o = o g 3 =
site s S s S S | &=
s |28 = S g = g
< s .8 < S = 3 SF
S| =3 2 s 3 T | 5 R
S |as = ] LS - A
sitel 0.20 | 0.50 0.42 2.27 -0.21| 177
site2 65.4 |29.36 13.7 19.36 | 51.71 |-10.00
Site3 64.9 | 29.38 12.9 18.38 | 52.06 | —11.00
Site4 0.14 | 0.25 27.2 38.68 | —27.1 | 38.43
Site5 2.52 | 2.24 43.4 28.30 | —40.9 | 26.06
Site6ba 12.7 | 6.34 43.2 22.19 | -30.5| 15.85

Site6b 122 | 11.26 | 3.38 1297 | 887 | L70

Site6c 12.8 | 15.10 | 43.9 30.17 | -31.1 | 15.07

Site6d 16.9 | 6.37 40.6 36.60 |-23.7| 30.23

Site7 18.3 | 27.11 10.9 8.85 742 | -18.26

Site 25-1 | N/JA [ N/A | 9.64 | 1838 | N/A | N/A

Site 25-2 | 23.6 | 41.28 | 41.35 48.23 177 | 6.95

Site 25-3 | N/A | N/A | 27.68 | 33.85 | N/A | N/A

Site 25-4 | 88.4 [ 22.48 | 67.87 13.71 | -20.5| -8.77

maining two show contradictory results regarding rec-
ognizing human and Al content.

A comparative analysis of average classification er-
rors for human-authored texts and their translations re-
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Fig. 3. Histogram of the distribution of mean scoring er-
rors for texts generated in Ukrainian (sites 1-7, 25-4)
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Fig. 4. Histogram of the distribution of mean scoring
errors for Ukrainian-generated texts that were trans-
lated into English (sites 1-7, 25-4)

vealed no significant overall improvement. While plat-
forms 2, 3, 6b, and 7 demonstrated increased accuracy,
others showed a decline in performance.

To evaluate Hypotheses 2 and 3, three distinct Eng-
lish-language datasets were constructed. The first data-
set consisted of passages from academic research papers
cited in this study, serving as a benchmark for human-
authored scholarly writing. The second dataset com-
prised Al-generated texts produced in response to non-
template prompts similar to those outlined in Table 1.
The third dataset included highly structured and for-
malized documents commonly used in English-lan-
guage professional and legal contexts.

To build the list of standardized formal documents,
queries were submitted to ChatGPT and Copilot. The
resulting selection, based on linguistic rigidity and con-
ventional structuring, is presented in Table 2. The
15 most formalized document types in English include
Resume/CV, Cover Letter, Application, Contract, Pre-
sentation, Report, Email, Job Application, Business
Plan, Thank You Letter, Power of Attorney, Marketing
Plan, Complaint Letter, Articles of Incorporation, and
Meeting Minutes [20].

Table 4 presents the mean and standard deviation of
error rates for three categories of texts: Al-generated
English texts, human-written texts, and highly formal-
ized human-written documents.

The analysis of these deviations indicates that Site 1
demonstrated the most reliable performance in deter-
mining text authorship. Notably, if a single Al-generat-
ed text — incorrectly classified with 46.68 % confi-

Table 4

Analysis of the error rates of Al-generated English
texts, human-written texts and formal texts written

by humans

Al Generated | Human written | Human formal

ke
eli= o g § § g
site . _:5 .% - _§ .% :% S :é
§ || 8 | 55| £ | £3
= |»xs| = |axs| 8 | 8A
sitel 201 | 10.26 | 20.5 | 3712 | -1.03 | 5.48
site2 304 | 3724 | 171 | 26.24 | —44.9 | 45.05
Site3 30.6 | 37.11 13.8 | 2249 | —44.6 | 44.63
Site4 89. | 30.14 | 047 | 2.19 | —4.16 | 18.84
Site5 63.1 | 26.10 | 41.9 | 25.09 | -26.3 | 25.23
Site6a 76.8 | 21.78 | 53.1 | 21.81 | =34.2 | 24.97
Site6b 395 | 598 | 26.3 | 39.50 | -25.1 | 35.67
Site6c 69.9 | 2116 | 29.1 | 23.78 | —=26.5 | 24.42
Site6d 458 | 29.53 | 27.1 | 28.19 | -36.3 | 36.52
Site7 95.5 | 6.25 | 5.81 739 | —-149 | 25.16
Site 25-1 | 65.00 | 42.52 | 142 | 393 | 0.00 | 0.00
Site 25-2 1.00 | 0.00 | 44.12 | 47.57 | 14.92 | 34.32
Site 25-3 2.1 5,17 | 0.00 | 0.00 | 7.4 | 25.75
Site 25-4 | 31.57 | 11,09 | 34.58 | 13.53 | 52.35 | 22.00

dence — were excluded from the dataset, the average
recognition error for Al-generated texts would drop to
—0.03 %, demonstrating a significant improvement in
classification accuracy.

Site 4 exhibited a strong bias toward misclassifying all
texts as human-written, regardless of their actual origin.

Site 6b showed a high capability for correctly identi-
fying Al-generated texts. However, it also tended to mis-
classify human-authored texts as Al-generated, leading
to concerns about false positives.

Of the sites that appeared in 2025, only site 25-3
shows good results in recognizing English-language
content. However, the downside of this system is the in-
ability to recognize Ukrainian-language texts.

Based on the findings of the experimental studies,
the following key conclusions can be drawn:

1. No web application demonstrated reliable au-
thorship recognition for Ukrainian-language texts. All
evaluated detection tools exhibited an average error rate
exceeding 15 %, indicating that these systems struggle
with accurate classification in Ukrainian.

2. Translation into English significantly improved
detection accuracy for Site 1, the only platform to
achieve an error rate below 15 %. Specifically, after
translation, Site 1 produced an average error of 12.77 %,
with a standard deviation of 17.07 %, suggesting that
these detection models perform better in languages with
stronger representation in training data.

3. Hypotheses 2 and 4 were confirmed exclusively
for Site 1. When analyzing English-language texts, this
tool yielded an average error rate of 23.54 %, with a
standard deviation of 52.86 %. However, after excluding
extreme outliers, the adjusted average error decreased to
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6.19 %, with a standard deviation of 19.31 %, confirming
that translation enhances Al detection effectiveness.

4. Hypothesis 3 was not confirmed within accept-
able statistical thresholds. The findings indicate that
current Al detection tools do not consistently rely on
identifying structured linguistic patterns, contradicting
the assumption that such systems detect Al-generated
text primarily based on syntactic or stylistic regularities.

Therefore, it can be concluded that Site 1, while re-
stricted to English-language content, demonstrates a
reasonable capability for detecting Al-generated text.
However, its performance on Ukrainian-language texts
remains inconsistent, producing ambiguous and contra-
dictory results that prevent its use for reliable authorship
attribution.

Additionally, the other Al detection tools evaluated
in this study exhibited high variability and lack of reli-
ability, making them unsuitable for practical application
in cases where individuals need to verify the authenticity
of their authorship claims.

Conclusions. This study has demonstrated that trans-
lating Al-generated text from Ukrainian to English sig-
nificantly improves detection accuracy. This finding un-
derscores the fact that large language models (LLMs)
are predominantly trained in English, while their multi-
lingual capabilities often rely on lower-ranked transla-
tion-based models. This raises an important concern
regarding linguistic bias in Al development, as non-
English languages risk being reduced to simplified or
anglicized versions of their original structures. Over
time, this could contribute to a homogenization of lin-
guistic diversity, limiting the richness and complexity of
non-English academic and scientific communication.

Another critical issue is the emerging “Al vs. AI” par-
adigm, wherein artificial intelligence systems are being
deployed to detect content generated by other Al models.
As Al-generated text becomes increasingly sophisticated,
distinguishing between human-written and machine-
generated content has become an inherently complex
task — one that is often delegated to automated detection
tools, many of which are based on machine-learning
techniques. This cycle of Al-driven detection highlights
the evolving challenges in ensuring academic integrity,
particularly as legacy detection models struggle to keep
pace with advancements in large language models.

This research examined whether Al-generated sci-
entific texts — produced using models such as GPT-3
(e.g., ChatGPT) and GPT-4 (e.g., Copilot) — can be
effectively distinguished from human-authored works.
The primary focus was on textual analysis of Ukrainian-
language content, but experimental results indicate that
existing Al detection tools are largely ineffective in reli-
ably identifying machine-generated text.

Given the rapid advancements in LLMs, software
utilizing these models can potentially revolutionize aca-
demic writing. Current Al tools like ChatGPT can pro-
duce highly sophisticated scientific articles, conference
papers, and other academic documents. This trend is
becoming increasingly apparent in higher education,
where Al-generated text can seamlessly integrate into
the academic workflow, raising ethical and method-
ological concerns.

Findings from this study further reveal that tradi-
tional plagiarism detection tools fail to identify Al-gen-

erated content as plagiarism in the conventional sense.
Moreover, the effectiveness of detection systems is high-
ly language-dependent, with many existing tools being
optimized primarily for English text.

Therefore, it is crucial to systematically assess and
refine Al detection methodologies, considering lan-
guage-specific characteristics and computational con-
straints. The results of this research highlight an urgent
need to develop advanced Al detection tools capable of
recognizing machine-generated content across multiple
languages, ensuring fairness and academic integrity in
an increasingly Al-driven scholarly landscape.
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IIporpaMHe BUSIBJIEHHS] YKPAiHOMOBHMX
TeKCTiB, 3renepoBannx I1II:
MeTO/AM, OIiHKH, BUKJIMKH

C. /. Ilpuxoduenko™, O. I0. [Ipuxoduenko,

0. C. llesyosa, 1. I. Oniwescokuii
HauionanpHuii TeXHiUHUI yHiBepcuTeT «/IHirpoBchbKa Mo-
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Meta. OuiHka eheKTUBHOCTI iCHYIOUUX iHCTpY-
MEHTIB BUSIBJIEHHSI TEKCTY, 3T€HEpOBAaHOIO IITYYHUM
iHTEJIEKTOM, IUISI BUSIBJIGHHSI MAallIMHHO-TE€HEPOBAHOTO
KOHTEHTY y KBaJliikaliitHux podoTrax cTyaeHTiB. Jlo-
CJIIIDKEHHS Ma€ Ha METi MpoaHaJli3yBaTU TOYHICTb, Ha-
NiAHICTb i OOMEXeHHsSI LIMX METOMIIB BUSIBJICHHSI, 30-
KpeMa IJIg TeKCTiB, HaITMCaHUX YKPaiHChKOIO MOBOIO,
a TaKOXX BUBUMTHU MOTEHIIMHI MOKpallleHHsT po3ITi3Ha-
BaHHs BMmicTy LI

Metoauka. Y 10CHiIKeHHI BUKOPHUCTOBYEThCS TO-
€IHAHHS CTAaTUCTUYHOTO aHaJli3y i eKCIIepMMEHTaIb-
HOI OlliHKM iHCcTpyMeHTiB BusiBieHHs1 LI. Habip na-
HUX aKaJeMiyHuX TeKcTiB, cTBopeHux LI i HamucaHux
JIIOMMHOIO, BUKOPUCTOBYETHCS MJIsI OLIHKM TOYHOCTI
BUSIBJICHHSI 3 TOJATKOBMMU €KCIIEPUMEHTaMU, TIPOBE-

JIEHUMM IJIsT aHAJTi3y BIUTMBY MOBHMX CTPYKTYp, e(heK-
TiB Mepekyamy Ta dopMaiizanii TekcTy. JocmimkeHHs
TaKOX BKJIIOYA€E OOYUCIOBAIbHI METOIU NJIs1 BUBYEH-
HSI PiBHSI TIOMUJIOK i BU3HAYEHHSI 3aKOHOMipHOCTEH
y po3Ii3HaBaHHi KOHTEHTY, cTBopeHoro LII.

PesyabraTtu. PesynbraTu nociiakeHHs 1aloTh 3po-
3YMITH MPOAYKTUBHICTh IIOTOYHUX CUCTEM BUSBICHHS
LI, minkpeciow4M iXHI CHJIbHI ¥ cJIaOKi CTOPOHHU.
AHaJti3 BUSIBUB 3HAa4Hi IIPOOJIeMU i3 BUSIBJIEHHSIM TEK-
CTy, CTBOPEHOTO IITYYHUM iHTEIIEKTOM, OCOOJIMBO HE
AHTJIACHKOI0 MOBOIO, TaKMX $SIK yKpaiHcbka. Kpim
TOTO, IOCJIIXKEHHsI BHM3HAYa€ BIUIMB IEepeKyIaay Ha
TOUYHICTb BUSIBJIEHHSI Ta OOTOBOPIOE €(PEKTUBHICTD Pi3-
HUX JIIHTBICTUYHMX i CTATUCTUYHUX MiIXOMIIB.

HaykoBa HoBu3Ha. Lle nociimkeHHs poOUTh BHECOK
y TOTOYHUIA AUCKYPC MPO aKaAeMiuHy JOOPOUYECHICTb,
pO3IIsAaloun OOMEXEHHST iHCTPYMEHTIB BMSIBJICHHS
LI nnst HeaHTTOMOBHMX akageMiyHMX TeKCTiB. Ha
BiZIMiHY BiJ MOIMEpPeaHIX JOCIiIKEeHb, 1110 30CePeIKEeHi
B OCHOBHOMY Ha aHTJIOMOBHOMY KOHTEHTI, CTBOPEHO-
My IITYIHUM iHTEJIEKTOM, ¢ JOCIIMKEeHHS IIPOIIOHYE
VHIKaJIbHUI MO Ha TIPO0JIeMU BUSIBIICHHS TEKCTY,
CTBOPEHOTO IITYYHUM iHTEJICKTOM, YKPaiHChKOIO MO-
BOIO, TIPOTIOHYIOYM HOBI ITOTJISIINM Ha aJarnTallilo Moje-
JIeil BUSBJICHHS IJIST Pi3HOMAaHITHMX MOBHUX KOHTEK-
CTiB.

IIpakTiyna 3HauMMicTh. Pe3ynbTatu LILOTO JOCII-
JKEHHS € IHHUMU 11 BUKJIanadiB, JOCJIiIHUKIB i TTO-
JIITUKIB, SIKi 3aliMalOThCs TIATPUMAHHIM aKaJeMiqyHOL
nobpodecHOCTiI B eroxy reHepatuBHoro I1I1. Bussmns-
104U ¢J1a0Ki MiCLIsl B TOTOYHUX CUCTEMAX BUSIBJIEHHSI Ta
MIPOITOHYIOYN MOKJIMBI BIOCKOHAJICHHS, JOCITIIKCHHS
CTBOPIOE OCHOBY JIJIsl pO3pOOKM Oi/IbII HATIHHUX METO-
noJoriit BusiBiieHHs1 LI, siki MoxxHa e(peKTUBHO 3aCTO-
COBYBATH IO aKaIeMiYHUX TEKCTiB KiTbKOMa MOBaMM.

Kmouosi cioBa: seeneposanuii Il mexcm, axade-
Miuna 0obpouecHicmb, IHCMpPYMeHmU BUABAEHHS, BUUA
oceima, 0bpodKka NpupooHoi Mo8u, MAUWUHHE HABUAHHS,
06aeamomosHuUil aHaNi3 MeKCcmy
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