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Abstract

The rapid proliferation of Al-generated text
has raised concerns. With the increasing preva-
lence of Al-generated content, concerns have
grown regarding authenticity, authorship, and
the spread of misinformation. Detecting such
content accurately and efficiently has become
a pressing challenge. In this study, we pro-
pose a simple yet effective system for classi-
fying Al-generated versus human-written text.
Rather than relying on complex or resource-
intensive deep learning architectures, our ap-
proach leverages classical machine learning al-
gorithms combined with the TF-IDF text rep-
resentation technique. Evaluated on the M-
DAIGT shared task dataset, our Support Vector
Machine (SVM) based system achieved strong
results, ranking second on the official leader-
board and demonstrating competitive perfor-
mance across all evaluation metrics. These
findings highlight the potential of traditional
lightweight models to address modern chal-
lenges in text authenticity detection, particu-
larly in low-resource or real-time applications
where interpretability and efficiency are essen-
tial.

1 Introduction

The emergence of advanced language models such
as GPT, BERT, and other generative Al systems has
revolutionized the way text is produced, enabling
machines to generate coherent, context-aware, and
human-like language (Cingillioglu, 2023). While
these technologies offer immense benefits across
industries from customer service automation to edu-
cational tools, they also pose significant challenges.
One of the most pressing issues is the detection of
Al-generated text, a task that has grown in impor-
tance due to its implications for academic integrity,
information authenticity, cybersecurity, and digital
content moderation.

The ability to distinguish between human-
written and machine-generated content is essen-
tial in various contexts. For example, educational
institutions need tools to verify the originality of
student submissions. Social media platforms and
news outlets must identify and limit the spread of
synthetic misinformation. Similarly, cybersecurity
frameworks may leverage such detection to prevent
automated phishing or spam campaigns crafted by
generative models.

Numerous methodologies have been explored
for this task. Deep learning-based approaches,
such as fine-tuning transformers or using binary
classifiers trained on large datasets, have shown
high accuracy. However, these methods are often
resource-intensive, require large labeled datasets,
and are not always interpretable. In contrast, tradi-
tional machine learning algorithms such as Support
Vector Machines (SVM), Logistic Regression (LR),
k-Nearest Neighbors (KNN), and Stochastic Gradi-
ent Descent (SGD) provide a lightweight and inter-
pretable alternative (Nayel and Amer, 2021). When
paired with effective text representation techniques
such as Term Frequency-Inverse Document Fre-
quency (TF-IDF) or n-gram analysis, these models
can yield strong performance while remaining com-
putationally efficient (Shehab et al., 2024; Fetouh
and Nayel, 2023; Nayel, 2020).

This paper investigates the use of simple yet effi-
cient machine learning models for the detection of
Al-generated text. We evaluate their performance
on benchmark datasets and analyze their potential
for real-world deployment in low-resource environ-
ments. Our findings suggest that classical models,
despite their simplicity, can offer competitive accu-
racy and practical advantages over more complex
deep learning systems.
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2 Related Work

The detection of Al-generated text has become a
critical task in natural language processing (NLP),
driven by the proliferation of large-scale generative
language models such as GPT-2 (Radford et al.,
2019), GPT-3 (Brown et al., 2020), and ChatGPT.
These models are capable of producing text that
is often indistinguishable from human writing,
raising concerns about misinformation, plagiarism,
and the integrity of online discourse.

Early approaches to detecting machine-
generated text focused on statistical irregularities
and text perplexity. Ippolito et al. (2020) evaluated
the effectiveness of humans and models in distin-
guishing human-written from machine-generated
outputs, showing that even humans struggle with
high-quality generations. Similarly, Solaiman et al.
(2019) used output probability distributions and
likelihood scores to develop classifiers that identify
synthetic text based on model uncertainty and
overconfidence.

More recent work has turned to supervised
machine learning, where classifiers are trained on
labeled datasets of human vs. machine-generated
text. Notably, Jawahar et al. (2019) explored a
fine-tuned BERT-based classifier, showing strong
performance on multiple generation sources.

To address issues of generalization and effi-
ciency, other studies have investigated traditional
machine learning algorithms. Zhang et al. (2011)
applied logistic regression and SVMs on TF-IDF
and n-gram features, demonstrating that simpler
models can achieve competitive performance,
particularly when interpretability and low latency
are prioritized.

Despite these advances, there remains a trade-off
between accuracy, interpretability, and computa-
tional cost. This work builds on the latter line of
research by systematically comparing several clas-
sical models—SVM, Logistic Regression, KNN,
and SGD—for the task of Al-generated text detec-
tion. In doing so, we aim to evaluate whether these
models, when paired with strong feature engineer-
ing, can offer a practical and scalable solution for
real-world applications.

3 Methodology

Our proposed architecture presents a machine learn-
ing pipeline designed to classify textual content as
either Al-generated or human-written using the M-
DAIGT dataset as shown in Figure 1. The dataset
comprises labeled samples from verified human
sources and outputs from various large language
models (LLMs) prompted with diverse instructions.
The data is partitioned into three subsets: training,
development (dev), and testing.

Both the training and dev sets undergo a compre-
hensive feature engineering process to extract infor-
mative attributes that characterize the text. These
features are subsequently utilized in model training
via GridSearchCV, which facilitates exhaustive
hyperparameter tuning and selection of the best-
performing model configuration. The test set, kept
unseen during training and tuning, is independently
subjected to the same feature engineering steps
and used to evaluate the final model’s performance.
This structured pipeline ensures the development of
arobust and generalizable classifier through careful
preparation, tuning, and evaluation.

As outlined earlier, this study performs a com-
parative analysis of three traditional machine learn-
ing algorithms for binary text classification: Lo-
gistic Regression (LR), SVM, and Decision Trees
(DT). The methodology encompasses the full
pipeline—data preprocessing, feature extraction,
model training, hyperparameter optimization, and
evaluation—with the objective of maximizing clas-
sification accuracy, particularly in terms of the f1-
score.

GridSearchCV plays a critical role in this pro-
cess by systematically exploring multiple hyperpa-
rameter combinations for each model. This en-
ables:

» Automated and exhaustive search for the opti-
mal hyperparameters

* Enhanced model generalization via cross-
validation

* Fair and consistent comparison across differ-
ent classification algorithms

Through this methodology, we aim to identify
the most effective model and configuration to de-
tect Al-generated content with high reliability and
generalizability.
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Figure 1: Overall Architecture of the Proposed Model

3.1 Dataset

The News Article Detection (NAD) dataset applied
in this study was developed for a M-DAIGT shared
task (Lamsiyah et al., 2025) that aims at binary
classification of textual content as human-authored
or machine-generated. It comprises two principal
categories:

* Human-written texts: These samples were
gathered from reliable and authenticated re-
ports, such as established news outlets and
academic journals.

* Al-generated texts: These examples were cre-
ated using many cutting-edge large language
models (LLMs), including GPT-3.5, GPT-4,
and Claude.

The dataset was divided into three subsets as shown
in Table 1.

Dataset | Samples | Notes

Train 10,000 | Labeled samples

Dev 2,000 | Labeled validation samples
Test 3,000 | Unlabeled test samples

Table 1: NAD Dataset Statistics.

3.2 Experimental Setup

To examine the effectiveness of classical machine
learning models in detecting Al-generated con-
tent, we designed a comprehensive experimental
pipeline consisting of data preprocessing, feature

extraction, model training, hyperparameter tuning,
and evaluation.

The dataset was already cleaned before use to en-
sure high-quality input for training and evaluation.
Nevertheless, we applied a two-step text normaliza-
tion procedure as an additional safeguard. Textual
data was transformed into numerical representa-
tions using TF-IDF vectorization. The vectorizer
was configured with varying max-df thresholds, a
range of maximum features, and n-gram ranges
to capture both unigram and bigram. In machine
learning research, selecting the best-performing
model often requires more than just choosing a
suitable algorithm. A model’s effectiveness sig-
nificantly depends on its hyperparameters, which
are parameters not learned from the data but set
before the learning process begins. In our research,
we utilized GridSearchCV. A grid search with
5-fold cross-validation was conducted to identify
optimal hyperparameters for each model. Although
we developed two additional models based on deep
learning and transformer architectures to conduct a
comparative study. The first model is a BILSTM-
based deep learning model that utilizes GloVe pre-
trained word embedding, to capture semantic re-
lationships in Arabic text. The second model is a
transformer-based architecture built by fine-tuning
the XLM-RoBERTa model on our dataset. This
setup allows us to compare the effectiveness of
static word embeddings with contextualized lan-
guage representations in text classification. The
macro-averaged f1-score was used as the primary
evaluation metric during tuning to ensure balanced
performance across both classes. All the parame-
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ters used in our model are shown in Table 2

Component ‘ Hyperparameter ‘ Values Tested
Classical ML Models
Tfidf Vectorizer max_df 0.85,0.95
TfidfVectorizer max_features 5000, 10000
TfidfVectorizer n-gram_range (1,1), (1,2)
LinearSVC dual False
LR solver liblinear
LR max_iter 1000
DT random_state 42
GridSearchCV C 0.1,1,5
GridSearchCV cv 5

Deep Learning (BiLSTM) Model

Embedding Layer input_dim vocab_size (based
on tokenizer)
Embedding Layer output_dim 100, 200, 300
Embedding Layer trainable True
BiLSTM Layer units 128
BiLSTM Layer return_sequences True
Dropout Layer rate 0.3
LSTM Layer units 64
Dense Layer activation sigmoid

Model Compile

Model Compile
Transformer-Based (XLM-RoBERTa) Model

8

16

500

0.01

10

loss binary_crossentropy

optimizer adam

TrainingArguments | per_device_train_batch_size

TrainingArguments | per_device_eval_batch_size
TrainingArguments warmup_steps

TrainingArguments weight_decay

TrainingArguments logging_steps

Table 2: Hyperparameters and model settings for NAD

4 Results and discussion

The News Article Detection (NAD) dataset uti-
lized in this study was developed as part of the
M-DAIGT shared task, which focused on the bi-
nary classification of textual content into a human-
written or Al-generated text. Our team partici-
pated in this shared task and achieved a high rank-
ing, securing second place on the official leader-
board. The best-performing models are SVM and
LR achieving accuracy and fl-score of 0.99 and
0.99 respectively, demonstrating exceptional per-
formance in distinguishing between human- and
machine-generated news content.

In addition to classical machine learning models,
we also developed two deep learning-based mod-
els to conduct a comprehensive comparative study.
The first was a BiLSTM model using pretrained
word embeddings (GloVe and AraVec), which
achieved an fl-score of 0.96. The second model
was based on the XLM-RoBERTa transformer ar-
chitecture, fine-tuned on our dataset, achieving an
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f1-score of 0.98. While deep learning and trans-
former models showed competitive performance,
the classical machine learning models, particu-
larly SVM and Logistic Regression, offered nearly
equivalent results with significantly less computa-
tional cost and faster training times. These find-
ings highlight a key trade-off: while deep and
transformer-based models can capture more com-
plex patterns. In some cases, traditional linear
classifiers remain highly effective and efficient for
high-dimensional text classification tasks such as
Al-generated content detection.

Model Accuracy | Precision | Recall | fl-score | Macro Avg
SVM 0.99 0.98 0.99 0.99 0.99
LR 0.98 0.98 0.99 0.99 0.99
DT 0.90 0.90 0.90 0.90 0.90
BiLSTM 0.96 0.95 0.96 0.96 0.96
XLM-RoBERTa 0.98 0.98 0.97 0.98 0.98

Table 3: NAD dataset results

5 Conclusion and Future work

In this study, we explored the task of distinguish-
ing between human-written and Al-generated news
articles using the News Article Detection (NAD)
dataset from the M-DAIGT shared task. The pro-
posed SVM-based model achieved competitive re-
sults and ranked second on the official leaderboard,
demonstrating strong performance across all evalu-
ation metrics. Comparisons with Logistic Regres-
sion and Decision Tree classifiers further validated
the robustness of linear models for this binary clas-
sification task. The dataset was well-balanced and
carefully cleaned, which contributed to the reli-
ability of our results. Importantly, our findings
suggest that not all models or classification tasks
require complex transformer architectures or deep
multi-layer training to achieve strong results. Sim-
pler, well-tuned models like SVMs can perform
competitively, especially when the classification
boundaries are clear. Future research will investi-
gate deeper neural networks and transformer-based
models to better capture subtle distinctions in Al-
generated text. We also plan to incorporate richer
semantic and syntactic features to enhance model
understanding. Exploring ensemble methods could
further boost detection accuracy. Furthermore, ex-
panding the dataset with a wider variety of sources
and outputs from different large language models
will help improve the generalization and robustness
of the system across diverse domains and writing
styles.
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