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Abstract The rapid adoption of large language models (LLMs) such as ChatGPT has raised critical
questions about authorship, originality, and integrity in academic writing. Unlike conventional plagia-
rism testing tools, Al-generated or Al-rephrased text can preserve the original meaning and context
of the text while modifying the writing style, making it challenging to detect using standard similar-
ity checks. This study addresses this challenge by creating a domain-specific corpus of postgraduate-
level academic texts. The corpus contains 22,520 samples, equally divided between human-written
text and Al-rephrased text. All samples were preprocessed and represented using two common tech-
niques: TF-IDF and Word2Vec. The dataset was evaluated using well-known machine learning and deep
learning models, including Logistic Regression, Support Vector Machines, Recurrent Neural Networks,
and transformer-based models BERT and T5. The results show that linear and sequential models pro-
vide low baseline performance, with accuracy between 50-54%. While BERT significantly outperforms
the other models, achieving 83% precision along with a high recall rate. Confusion matrix analysis
further shows that traditional models tend to overpredict Al authorship, whereas BERT demonstrates
strong reliability in distinguishing between human-written and Al-generated text. The results show that
transformer-based models are more effective for authorship verification in academic settings. They
also emphasize the trade-offs among interpretability, computational cost, and predictive performance.
In general, this study offers some important recommendations for the creation of credible, transparent,
and domain-sensitive Al detectors for academia.
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DOI: 10.21015/vtse.v14i1.2274

as ChatGPT. Although this may appear to be a hypotheti-

Consider a situation in which the professor is reading an
essay, which is apparently ideal, clear, tidy, and stylis-
tically consistent. However, at the same time, the pro-
fessor did not know whether it was written by the stu-
dent or by a large language model (LLM) chatbot such
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This work is licensed under a Creative Commons Attribution 3.0 License.

cal scenario, such scenarios are increasingly becoming a
reality. The contrast between human-generated and Al-
generated or Al-rephrased text now presents a new chal-
lenge for the academic community. This development is
likely to influence education, scholarly practice, and the
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broader knowledge ecosystem badly.

The introduction of large language models (LLMs) has
completely revolutionized the text writing process for
both academic and professional documentation. New
Al models can generate text that is consistent, stylisti-
cally similar, and often identical to human-generated
text. Despite their undeniably positive effects, such
as enhanced productivity, language acquisition, and
automated routine writing, their application in academic
environments raises serious ethical and practical con-
cerns. The need to maintain originality and intellectual
authorship remains a significant ethical and practical
issue. [1, 2].

One of the main challenges is the ability of such
systems to produce or rephrase text that cannot be
detected by traditional plagiarism detection methods.
Traditional tools use surface-level similarity measures,
e.g., string matching or overlap of n-grams with known
sources [3]. Conversely, Al-generated or Al-plagiarized
texts seem to be stylistically different even in the case of
copying ideas. This slight imitation blurs the distinction
lines between genuine research and synthetic reproduc-
tion, increasing the distrust of the peer review and the
reliability of knowledge production.

The issue is further intensified by the free, easy,
and widespread availability and accessibility of these Al-
based tools. Tools such as Copilot, Gemini, and ChatGPT
are popular and capable of recreating entire documents
with minimal effort. This makes it increasingly chal-
lenging for educators and publishers to determine and
authenticate the authorship of a document. Previous
studies have established that robust, data-efficient,
interpretable, and versatile detection systems are re-
quired to address these issues [4, 5, 7, 8]. However,
existing strategies are struggling to remain effective
due to continuous improvements in the contextual
reasoning and fluency of modern LLMs.

Another major limitation in current research is its
focus on generic web text rather than formal academic
writing. Scholarly texts at the postgraduate level are
usually domain/discipline-specific, linguistically dense,
and structurally complex. These characteristics create a
more demanding evaluation setting for authorship de-
tection and are directly relevant to high-stakes domains
such as scientific publishing, higher education, policy
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development, and journalism. Therefore, addressing
this gap is very important for preserving trust, especially
in environments where authentic authorship is critical.

In this research, we systematically evaluate vari-
ous machine learning and deep learning models to
determine their capability to differentiate between
human-generated academic writing and Al-generated
text. Unlike proprietary "black-box" detection systems,
we focus on methodological transparency and repro-
ducibility of the experiments. We examine the perfor-
mance of classical approaches (Logistic Regression and
Support Vector Machines (SVM)), deep learning models
(Recurrent Neural Networks), and a transformer-based
model (BERT). The evaluation is carried out on a domain-
specific dataset comprising genuine student-written text
and Al-generated and rephrased text.

The results show that the transformer-based model
BERT outperformed all other employed models, achiev-
ing an accuracy of 81.4% and a precision of 83%. The key
contributions of the paper are as follows:

1. Development of an academic writing domain-
specific dataset containing student-authored
academic text and Al-generated and paraphrased
text.

2. Comparison of deep learning and traditional ma-
chine learning models using two different feature
extraction strategies: TF-IDF and Word2Vec.

3. Evaluation of trade-offs between interpretability,
computational efficiency, and accuracy.

4. Empirical demonstration of the effectiveness of dif-
ferent models in recognizing Al-generated text.

The rest of this paper is structured as follows. Section
2 examines current methods of Al text detection. Sec-
tion 3 explains our dataset and preprocessing pipeline.
Section 4 defines the benchmarked models and evalua-
tion metrics. Section 5 outlines the experimental settings.
The findings and discussion of the experiments are pre-
sented in Section 6. Finally, Section 7 concludes with im-
plications for research, practice, and policy.

2 Literature Review

The challenge of effectively differentiating human-
generated text from Al-generated text has gained
attention since the launch of ChatGPT at the end of 2022.
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This surge in research interest is largely due to the LLM's
ability to generate text that is not only grammatically
correct but also contextually relevant and stylistically
coherent across various fields [8].

2.1 Early Statistical and Lexical

Feature-Based Approaches

Initial detection methods used basic statistical and lexical
features of text, including the frequency of words used,
the probability of tokens, or unusual syntactic structure.
Such as Gehrmann et al, applied logistic regression to
word likelihood distributions based on GPT-2 outputs
and obtained fairly good results on smaller models
[4]. Nonetheless, it did not work with larger and more
fluent LLMs. Similarly, Huang et al. found that the Al
text generation tends to have semantic flow, particularly
when considering lengthy text passages, i.e., a flaw that
some early detectors occasionally exploited [3].

During this period, Kehkashan et al. proposed the Gi-
ant Language Model Test Room (GLTR), created by [8], a
visualization-oriented tool that enabled users to inspect
documents at the token-level probability distribution of
varying likelihood levels. It improved non-expert human
performance on the task of human detection to 72%.
Its effectiveness, however, did not take long to collapse
when applied to newer or fine-tuned LLMs due to its
dependence on the output distributions of a fixed model
[10].

2.2 Transformer-Based Detection Models
Transformer-based architecture was introduced, and
this was a turning point. BERT models and RoBERTa have
become much more effective at detection, with contex-
tual and semantic features more fully represented in the
model. The value of contextual embeddings in generat-
ing and detecting fake news was demonstrated by [11],
showcasing Grover, a transformer that performs both
generation and detection of fake news. Subsequently,
RoBERTa models have been fine-tuned by [4] and others
and have reached almost state-of-the-art performance
in GPT-2 detection.

Extensive reviews [8] verify that, under controlled
conditions, transformer-based detectors can achieve
F1-scores greater than 0.99. [12] applied this research
to multilingual environments and trained RoBERTa and
ELECTRA on text detection in English and French. These
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models showed strong in-domain results (more than
99% and 94% F1-scores) but were weak with out-of-
domain texts, which points to a continuing problem with
generalization.

Another major direction is the inclusion of explain-
able Al (xAl). Tools such as SHAP or LIME could be su-
perimposed on transformer pipelines to identify which
stylistic features (such as lexical diversity or readability
indices) have the highest association with Al authorship,
as shown in [16]. This not only enhances accuracy but
also provides greater transparency.

2.3 Perplexity-Based and Model-Intrinsic

Methods

Another strong line of research focuses on perplexity.
Because Al text generation is capable of producing fewer
random tokens, HowkGPT [20] is one of the systems
that uses distribution- and context-based thresholds to
identify suspicious sentences, particularly in scholarly
writing. Though useful with original content, these
techniques are unsuccessful when texts are changed
or paraphrased [8]. White-box methods go further by
reflectively analyzing model internals. DetectGPT, which
detects passages with the help of a model based on
log-probability curvature, is an example. Despite the
promise of these approaches, they tend to be difficult
to scale across architectures and are strongly tied to the
specific model on which they are constructed [10].

2.4 Sequential and Hybrid Architectures
Along with transformers, there are also sequence mod-
els. LSTMs and BiLSTMs have been used to represent the
flow of text [13], e.g., suggested a TSA-LSTMRNN, which
was a composite of a sequence model with simulated
annealing-based optimization, and reached a level of ac-
curacy of generating more than 93 percent on human
and ChatGPT datasets. But, observing, as it is seen in [8]
note, even optimized RNNs are likely to perform worse
than transformers with hints of style in longer or more
semantically material writing.

Combination techniques are attempting to fuse
the strengths of both paradigms. As an example, [14]
added GLTR contextualised, inspired statistical features.
RoBERTa has embeddings that are capable of giving
the model will to be made more successful in detecting
antagonistic paraphrasing of inputs. These kinds of
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hybrids mean that the strategy of combining the two
resistances would be made worse by shallow and deep
cues to paraphrasing attacks.

2.5 Feature Engineering and Explainable

Al

In addition to architecture, feature engineering is useful
in improving interpretability. Krishna et al. demon-
strated that standard linguistic measures, such as
sentence length or punctuation rule, vocabulary rich-
ness (e.g., Yule's K), can be used as effective indicators in
conjunction with modern embeddings [9]. Such features
not only enhance the predictive performance of the tool
but also give human explanations and the reasons why
a text is marked as an Al-generated text.

Explainability is not a choice, especially in areas that
matter, such as education [8]. Educators and schools
should be in a position to explain the reason why a piece
of reading was flagged to prevent the unfair demotiva-
tion of learners. The techniques, such as SHAP [16], al-
low defining the difference between acceptable stylistic
features and actual Al indications.

2.6 Limitations of the State of the Art

Although there have been significant improvements
seen recently, there are still gaps. A significant part
of the current literature has been experimented with
general web text, and this restricts its use to academic
writing. Cross-domain robustness is poor: detectors
that have been trained in one domain tend to fail when
used on another. There are numerous commercial tools
that continue to exhibit both high false positive and false
negative rates in academia, including ZeroGPT [8].

Both reviews and empirical literature point out that
the future in this area will be based on the development
of domain-specific repositories and adaptive architec-
ture. Free-flowing evaluation frameworks that can keep
pace with generative frameworks are the best option for
Al-generated text detection problems.

The focus of this study is to fill these gaps by:

1. Creating a domain-specific and relevant data repos-
itory of human-generated academic text.

2. Comparison between the traditional classifiers (Lo-
gistic Regression and SVM) with deep learning mod-
els (RNN and BERT).
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3. Comparison of the effect of feature extraction
techniques (TF-IDF vs.  Word2Vec) on model
performance.

4. Recommending the methods and techniques that
are best suited to educational integrity environ-
ments.

In short, although previous studies exhibit that
transformer-based strategies bear promising results,
there is an urgent need to conduct task-specific and
context-focused evaluations. This paper is based on this
premise, where several machine learning pipelines are
put to the test in the scholarly sector, where themes of
originality and authorship count are especially elevated.

To investigate the usefulness of various machine
learning models in the process of detecting human-
generated and Al-generated academic writing. We
designed a customized binary classification dataset
[30]. The dataset is constructed to mirror the actual-life
features of postgraduate academic writing, including
linguistic and stylistic patterns of academic writing.

3 Dataset and Preprocessing

3.1 Dataset Collection

To support empirical evaluation, a domain-specific
and extensive dataset is prepared by compiling post-
graduate academic reports that are submitted by the
post-graduate students of ICS/IT, the University of Agri-
culture, Peshawar, as indicated in Table 1 and presented
in Figure 1. Based on these reports, 11,260 paragraphs
written by humans on different topics are selected.
In total, these texts included 1,989,000 words, 49,673
sentences, and 535 separate sections.

Every original paragraph is rewritten using Chat-
GPT (version GPT-3.5 Turbo). This generated 11,260
Al-generated paragraphs, 2,073,000 words, 62,190
sentences, and 691 sections. The slight difference in the
number of paragraphs was caused by the limitations in
rephrasing, including the use of tokens or the formatting
of the materials.

The choice of postgraduate-level writing is deliberate.
As the academic texts written on this level are more com-
plicated, contain more difficult vocabulary, longer sen-
tences, and are strict to disciplinary terminologies. Such
attributes are much harder to realistically imitate and,
thus, offer a more potent testbed to assess Al detection
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systems. Advanced academic writing will also be used to
make sure that the dataset is directly applicable to the
high-stakes educational settings, where the authorship
and originality will be very important.

3.2 Dataset Labelling

The dataset consists of binary labelling of each para-
graph, i.e., each paragraph is either a human-generated
academic text or rephrased by an Al tool. Overall, the
dataset is composed of 22,520 annotated paragraphs,
which provide an adequate base for training and testing
of machine learning classifiers.

Table 1. Dataset composition by category.

Category Academic (Human) Rephrased (Al)
Paragraphs 11,260 11,260
Words 1,989,000 2,073,000
Sentences 49,673 62,190
Sections 535 691

The table presents dataset statistics comparing Human-Written and
Al-Rephrased academic texts.

3.3 Text Preprocessing

All the samples are subjected to a standardized prepro-
cessing pipeline before training, which aims to normal-
ize linguistic variability and reduce noise. This helps the
models focus on substantive patterns rather than super-
ficial variations in the texts. Some important steps in-
volved in the pipeline are as follows:

In the first step, all text is converted to lowercase to re-
move case sensitivity. This has the advantage of treating
words like "education" and "Education" as the same word
and eliminating redundant feature representations. In
the second step, all punctuation marks are removed to
minimize format discrepancies that add little to semantic
meaning but can enlarge the feature space, particularly
in vector representations.

Lastly, we tokenize the text using the tokenizer library
of NLTK. In this step, the text is divided into sentences
and words for feature extraction. The features are ex-
tracted using Word2Vec and TF-IDF techniques.

Two feature extraction strategies are used after pre-
processing:
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3.3.1 TF-IDF Vectorization

TF-IDF detects differences in surface-level word usage
and allows models to detect lexical choices that may be
used to differentiate between human-generated and
Al-generated text. Figure 2 shows TF-IDF features of
human-generated text, and the text is rephrased by Al.
The fact is justified by these discrepancies that TF-IDF is
able to hold discriminative surface characteristics which
can be used to affect classification [3].

3.3.2 Word2Vec Embeddings
Word2Vec embeddings are generated using the skip-
gram architecture with a window size of 5 and a vector
size of 100. The embedding of every paragraph sym-
bolizes each paragraph and enables models to gain
semantic, not merely the patterns of word frequency.
TF-IDF and Word2Vec can be utilized as a complemen-
tary view: the former is much more concerned with the
stylistic and lays stress on semantic coherence. This com-
bination can be utilized for stronger detection models as-
sessment.

Dataset Composition by Category (Log Scale}

m HUmEr-wicien

11,260 m— A-rephirased

Log Scale of Counts

Figure 1. Dataset Composition by Category

3.4 Dataset Partitioning

The dataset is split into training, testing, and validation
subsets for fair evaluation. The data sampling ensures
that the 50:50 class distribution is preserved in all three
subsets. 80% data of the dataset is used for training pur-
poses; the rest of the data is used for testing and valida-
tion equally. This partitioning of the data ensures that
both Al-generated and human-written texts are equally
represented in all the subsets, thus allowing models to
be trained and evaluated regularly.
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The stratification was used to guarantee that human
and Al writing were equally distributed in every subset to
have their models trained and evaluated regularly. Fig-
ure 1 shows this partitioning, in which the majority of
the samples were used in the training set, and the same
number was used in the validation and testing sets. Such
stratified splits are not only widely suggested in text clas-
sification research to stabilize performance assessment
and extrapolation, but also to offer an equitable contrast
of the two [17].

On the whole, this data can be utilized to perform
successful testing of authorship detection models. Au-
thentic postgraduate-level writing and Al-rephrased vari-
ants of the same can be used to rigorously compare the
datasets, as well as the semantic (Word2Vec) and lexical
(TF-IDF) feature representations. It helps in the analy-
sis of the traditional, sequential, and transformer tech-
niques. The benchmark methodology of these models is
provided in the next section.

4 Methodology

In this paper, we compared various traditional and deep
learning classifiers to understand whether an academic
paragraph has been written or rephrased by a human
or by an Al tool. We make a comparison between Logis-
tic Regression (LR), Support Vector Machines (SVM), Re-
current Neural Networks (RNN), BERT, and T5, which are
different in terms of model complexity, explainable fea-
tures, and reasoning ability. All the models are optimized
using TF-IDF features and Word2Vec embeddings to an-
alyze the performance impact of encoding features. The
motivations for choosing this combination are as follows:

+ It has two extremes, shallow learning (efficiency,
interpretability, and base performance) and deep
learning (nuanced semantic patterns).

« It provides knowledge on how different model fam-
ilies work in the process of Al detection in academic
domain.

+ It allows the trade-off evaluation of the computa-
tional cost, interpretability, and accuracy, which is
critical to be deployed in academic institutions with
alternative infrastructure.

4.1 Framework
The experimental framework, summarized in Algo-
rithm 1, establishes a reproducible pipeline for dis-
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tinguishing human-authored academic text from
Al-generated rephrasings. The process begins with a
labeled dataset D = {(x,,y;)}ﬁw where x; denotes the
i-th paragraph and y; € {0, 1} indicates whether the
paragraph is human-written (0) or Al-generated (1).

Each paragraph is normalized through a preprocess-
ing operator I1(-) that performs lowercasing, punctuation
removal, stopword filtering, and tokenization, producing
the cleaned representation ;. The normalized text is
then transformed into numerical features using two
mappings:

* Ofigr, Which computes TF-IDF weights wy(x;) across
vocabulary V;
* ¢dwav, Which generates semantic paragraph embed-

dings by averaging pretrained word vectors e(w) €
R100

For each feature representation, models from the
family # = {LR,SVM,RNN, BERT, T5} are trained by
minimizing the empirical loss #(fy(X;), y;) with respect to
parameters 6, yielding fitted parameters . Predictions
on the held-out test data produce evaluation metrics in-
cluding accuracy (A), precision (P), recall (R), and F1-score
(F).

Finally, comparative analysis incorporates confusion-
matrix inspection together with assessment of inter-
pretability, computational complexity, throughput, and
predictive reliability. This structured workflow enables
consistent benchmarking across classical, sequential,
and transformer-based detection strategies.

The pipeline can be summarized into four stages: pre-
processing, feature representation, model training, and
evaluation.

4.1.1 Preprocessing

All paragraphs undergo normalization through lowercas-
ing, punctuation removal, stopword elimination, and tok-
enization. These operations suppress irrelevant stylistic
variation while preserving linguistically meaningful struc-
ture required for classification.

4.1.2 Feature Representation

Each normalized paragraph is encoded using two com-
plementary approaches. TF-IDF produces sparse, high-
dimensional vectors that capture lexical and stylistic vari-
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TF-IDF Representation

TF-ADF weight

L 3 L 9 12 15 18 21 24 27 30 3 36 39 42 a5 48 51 54 57
Feature ingex

Mean & (Al - Human): +0.025

Figure 2. TF-IDF representation of human-written and Al-rephrased text, showing distinct lexical distributions.

Dataset Split

Testing (10%)

Validation (10%)

Training {30%)

Figure 3. Dataset split into training, validation, and testing subsets

ation, whereas Word2Vec yields dense semantic embed-  els are summarized in Table 2.
dings reflecting contextual similarity. Comparing these
representations allows investigation of whether stylistic

or semantic signals better distinguish Al-generated writ-

Table 2. Training efficiency and resource utilization of models
evaluated on Google Colab (Tesla T4 GPU, 15 GB VRAM,
2 vCPUs, 12 GB RAM).

ing.

Model Training Time CPU GPU Throughput
4.1.3 Model Training (mins)  (GB) (GB)  (tokens/s)
For this research, we selected five benchmark classifica- LR 05 06 00 42,000
} i ) o ) SVM 16 1200 3,200
tion models, including Logistic Regression (LR), Support RNN 9.2 18 25 3
Vector Machine (SVM), Recurrent Neural Network (RNN), BERT (base) 220 35 73 1,450

T5 41.0 4.5 9.2 1,120

Bidirectional Encoder Representations from Transform-
ers (BERT), and Text-to-Text Transfer Transformer (T5).

LR and SVM are simple machine learning models that
are used as baseline models. RNN model captures the
dependencies between words and sequences. Where as
BERT and T5 are used to detect deeper authorship pat-
terns using their contextual embedding features. Each
model is trained separately using TF-IDF and Word2Vec
feature extraction mechanism (where applicable). The
training efficiency and resource utilization of these mod-

4.2 Computational Complexity

A comparison of computational trade-offs of the models
in terms of training time, memory usage, and through-
put is presented in Figure 4. The results show the
dissimilarity between lightweight linear models (Logistic
Regression and SVM) and computationally complex
deep learning models (RNN, BERT, and T5). Resource-
performance trade-offs of the same nature models have
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been reported in earlier literature, whereas the capacity
to apply large-scale models is mostly dependent on the
availability of computational resources and the budget
limits [17, 18].

The logistic regression model was the best-
performing model in terms of throughput (42,000
tokens/sec) and training time (0.5 minutes), showing its
efficiency in high-throughput text classification. SVM
had similar performance, requiring 3,200 tokens/sec
throughput and 1.6 minutes training time, which made it
a feasible lightweight alternative to LR in terms of scale.
RNN model took more time as compared to the LR and
SVM (9.2 minutes) to train and was the least efficient (32
tokens/sec) because it is sequential and more expensive
to compute.

Transformer-based models had notably higher com-
putational demands. BERT (base) needed about 22 min-
utes of training and had a throughput of 1,450 token-
s/sec, which is a good balance of resource-performance
ratio. While T5 (small/base) used 9.2 GB of GPU memory
and had the slowest training time (41 minutes), it had
a consistent throughput (1,120 tokens/sec), which may
open up as a solution in situations where a lot of com-
putational resources are accessible and high-quality text
generation tasks are required.

In general, these results highlight the significance of
model selection based on the computational constraints
and task-related performance needs. The lightweight
models (LR and SVM) can be used when it is necessary
to make fast results and when the resources are limited,
and on the other hand, the models based on trans-
formers are more suitable when it is possible to invest
more in computing resources and when high accuracy
is needed.

5 Experimental Settings

This section outlines the experimental setup used to
evaluate authorship detection models. We first de-
scribe the datasets employed, including their collection,
preprocessing, and feature representation. Next, we
present the algorithms selected for comparative study,
spanning both traditional and deep learning approaches.
Finally, we detail the performance indicators used to
assess model effectiveness, ensuring a comprehensive
and fair evaluation across methods.
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Training Efficiency and Resource Utilization on T4 GPU (Colab)

Tradning Time (mins) Threughput (tokens/sec)
CPURAM (GB) r 40000
GPU MRAM (GE}

304 30000

20 - 20000

Resource Usage
Throughput (tokens/sec)

F 10000

LR SVM RNN BERT )
Models

Figure 4. Computational performance comparison of models
across three dimensions: training time, GPU memory usage,
and throughput

Algorithm 1. Framework for Human- vs. Al-Generated
Academic Writing

Input: Corpus D = {(x;, ¥}, with labels y; € {0, 1}, fea-
ture maps ®, models F
Output: Evaluation metrics M(f, ¢) for each model-
feature pair
Step 1: Preprocessing
foreach x; € D do
| X; < II(x;) = Tok(Stop(PuncRm(Lower(x;))))
Step 2: Feature Representation
for ¢ € {dyfigf dwavt do
if ¢ = ¢tfldf then
X; = drfiar(Xp) = We(Xleev,

Wt()?,) - tf(t,X,')

N
1 108 Tedm
else if ¢ = ¢, then
‘ X; = ﬁ Y wex, €w), ew) € R1%

Step 3: Model Training and Evaluation
for f € {LR,SVM, RN{V, BERT, T5}, ¢ € {dyfiaf, dwav} dO
L Train by solving 6 = argming >_;cp, _ Ufo(X;).y;) Pre-

dict y on Deest  cOompute metrics (A, R, P, F)

Step 4: Comparative Analysis
Generate confusion matrices for each (f, ¢)
Compare trade-offs:  interpretability,
throughput, and accuracy

complexity,

5.1 Corpus Utilization in Experiments
In our experiments, we used our custom-built domain-
specific dataset comprised of 22,520 postgraduate-level
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academic paragraphs (both human-written and Al-
rephrased). Original student reports were used as the
source of human-written texts, while their analogies
were obtained with the help of ChatGPT (GPT-3.5 Turbo).
Each sample was subject to standard preprocessing
steps to provide consistency and minimize the noise.
This was followed by two feature extraction approaches:
TF-IDF, which was used to extract lexical and stylistic
differences, and Word2Vec to learn semantic relation-
ships. To facilitate the process of fair assessment, the
dataset was divided into training (80%), validation (10%),
and testing (10%) subsets with the distribution of the
classes maintained at 50:50 on all the sets. This tedious
training made sure that models had been trained and
evaluated against balanced and domain-relevant aca-
demic writing, so the results can be directly applied to
authorship-determination in education.

5.2 Algorithms for Comparative Studies

5.2.1 Logistic Regression

Logistic Regression is a powerful and simple model that
is used as a baseline model to predict binary classifica-
tion. Its linear decision boundary and interpretation co-
efficient can be used to determine the most influential
terms, or features, to be used in academic integrity as-
pects that require explanation [19].

The complexity of training is O(nd) where n is the
number of samples, and d is the number of features, and
so LR can scale to large corpora. O(d)/sample inference,
which makes real-time or large-scale document-level
screening possible.

5.2.2 Support Vector Machines

SVMs handle high-dimensional representations and
model non-linear class boundaries via kernel functions,
often outperforming LR when stylistic distinctions
are subtle [19, 20]. Computational cost varies with
kernel selection but remains manageable for linear
configurations.

5.2.3 Recurrent Neural Networks

RNNs model sequential token dependencies, capturing
discourse-level stylistic signals relevant to authorship [21,
22]. Although more expressive than linear models, their
sequential computation reduces throughput. An LSTM-
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based two-layer architecture with dropout of 0.3 is em-
ployed to enhance generalization.

5.2.4 BERT

BERT leverages bidirectional self-attention to encode
deep semantic and syntactic context, making it well-
suited for detecting subtle Al-induced stylistic variation
[23, 27]. Computational complexity scales with se-
guence length and attention layers, necessitating GPU
acceleration.

5.25 T5

T5 views classification as a text generation task, which
may encode the finer contextual relationships. This is
beneficial in scenarios where the detection tasks are go-
ing to be eventually generalized to the explanatory or
multi-task cases [26].

It is as complex as BERT and, more generally, due
to its encoder-decoder architecture, requires substan-
tial resources for processing both input and output
sequences. T5 is also resource-intensive, requiring large
GPU memory and compute time; unless optimized, it is
not very practical in resource-constrained environments.

5.3 Performance Indicators
Model effectiveness is evaluated using standard classifi-
cation metrics [25, 26]:

Accuracy = TP+ TN
WY = TP TN P+ N

(M

TP
TP+ FP

Precision =

Recall = (3)

TP+ FN

_ 2 x Precision x Recall
Precision + Recall

F1 (4)
6 Results and Analyses
In this section, we analyze and discuss the performance
of all the machine learning and deep learning models
used in this research. Models are evaluated in terms of
accuracy, precision, recall, and F1-score.

we also present a confusion matrix analysis, examine
the effect of training and testing splits, provide a detailed
discussion of all models, and compare our findings with
previous studies.
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6.1 Experimental Results

Table 3 summarizes the performance of all the models
and sets of features. Logistic Regression and SVM mod-
els asaninterpretable baseline, RNN captures sequential
dependencies, while T5 and BERT represent transformer-
based contextual architectures.

The performance of the Logistic Regression was
modest compared to the other employed models.
However, the accuracy of LR models with TF-IDF was
slightly higher compared to Word2Vec (53.92% and
51.17% respectively). The sparse version of TF-IDF with
the frequency-based representation appears to be
more appropriate to represent surface-level stylistic and
lexical differences, whereas Word2Vec embeddings can
be more prone to generalizing their semantics. Even
though the accuracy of LR is low, it has great inter-
pretability and thus can serve as a good baseline model
in academic integrity applications where transparency is
vital.

As compared to LR, the performance of SVM was a bit
lower both in TF-IDF (50.12% accuracy) and Word2Vec
(49.88% accuracy). However, the recall rate of Word2Vec
(97.38%) was way higher than the recall rate of LR
Word2Vec and TF-IDF. The Word2Vec variant was
therefore more likely to consider almost everything
as Al-generated, which overfits false positives. The
high-dimensional sparse features of TF-IDF capitalized
more on the ability of hyperplane separation of SVM.

The RNNs reached a perfect recall with the text gener-
ated by Al (100%) but failed to recognize any paragraphs
written by humans (TN =0) and had a 100% perfect recall,
with an apparent specificity of 0. TF-IDF and Word2Vec
inputs gave a similar result. This extreme bias implies
that the learned decision boundaries are unstable, prob-
ably because of representational imbalance. Although
the high recall can be helpful when the Al content is be-
ing filtered (no Al version is overlooked), the absolute ab-
sence of precision makes RNN impractical for academic
evaluation.

BERT has an accuracy of 81.4%, precision of 83%, re-
call of 80%, and F1-score of 79%, which is significantly
better than all employed baseline and neural network
models. This implies a high capability of differentiating
human and Al-written text by bidirectional semantic re-
lationship modeling over sentence structures. Contex-
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tual representations of BERT also represent subtle ele-
ments of style that are not well represented by manually
designed features or sequential models.

Based on these evaluation results, the BERT model is
fit and recommended for academic evaluation.

T5 model exhibits irregular behavior by demon-
strating higher recall for human-generated text (69%)
compared to Al-generated text (53%). This implies the
bias of the model for human-generated text. Although it
attained a decent balance precision (62%). Overall per-
formance was worse than that of BERT, which indicates
that task-specific fine-tuning of generative architectures
is necessary when reusing them on classification.

6.2 Confusion Matrix Analysis

To better understand classification behavior, confu-
sion matrices were examined for each model (Fig. 5).
Logistic Regression showed consistent baseline behav-
ior but produced relatively high false-positive counts,
particularly when paired with Word2Vec. SVM slightly
reduced false positives with TF-IDF, yet again showed
over-prediction of the Al class when dense embeddings
were used.

RNN results revealed complete bias toward Al classifi-
cation, achieving perfect recall but zero specificity. Such
an imbalance confirms that sequential modeling alone is
insufficient for reliable authorship discrimination in aca-
demic text.

BERT model provided the balanced confusion matrix
as compared to the rest of the employed models, with
a number of true negatives and a low number of false
positives. Despite some false negatives and false posi-
tives, the model achieved a favorable balance between
fairness and sensitivity. This makes it more suitable for
academic evaluation.

T5 model, on the other hand, successfully identified
many Al-generated text samples but did not perform well
in detecting human-generated text. This behavior shows
that fine-tuning and additional calibration of the model
are needed when reusing them on classification.

In a nutshell, the process of changing a traditional lin-
ear model into sophisticated deep learning structures de-
picts the trade-off between interpretability and predic-
tive power. Although the transparency of simpler mod-
els, such as the LR and SVM, is provided, deep learning
models such as BERT provide much better performance
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Table 3. Performance of models across feature sets (TF-IDF and Word2Vec). Metrics are reported on the held-out test set. Best
results per column are highlighted in bold.

Model & Feature Set Accuracy Precision Recall F1-score
Logistic Regression (Word2Vec) 0.5117 0.5327 0.8142  0.6440
Logistic Regression (TF-IDF) 0.5392 0.5181 0.7142  0.6060
SVM (Word2Vec) 0.4988 0.5000 0.9738  0.6607
SVM (TF-IDF) 0.5012 0.5029 0.6000  0.5472
RNN (TF-IDF) 0.5024 0.5023 1.0000 0.6687
RNN (Word2Vec) 0.5012 0.5023 1.0000 0.6687
BERT 0.8140 0.8300 0.8000  0.7900
T5 (Human class) 0.6300 0.6200 0.6900 0.6500
T5 (Al class) 0.5800 0.5900 0.5300  0.5600

in all metrics of classification. Model selection should,
however, be done carefully, especially in sensitive fields
such as education and publishing, where false positives
have serious ethical and reputation implications.

Confusion Matrix Overview by Model
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Figure 5. Confusion matrix analysis of all models.

6.3 Accuracy Across Train-Test Splits

In this section, we discuss the performance of the
selected models under 2 different variations of training
and testing data ratios. We conducted experiments with
70:30 and 80:20 training and testing split ratios. The
results exhibit that the 70:30 split accuracy is a bit lower,
or somewhat like an 80:20 split, which is understandable
since a larger test set is hard to generalize. Performance
comparison of all selected models under 70:30 and
80:20 training and testing split ratios is shown in Figure
6.

BERT was the most accurate in both splits, achieving
over 81% accuracy, indicating its strong ability to perform
the specified classification task. The accuracy of the Lo-
gistic Regression and SVM models was relatively similar,
and differences among splits were minimal. However,
larger fluctuations were recorded in RNN models with
Word2Vec. It is concluded that bigger training sets are
necessary to achieve better performance. Moreover, the
tendencies also prove that model architecture is a more
decisive factor in the accuracy results.
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Figure 6. Performance comparison of all selected models
under 70:30 and 80:20 training and testing split ratios.

6.4 Comparative Insights

Figure 7 exhibits the performance of the selected mod-
els in terms of precision, recall, f1-score, and accuracy.
The performance of the BERT model was superior com-
pared to the rest of the models. The accuracy of BERT
was substantially higher than traditional and sequential
baselines, confirming the weaknesses of older architec-
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Figure 7. Performance comparison of machine learning and
deep learning models.

tures faced with semantically similar but syntactically dif-
ferent academic text.

Overall, linear and sequential models served as
useful points of baseline comparison and to show the
relevance of feature representations, but compared to
transformer-based models, especially BERT, they proved
to be much more effective. Their capability to differen-
tiate between artificial and Al-rephrased academic text
was outstanding. However, even in the educational field,
it might be necessary to balance interpretability (as in LR
and SVM), computational limits (as in RNN and T5), and
robustness (as in BERT).

6.5 Discussion

The findings of the current research highlight the pres-
ence of obvious differences in the work of classical
machine learning models, deep neural architectures,
and transformer-based systems. These variations are
specific, especially in the identification of academic text
that has been rewritten using Al. Such variations not only
exist in numbers but also represent underlying differ-
ences in the way the models process languages, feature
textual characteristics, and extrapolate to stylistic
changeovers. When placed in a larger research context.
These results contribute to the current computational
linguistics and natural language processing discussions
about the sufficiency of the traditional text classifier and
the versatility of the contextualized language models.
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6.5.1 Classical Models: Logistic Regression

and SVM
Traditional algorithms like the Logistic Regression (LR)
and Support Vector Machines (SVM) with TF-IDF features
scored relatively low. LR achieved 53.92% accuracy
while SVM achieved 50.12% accuracy. The result with
Word2Vec embeddings was even worse. LR accuracy
decreased to 51.17%, and SVM to 49.88%.

These are the results that imply that although TF-IDF
still has some discriminating power in stylometric anal-
ysis, due to its sparseness. Frequency-based represen-
tation is soon surpassed by the even more subtle ma-
nipulations generated by the modern generative Al. This
finding is in line with Solaiman et al. [4], who found that
the frequency-based stylometric methods are only use-
ful in short or shallow anomaly detection. This finding
is also in line with Wahle et al. [3], who stated that lin-
ear classifiers do not work when semantic coherence is
maintained, like in the case of the Al paraphrasing.

Word2Vec embeddings are semantically rich but
seem to blur style boundaries by condensing token-level
distinctions into high-density vector space. Conse-
quently, they are prone to losing important cues that
can be used by classifiers constructed on them to
indicate any subtle differences between human and
Al-generated text. This finding also supports the results
of Jawahar et al. [31], who showed that conventional
classifiers are not designed to understand complex struc-
tures and contexts and thus are not fit for authorship
detection.

6.5.2 Sequential Model: RNN

The RNNs have shown little but significant progress com-
pared to the selected linear models. The RNN trained
on Word2Vec embeddings had a 50.12% accuracy on per-
fect recall (100%) with Al-generated content. In the same
case, the RNN with TF-IDF features got an accuracy of
50.24% with a recall rate of 100%. The models, in both
cases, however, misclassified almost all human-written
texts, and thus achieved 0% specificity.

This behavior implies increased sensitivity to Al-
generated stylistic cues at the expense of generalization
to human writing. These results are consistent with
Aldeen et al. [32], who reported the challenge of RNNs in
long-range dependencies. These results are also aligned
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with a study conducted by Belinkov and Glass [2], which
noted that RNN-based models do not have the ability to
generalize between semantically similar but stylistically
different inputs.

6.5.3 Transformer Models: BERT and T5
Transformer-based architecture, especially BERT, deliv-
ered substantially better results. BERT attained 81.4%
accuracy, 83% precision, and 80% recall, which is much
higher than other models. Its success shows that pre-
trained models that utilize self-attention mechanisms to
encode local and global context can produce good re-
sults.

The study by Uchendu et al. [21] also indicated the ef-
fectiveness of BERT in distinguishing between Al-written
and human-written news articles. Moreover, by using
deep bidirectional embeddings, BERT can identify even
subtle semantic anomalies and structural anomalies that
are characteristic of text elements generated by Al, which
shallow and sequential models can often fail to notice.

The confusion matrix also proves the credibility of
BERT. The number of false positives and false negatives
for BERT was 14 and 141, respectively, which means that
the model was sensitive enough to the text generated
by Al and was strong enough to avoid classifying the text
generated by humans. This ratio is especially important
in educational institutions that should not unfairly
punish human labor.

Another transformer-based model, T5, shows a more
nuanced performance profile. It had a total accuracy of
63% with 69% recall for human-generated texts and 53%
recall for Al-generated texts. The pattern of T5 was differ-
ent than BERT. The number of false positive casesin T5 is
183, which shows that it often misclassified human gen-
erated text and Al generated. This behavior shows bias
towards predicting the Al class. These results point to the
difficulty of optimizing fine-tuning of generative encoder-
decoder models such as T5, which are more focused on
text generation than on correct discrimination between
classes. The same fact has been reported by Krishna et
al. [9] who state that if we frame the classification prob-
lem as a generative problem, it will affect the decision
boundary and reduce the accuracy.

However, the ability of the T5 model to capture subtle
patterns in human-generated text makes it a potential
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candidate for hybrid detection systems. For example, T5
can help BERT in capturing a broader range of stylistic
patterns in a hybrid system. This combination can more
effectively perform the classification tasks.

6.5.4 Implications

In conclusion, the results show that classical models are
computationally efficient but were found ineffective to
detect text generated by modern generative linguistic
tools. Deep neural models like the RNNs provide slight
improvements in recall but are far-reaching due to the
model structure. Transformer-based models, especially
BERT, however, provide far better results due to their
contextual modeling along with syntax and semantics
features. Therefore, the BERT model is recommended
for the detection of human and Al-generated text in
academia. However, further research may be conducted
on hybrid approaches for more balanced structures and
to get better precision, recall, and accuracy.

6.5.5 Ethical and Computational

Considerations

Considering the findings of this study, itis also important
to consider the ethical implications and computational
trade-offs related to deploying machine learning mod-
els for Al authorship detection. Models with recall rates
(SVM and RNN) are less likely to misclassify Al-generated
text. However, they may have false positive cases, which
can affect the fairness of the model, academic integrity,
and user trust. On the other hand, models like BERT
are more accurate, though they are so complex in terms
of computational resources, with greater training costs,
greater inference times, and might not be accessible in
low-resource settings. Furthermore, since transformer
models are pre-trained on large datasets, they might be-
come overfitted during fine-tuning. Therefore, continu-
ous model management and monitoring are very impor-
tant. To ensure that the text classification system oper-
ates accurately and effectively, a balance must be main-
tained between computational efficiency and ethical con-
siderations.

7 Conclusion and Future Work

In this paper, we presented a detailed analysis of
deep learning and machine learning models for the
identification of human-generated, Al-generated, and
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Al-rewritten academic texts. The data set used in this re-
search comprises postgraduate-level reports submitted
by students at the University of Agriculture, Peshawar,
and Al-rephrased versions of the same reports. Five
different models were used for experiments, including
LR, SVM, RNN, BERT, and T5.

The results show that conventional machine learning
(LR and SVM) models were struggling to understand the
complex changes made by modern Al-based generative
linguistics tools. The implementation of dependency fea-
tures does not provide the rich semantic and syntactic
information required for high-accuracy classification.

Whereas the performance of the Recurrent Neural
Network (RNN) model was slightly better compared to
SVM and LR because RNN can model dependencies
in text. However, it is also not recommended due to
its limitation in capturing long-range syntactic relation-
ships. Transformer-based models, particularly BERT,
performed better than the rest of the selected models
by a significant margin.

BERT model was found to be the most successful
model with an accuracy of 81.4% highest among all
models. Its bidirectional pre-training model helps to un-
derstand the context of the text and to effectively verify
the authorship. The T5 model, on the other hand, did
not produce good results compared to BERT; however,
it was sensitive to human-generated text, making it a
potential model for ensemble systems.

Overall, the results show the importance of ad-
vanced context-aware approaches for the detection of
Al-generated text. Although this study pointed out some
useful insights for the identification of Al-generated text,
especially in academics, there are many gaps that future
research can address.

1. Cross-model generalization: This research is
conducted using ChatGPT-generated texts only.
Future studies ought to test the external validity of
the performance of different Al systems, including
Claude, Gemini, LLaMA, and other open-source
models such as Mistral and Falcon, in conditions
of performance regarding various stylistic and
architectural diversification.

2. Hybrid and ensemble detection: The hybrid ap-
proach of BERT (discriminative transformers) with
stylistically sensitive models (T5) may produce good
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results. These hybrid frameworks may give the best
performance by balancing the weaknesses of one
model with the strengths of another model.

3. Explainable Al integration: Using explainability
tools (such as SHAP, LIME) or heatmap attention
would enhance the trust in these systems, par-
ticularly in academic and legal contexts where
transparency is vital. The use of explainable Al
(XAl) tools would ensure that the outcome of the
detection is auditable and justified.

4. Real-time and scalable deployment: The real-
time deployment of these tools, such as text
editing applications, Al plagiarism detection soft-
ware, and browser extensions for runtime testing,
must be created to bridge the gap between theory
and practice. Moreover, these tools should be
tuned to manage a high volume of data without
compromising quality.

5. Ethical and institutional governance: In addition
to the above technical improvements, institutions
should establish clear policies to balance the de-
tection abilities with fairness and due process. The
results of the current study show that transformer-
based models (especially BERT) are found to be
a prominent model to detect Al-generated text
with higher accuracy. However, the Al-based text
generation tools are evolving constantly; therefore,
the text detection system should also be improved
continuously.  Future efforts should consider
ethical awareness and technical advancements to
ensure a trustworthy, fair, and effective system to
defend academic integrity.

In summary, transformer-based models, especially
BERT, are the most effective models in terms of accuracy
to detect Al-generated text with higher accuracy com-
pared to other selected models. However, Al-based text
generative models evolve quickly; therefore, the text
detection model must also be improved and updated
on a regular basis. Moreover, hybrid models, when
deployed under proper ethical and deployment strategy
consideration, will help ensure effective authorship
verification and user trust in the academic domain.
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