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Abstract

Text classification consists in attributing a text to its corresponding category. It is a crucial task in natural language
processing (NLP), with applications spanning content recommendation, spam detection, sentiment analysis, and topic
categorization. While significant advancements have been made in text classification for widely spoken languages,
Arabic remains underrepresented despite its large and diverse speaker base. Another challenge is that, unlike flat
classification, hierarchical text classification involves categorizing texts into a multi-level taxonomy. This adds layers
of complexity, particularly in distinguishing between closely related categories within the same super-class. To tackle
these challenges, we propose a novel approach using AraGPT2, a variant of the Generative Pre-trained Transformer 2
(GPT-2) model adapted specifically for Arabic. Fine-tuning AraGPT2 for hierarchical text classification leverages the
model's pre-existing linguistic knowledge and adapts it to recognize and classify Arabic text according to hierarchical
structures. Fine-tuning, in this context, refers to the process of training a pre-trained model on a specific task or dataset
to improve its performance on that task. Our experiments and comparative study demonstrate the efficiency of our
solution. The fine-tuned AraGPT2 classifier achieves a hierarchical HF score of 80.64%, outperforming the machine
learning-based classifier, which scores 41.90%.

Keywords. Arabic Text Classification, Hierarchical Classification, AraGPT2, GPT-2 Fine-tuning, Generative Pre-
trained Transformer, Large Language Model.

1. Introduction

Text classification, a crucial subtask of natural
language processing (NLP), involves assigning texts to
predefined categories. This process underpins many
applications,
detection,

including sentiment analysis,
content recommendation, and

spam
topic
categorization [1]. Progress in artificial intelligence (Al),
especially through the creation of large language models
(LLMs), has greatly improved the effectiveness of text
classification. Recent studies have demonstrated the
efficiency of LLMs in various text classification settings,
particularly through transfer learning, where a pre-trained
model is adapted to a new domain or task [2], [3]. LLMs,
such as GPT-2, leverage deep learning to process and
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generate human-like text, making them powerful tools for
various NLP tasks [4].

Large Language Models (LLMs) mark a significant
advancement in Al, distinguished by their capacity to
understand and produce text with a high degree of
relevance and coherence [5]. GPT-2 (Generative Pre-
trained Transformer 2), an LLM developed by OpenAl, is
pre-trained on extensive text data and can be fine-tuned
for particular tasks [5]. AraGPT2 is a specialized
adaptation of GPT-2 tailored for the Arabic language,
allowing it to handle the unique linguistic features and
nuances of Arabic [6]. Deep learning, the backbone of
these models, involves training neural networks with
many layers to learn complex patterns in data, which is
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crucial for the success of LLMs in various NLP
applications [7].

This paper focuses on Arabic language processing due
to the notable lack of resources and tools for Arabic NLP,
despite its extensive and diverse speaker base. Arabic's
rich morphology, diverse dialects, and unique script
present additional challenges that require specialized
approaches [8]. The hierarchical classification of Arabic
texts adds further complexity, as it involves navigating
nested categories with subtle differences, especially
within the same super-class.

In this paper, we investigate the application of GPT-2
for hierarchical classification of Arabic text. Hierarchical
classification involves categorizing texts into multi-level
taxonomies, which is more than flat
classification due to the need to distinguish between
closely related categories under the same parent category.
To address these challenges, we fine-tune AraGPT2,
adapting its pre-existing knowledge to accurately classify
Arabic texts within a hierarchical structure. Fine-tuning

complex

involves adjusting a pre-trained model by training it on a
specific dataset or task to enhance its performance for that
specific use case. Our experimental results demonstrate
that fine-tuning AraGPT2 for hierarchical classification
substantially outperforms traditional machine learning-
based methods.

This paper is organized as follows: Section 2 reviews
related work in Arabic text classification and hierarchical
classification methods. Section 3 details the methodology,
including the used dataset, the system architecture, and
the fine-tuning process. Section 4 presents the
experiments and results, followed by a comparative study
in Section 5. Finally, Section 6 wraps up the paper and
proposes areas for future research.

2. Literature Review

In this section, we examine the literature on Arabic text
classification, hierarchical text classification, and the use
of large language models (LLMs) in NLP. We highlight
previous work and methodologies relevant to our study
and position our approach in the context of existing
research.

2.1. Arabic text classification

A significant effort in this domain is by El-Halees, who
surveyed various machine learning techniques, including
Decision Trees and Support Vector Machines (SVMs),
applied to Arabic text classification (ATC), and discussed
the specific challenges posed by the Arabic language [9].
While methods have shown effectiveness, they often
require extensive feature engineering to address the rich
morphology and syntax of Arabic. Notably, none of the
works cited in this survey deal explicitly with hierarchical
Arabic text classification; all of them are flat classification
solutions.

Deep learning models have been progressively utilized
for Arabic text classification. For example, AraBERT, a
transformer-based model specifically pre-trained for
Arabic, has shown substantial improvements over
traditional methods [10]. AraBERT leverages the
transformer architecture to capture the syntactic and
semantic nuances of Arabic, leading to better performance
in tasks like named entity recognition. However,
AraBERT has not yet been explicitly used for hierarchical
Arabic text classification.

Wahdan et al. [11] conducted a systematic review to
provide a thorough overview of the current advancements
in Arabic text classification, emphasize current challenges
and explore major trends in large-scale research. Among
2875 studies, 60 met the eligibility criteria and were
widely analyzed. Notably, none of these studies focused
on fine-tuning GPT for Arabic text classification.

2.2. Hierarchical text classification

Hierarchical text classification (HTC) involves
organizing documents into a hierarchical taxonomy,
which is more complex than flat classification due to the
need to handle multiple levels of categories. HTC is
particularly useful in domains where documents are
naturally organized in a hierarchy, such as news articles,
medical records, and product categories [12].

Early approaches to HTC used extensions of flat
classification algorithms, such as hierarchical versions of
SVMs or decision trees [12]. However, these methods
struggled with the complexity of deep hierarchies and the
interdependencies between categories.
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Zangari et al. [13] offer a comprehensive overview of
recent research in hierarchical text classification. They
begin by situating the task within the larger field of text
classification and discussing key concepts such as text
representation. Following this, they describe traditional
methods and contemporary  approaches,
emphasizing their key contributions. They also provide
statistics on commonly used datasets and evaluate the
advantages of metrics designed for hierarchical contexts.
Lastly, they compare recent methods to non-hierarchical
baselines using five publicly available domain-specific
datasets.

review

In the realm of the Arabic language, hierarchical text
classification (HTC) has received less attention than flat
classification. Most research has focused on flat
classification, with few studies addressing the specific
challenges of HTC in Arabic. Aljedani et al. [14]
effectively addressed the HTC challenge by introducing a
hierarchical multi-label Arabic text categorization
(HMATC) model that integrates machine learning
techniques. Although some other studies employed multi-
labeling for texts, they did not specifically address Arabic
hierarchical text classification (HTC) [15] [16] [17] [18]
[19]. The complexity of Arabic's morphology and syntax,
combined with the hierarchical structure of documents,
makes HTC a particularly challenging problem in this
language.

2.3. Large Language Models and GPT

Large Language Models (LLMs) are sophisticated Al
models that understand and produce human-like text by
identifying  patterns datasets  [5].
Characterized by billions of parameters and typically

within  vast
using transformers [20], this architecture enables them to
capture long-range dependencies in text, making them
especially effective for tasks that need understanding
context and sequence. LLMs are pre-trained on vast
corpora to grasp general language patterns and fine-tuned
for specific tasks, making them powerful tools in natural
language processing applications. Examples of LLMs
include GPT-2 [5] and GPT-4 [21].

LLMs have demonstrated exceptional performance
across a variety of NLP tasks, such as annotation [22-25],
data generation [26], and Text-to-SQL [27]. Notably, they
excel in flat text classification using zero-shot or few-shot

prompting [28]. However, their use in hierarchical
contexts with extensive and structured label spaces
continues to pose challenges, even for the English
language. To address this, Zhang et al. [29] introduced
TELECIlass, a method for taxonomy enrichment and
employing LLMs in weakly-supervised hierarchical text
classification. TELEClass enhances the label taxonomy
with terms indicative of specific classes to improve
classifier training and employs LLMs to annotate and
create data, specifically tailored to the hierarchical label
structure.

Leveraging LLMs, we propose in this paper to fine-
tune AraGPT2, an adaptation of GPT-2, for the
hierarchical classification of Arabic texts. AraGPT2 is
pre-trained on a vast corpus of Arabic text, enabling it to
manage the linguistic features and nuances specific to
Arabic. Fine-tuning is an essential method for adapting
LLMs to specific tasks. It entails training a pre-trained
model on a smaller, task-specific dataset to enhance its
performance. This process enables the model to utilize its
existing knowledge while adapting to the unique
requirements of the task.

2.4. Comparative studies

Comparative studies in text classification often
highlight the advantages and limitations of different
approaches. Philip et al. [30] carried out a study
comparing selective ML algorithms for analyzing English
text documents. Their results showed that the SVM-based
classifier performed best with a small feature set, while
NB excelled with larger sets. Lee et al. [31] compared
multiclass text classification in research proposals by
using pre-trained Korean language models, finding that a
BERT-based model trained on the latest Korean corpus
achieved the highest performance. Koksal and Akgul [32]
performed a comparative study on Turkish text
classification, demonstrating substantial performance
enhancements through the use of word embeddings with
deep learning algorithms and optimized hyperparameters.

For the Arabic language, Berrimi et al. [33] conducted
a comparative study on effective methods for flat Arabic
text classification, finding that a Transformer-CNN
architecture outperforms other neural network models.
Bouchiha et al. [34] performed a comparative empirical
study to identify the best combination of feature
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extraction and machine learning algorithms for flat Arabic
text classification, revealing that the TFIDF-Perceptron
combination is the top performer among 160 classifiers.
Melhem et al. [35] reviewed various published studies
aimed at enhancing Arabic text classification and
identified research opportunities in the field. Their
findings indicated that Naive Bayes and SVM are the most
commonly used classifiers for flat Arabic text
classification.

The proposed approach in this paper, which involves
fine-tuning AraGPT2 for hierarchical Arabic text
classification, builds on these advancements. By adapting
the pre-trained model to the specific requirements of
hierarchical classification, we aim to tackle the difficulties
arising from the complexity of the Arabic language and
the hierarchical structure of the classification task.

3. Methodology: Fine-tuning AraGPT2

In this section, we detail our method to fine-tuning
AraGPT2 for hierarchical Arabic text classification. This
process is structured into four main layers (see Figure 1):
Data preparation, Model, Training, and Evaluation.

Data Preparation

AraGPT2 model

¥
Rk
@_.

Model training

¥
1

Figure 1. Fine-tuning AraGPT2.

|

Evaluation

3.1. Data preparation layer

The data preparation layer is fundamental for setting
up the inputs required for fine-tuning. This layer involves
two crucial steps:

e Dataset input: We start by reading the dataset
containing Arabic texts along with their associated
hierarchical labels, which include both category
and super-category. These hierarchical labels are
vital for understanding the text at different levels
of granularity.

e Train-Test split: The dataset is divided into
training and testing sets. This division enables us
to train the model on one part of the data while
assessing its performance on a separate, unseen
portion.

3.2. Model layer

In the model layer, we focus on leveraging AraGPT2
[6], a pre-trained model tailored for Arabic language
tasks. AraGPT?2 is built on the GPT-2 architecture and is
fine-tuned on a vast corpus of Arabic text. This model
uses a tokenizer that converts Arabic text into tokens that
the model can process effectively. Utilizing a pre-trained
model like AraGPT2 provides a strong foundation of
linguistic knowledge, significantly enhancing the model's
performance on Arabic text.

3.3. Training layer

The training layer is where we adapt the pre-trained
AraGPT2 model to our hierarchical classification task:

e Training configuration: We define the
configuration for the training process, including
parameters like the number of training epochs, the
batch size, and the learning rate. These parameters
control how the model learns from the training
data (more details in section 4).

e Dataset preparation for training: The text data
is formatted into a suitable structure for training
and evaluation. This preparation guarantees that
the model can effectively process and learn from
the training data.

e Training execution: We then proceed with the
actual training of the model. During this phase, we
fine-tune the pre-trained weights of AraGPT2 to
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align with the hierarchical classification task by
using our specific dataset. This process involves
iterative learning, where the model's parameters
are refined to reduce the difference between
predicted and actual labels.

3.4. Evaluation layer

Once the model is trained, we evaluate its performance
using a variety of metrics designed for hierarchical
classification:

e Prediction generation: We use the fine-tuned
AraGPT2 model to predict hierarchical labels for
texts in the test set. This involves determining both
the category and super-category for each text,
reflecting the hierarchical nature
classification task.

of our

e Metrics calculation: We assess the model's
performance using several key metrics: Category
Accuracy, Super-Category Accuracy, Category F1
Score, Super-Category F1 Score, and Hierarchical
F1 Score (more details in section 4).

Through this structured approach, we effectively
leverage AraGPT2's capabilities, adapting it to the
complex task of hierarchical Arabic text classification.
Our approach illustrates the effectiveness of fine-tuning a
pre-trained language model to attain superior performance
in specialized tasks.

4. Experiments

In this section, we outline our experimental setup and
present the results of our evaluation of the fine-tuned
AraGPT2 model for Arabic  text
classification.

hierarchical

4.1. Implemented tool

To support our methodology, we developed a tool
using Python and several key libraries from both NLP and
ML domains. Our implementation is accessible on
GitHub! for the benefit of the Al and NLP communities.

The main libraries used in our implementation include:

! https://github.com/khouloud-1/AraGPT2vs ML

e pandas: For data manipulation and analysis.
pandas provides powerful tools for handling and
processing structured data, making it a cornerstone
for data analysis in Python [36].

e sklearn: For splitting the dataset and evaluating the
model with various metrics. The sklearn library
(Scikit-learn) is a widely-used toolkit for machine
learning in Python, offering straightforward and
effective tools for data mining and analysis [37].

o transformers: From the Hugging Face library,
used for loading and working with pre-trained
models like GPT-2. The transformers library
provides state-of-the-art implementations of
Transformer models, making it easier to integrate
advanced NLP models into various applications
[38].

e torch: For building and training deep learning
models. torch (PyTorch) is an open-source deep
learning framework that expedites the transition
from research prototyping to production
deployment [39].

e datasets: For handling the dataset during training
and testing. The datasets library simplifies the
process of accessing and working with large
datasets for machine learning and NLP tasks [40].

These libraries provide the essential functions and
classes needed to efficiently develop and fine-tune our
model for hierarchical Arabic text classification.

4.2. Dataset

We used the WiHArD? (Wikipedia-based Hierarchical
Arabic Dataset) for our experiments. This open-access
dataset is available on the Elsevier Mendeley Data
Platform and consists of more than 6000 texts organized
hierarchically.

The dataset is structured into two levels of hierarchy:

e Level 1 (Super-Categories): Culture (4&), History
(729), and Math (Sbealy)).

e Level 2 (Categories): Clothes (u=>«), Tourism
(3alw), Food drinks (<& 5 axk), Events (&laal),
Monuments (J&f), Inventions (e ial), Algebra
(), Geometry (dwia), and Analysis (Jl3),

These hierarchical classes provide a rich framework
for testing the capabilities of our classification model.

2 https://data.mendeley.com/datasets/kdkryh5rs2/2
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4.3. Evaluation metrics

We evaluated our model using several key metrics
tailored for hierarchical classification [41]. These metrics
offer insight into the model's performance across various
levels of the classification hierarchy:

e Category Accuracy: Measures the proportion of
correctly predicted categories out of all predictions.

Category Accuracy =
Number of correct category predictions

(1

Total number of predictions

o Super-Category Accuracy: Assesses the proportion
of correctly predicted super-categories.

Super_Category Accuracy =
Number of correct super_category predictions

2

Total number of predictions

e Category F1 Score: Balances precision and recall for
category predictions.

Precisi Recall
F1Score = 2 X recision XReca 3)

Precision+Recall

o Super-Category F1 Score: Balances precision and
recall for super-category predictions using the same
F1 score formula applied at the super-category level.

Super_Category F1 Score = 2 X
Super_Category Precision XSuper_Category Recall (4)

Super_Category Precision+Super_Category Recall

e Hierarchical F1 Score: Combines precision and
recall across the hierarchical levels. This metric takes
into account both the category and super-category
levels to evaluate the overall hierarchical structure.

Hierarchical F1 Score = % X

(Category Precision xCategory Recall
Category Precision+Category Recall
Super_Category Precision XSuper_Category Recall) (5)

Super_Category Precision+Super_Category Recall

These metrics are essential for grasping the model's
performance, particularly in the context of multi-level
classification.

4.4. Configuration parameters

To optimize our model's performance, we considered
several configuration parameters:

e Training and test set sizes: We split the dataset
into 70% for training and 30% for testing. This split
provides a balanced approach for model training
and evaluation [42].

e Block size: We set the block size to 128, which
determines the maximum length of each text
sequence after tokenization. This length was chosen
based on preliminary tests showing significant
results.

e Training arguments:

—num_train_epochs: The number of times the
whole training dataset is fed through the model
during training. We tested various values to
determine the optimal number of epochs.
—per_device train_batch size: The number of
training examples handled together in a single
forward and backward pass through the model for
each training step, per device (GPU or CPU).
—save_steps: The frequency, in terms of steps, at
which model checkpoints are saved during training.

e Post-processing step: This involves handling and
correcting any deformed outputs from the fine-
tuned model. For example, ensuring the output
follows the format "Text -> Category ->
Super Category" and not "Text -> Category ->
Super Category -> Super Category".

4.5. Evaluation results

In this subsection, we present the evaluation results of
our fine-tuned AraGPT2 model for hierarchical Arabic
text classification. We conducted eight experiments with
varying configurations of training parameters and the use
of a post-processing step to evaluate the model's
performance in a thorough manner. Table 1 details the
configuration and results of each experiment.
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Table 1. Hierarchical Arabic Text classification results.
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i ] 3

2. < ®

s
1 Disabled | 1 1 500 0.0238 | 0.0205 | 0.0436 | 0.0359 | 0.0137
2 Enabled | 1 1 500 0.5998 | 0.6545 | 0.6364 | 0.7437 | 0.5975
3 Enabled | 3 4 10000 0.7700 | 0.8115 | 0.7981 | 0.8653 | 0.7694
4 Enabled | 5 7 12000 0.7750 | 0.8137 | 0.8042 | 0.8683 | 0.7745
5 Enabled | 10 10 15000 0.7955 | 0.8286 | 0.8230 | 0.8813 | 0.7939
6 Enabled | 15 15 17000 0.8004 | 0.8292 | 0.8294 | 0.8835 | 0.7984
7 Enabled | 20 | 20 | 20000 0.8060 | 0.8325 | 0.8335 | 0.8858 | 0.8031
8 Enabled | 25 25 25000 0.8098 | 0.8364 | 0.8377 | 0.8905 | 0.8064

The results from these experiments highlight several
key findings:

Impact of post-processing: The significant
improvement in all metrics from Experiment 1 to
Experiment 2 illustrates the importance of the
post-processing step. Enabling post-processing
helped in correcting hierarchical structure errors,
which is crucial for hierarchical classification
tasks.

Training duration and batch size: Increasing the
number of training epochs and the batch size
consistently improved performance metrics across
the experiments. This indicates that longer training
and larger batch sizes allow the model to learn
more effectively from the dataset.

Optimal configuration: Experiment 8 achieved
the highest overall suggesting that
extended training epochs, larger batch sizes, and

scores,

appropriate checkpoint saving intervals contribute
to better model performance.

Hierarchical metrics: The Hierarchical F1 Score,
which considers both category and super-category
levels, reflects the model's effectiveness in
maintaining the hierarchical relationships in the
data. The steady improvement across experiments
underscores the model's growing ability to handle

the complexity of hierarchical classification.

These insights demonstrate the robustness of the fine-
tuned AraGPT2 model in managing hierarchical text
classification and its adaptability to various training
configurations.

5. Comparative Study

To demonstrate the efficacy of our approach, we
compared the performance of our fine-tuned AraGPT2
model to a traditional machine learning-based classifier.

5.1. Machine learning-based classifier

For comparison, we implemented a machine learning-
based classification system using the same WiHArD
dataset (70% training set, and 30% test set). The process
involved several key steps:

a) Preprocessing: Each text was cleaned and
tokenized to remove noise and prepare it for
further processing [12].

b) Doc2Vec representation: We used the Doc2Vec
algorithm to convert each text into a fixed-size
vector representation. Doc2Vec is a powerful tool
for capturing the semantic meaning of texts,
enabling better input for classification models
[43].

c) Decision tree classifier: A Decision Tree
algorithm was employed for the classification
task. Decision Trees are widely used in ML for
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their interpretability and ability to handle both
categorical and continuous data [44].

The Python code for the machine learning-based
classifier is also available on GitHub? for the benefit of
the Al and NLP communities.

5.2. Comparison results

The comparison of the Hierarchical F1 scores of both
models underscores the superiority of our fine-tuned
AraGPT2 approach:

Hierarchical F1 Score

0,90
0,80
0,70
0,60
0,50
0,40
0,30
0,20
0,10
0,00

Fine-tuned
AraGPT2

Machine Learning
Classifier

Figure 2. Comparison results (Fine-tuned AraGPT2 vs ML
classifier).

These results, in Figure 2, clearly illustrate that the
fine-tuned AraGPT2 model significantly outperforms the
traditional machine learning-based classifier,
demonstrating the advantages of leveraging large
language models for complex classification tasks.

6. Conclusion and Perspectives

In this study, we introduced a novel approach for
hierarchical Arabic text classification by fine-tuning the
AraGPT2
comprehensive data preparation, model adaptation, and
rigorous evaluation using hierarchical metrics. The

model. Our methodology involved

experimental results demonstrated that our fine-tuned
AraGPT2 model significantly outperforms traditional

3https.://github.com/khouloud-1/AraGPT2vs ML

machine learning classifiers, achieving high accuracy and
F1 scores across different classification levels.

Our work makes several notable contributions:

e Adaptation to hierarchical classification: We
successfully adapted the AraGPT2 model to
perform hierarchical classification, a challenging
task due to the need to categorize texts into multi-
level taxonomies and differentiate between
closely related categories within the same super-
class.

e Addressing underrepresentation in Arabic
NLP: We tackled the underrepresentation of the
Arabic language in NLP research, providing a
robust model that can classify Arabic texts with
high precision.

e Superior performance: Our comparative
evaluation against traditional machine learning-
based classifier illustrates the superior
performance of our approach in handling
hierarchical classification effectively.

e Model adaptation for Arabic: By leveraging
AraGPT2, a model specifically designed for
Arabic, we ensured that our solution was well-
suited to the linguistic characteristics of the
Arabic language.

Looking ahead, there are multiple promising avenues
for future research:

— Extension to longer texts: While our current
study focused on short texts from the WiHArD
dataset, we plan to extend our approach to classify
longer texts and validate our model's performance
across a broader range of datasets. This will help
us better understand the model's capability to
handle complex and lengthy textual content.

— Inclusion of Arabic dialects: We aim to extend
our model to recognize and categorize texts
written in various Arabic dialects, given their
prevalent use in daily communication, especially
on social media [45].

— Comparison with other Deep Learning
models: We plan to compare our fine-tuned
AraGPT2 [6] system with other deep learning-
based classifiers, such as AraBERT [10] and
BiLSTM  (Bidirectional Long Short-Term
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Memory) networks, to evaluate the relative
performance and advantages of each approach.

— Comparison with  Machine Learning
classifiers: Further comparison with traditional
machine learning-based classifiers, such as Naive
Bayes and Logistic Regression, will help us
highlight the strengths and potential areas for
improvement in our hierarchical classification
system [46].

— Enhanced pre-processing and post-processing:
We intend to refine our classification outputs by
integrating advanced pre-processing and post-
processing techniques. These enhancements
could involve more sophisticated text
normalization methods and improved handling of
model outputs to further boost accuracy.

— Expansion of application domains: Expanding
the application domains of our model to various
fields such as automated content moderation,
targeted content delivery, and more nuanced topic
categorization in Arabic content is another
potential future direction.

In summary, our work provides a solid foundation for
more advanced applications of hierarchical classification
in Arabic NLP. By extending our focus to include Arabic
dialects, comparing with other deep learning and
traditional classifiers, and exploring additional future
directions, we aim to contribute significantly to the field
and offer valuable tools for managing the complexities of
Arabic text in various contexts.
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