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Abstract

Medical text classification is an important task
in healthcare NLP, yet Arabic medical texts
remain underexplored due to linguistic com-
plexity and limited annotated data. In this pa-
per, we study the effectiveness of AraBERT, a
pre-trained Arabic transformer model, for Ara-
bic medical text classification. We fine-tune
AraBERT on a labeled medical dataset and
evaluate its performance using standard clas-
sification metrics. Experimental results show
that our fine-tuned AraBERT model achieves a
private leaderboard score of 0.4076 and ranks
13th among participating teams, outperforming
classical machine learning baselines and other
transformer variants. These findings highlight
the potential of transformer-based approaches
for Arabic medical NLP and motivate further
research.

1 Introduction

Medical text classification is a promising task in
Natural Language Processing (NLP) (Lan, 2026),
enabling applications such as clinical decision sup-
port, medical document indexing, and health in-
formation retrieval. In this work, we focus on
Arabic medical text classification, a relatively un-
derexplored area due to the linguistic complexity
of Arabic and the limited availability of annotated
medical data. We address this task as defined in
the shared task overview paper (Gupta et al., 2026),
which formulates medical text classification as a
supervised learning problem over Arabic texts.

Our system is based on AraBERT (Antoun et al.,
2021), a pre-trained transformer model specifically
designed for Arabic. We adopt a fine-tuning strat-
egy in which AraBERT is adapted to the medical
domain using the provided labeled training data.
This approach allows the model to capture both
contextual semantics and domain-specific medical
terminology while handling the rich morphology
of Arabic.

We evaluate our system using the official task
metrics and compare it with baseline methods. The
AraBERT-based model attains competitive perfor-
mance, exceeding traditional machine learning and
non-contextual embedding approaches. Our best
submission ranked 13th on the official test set.

Our contributions include: (1) applying fine-
tuned AraBERT to Arabic medical QA texts, (2)
benchmarking against other Arabic transformers
(SaudiBERT, CamelBERT) to validate model se-
lection, and (3) mitigating class imbalance with
weighted loss. To support reproducibility, we re-
lease our implementation at: https://github.c
om/PhuThanh3012/Supachoke_AbjadNLP.

2 Related Work

Machine Learning Approaches Various classi-
cal machine learning paradigms have been explored
to address the linguistic complexities of Arabic
Text Classification. Hamood (Hamood et al., 2014)
introduced an improved k-Nearest Neighbor (k-
NN) algorithm, showing that modifications to dis-
tance calculation can yield higher accuracy. Addi-
tionally, Harrag (Harrag and El-Qawasmah, 2009)
explored the efficacy of Artificial Neural Networks
(ANN), highlighting that neural architectures can
effectively capture non-linear relationships within
Arabic text, providing a robust alternative to tradi-
tional statistical learners.

Pre-trained Language Models Prior work on
Arabic NLP has demonstrated the effectiveness of
pretrained models such as Arabic-BERT (Safaya
et al., 2020), MARBERT (Abdul-Mageed et al.,
2021), SaudiBert (Qarah, 2024) and CamelBERT
(Inoue et al., 2021). A comprehensive review by
Alammary (Alammary, 2022) synthesized 48 stud-
ies, reporting that Arabic-specific BERT variants
such as AraBERT and MARBERT consistently out-
perform Multilingual BERT (Devlin et al., 2018)
due to richer pretraining corpora and broader cov-
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erage of dialectal Arabic. Most prior works adopt
task-specific fine-tuning and achieve strong results
comparable to English BERT on analogous tasks,
particularly for social media and news text.

3 Background

This work is conducted within the framework of the
EACL 2026 Abjad NLP Shared Task: Medical
Text Classification in Arabic. The task is formu-
lated as a supervised multi-class text classification
problem where each input instance is mapped to
exactly one label among 82 predefined classes.

3.1 Task Description

Each sample consists of a short medical question-
answer pair written in Arabic. These pairs typically
describe patient symptoms, disease histories, treat-
ment concerns, or health-related advice. The input
is the text segment, and the output is an integer
label. For example, the input: "A�s®� �lyk� ��A

�OA
 �fqr ��d� ��mn�l¨ ...Å is associated with
Hematological diseases (label 33), while: "A�A JA


�nd« 25 Fn¢ ¤�nd« �bw� ¯ �C� « ¤�A �A§� ...Å

is mapped to Urogenital diseases (label 76).

3.2 Challenges

Arabic medical QA classification is significantly
more challenging than generic text classification
(Alrayzah et al., 2023). First, each instance con-
tains a paired question and answer, requiring mod-
els to capture cross-segment relationships. Second,
the domain is highly specialized with medical ter-
minology, while the input text often contains di-
alectal variations and spelling inconsistencies com-
mon in user-generated content. Furthermore, Ara-
bic’s rich morphology (root-and-pattern system)
increases data sparsity. Finally, the label space
is fine-grained with semantic overlap (e.g., distin-
guishing between different types of infections), and
the data suffers from pronounced class imbalance,
where some diseases appear frequently while oth-
ers are rare.

4 Methodology

We employ two classification approaches: (i) a
baseline using classical machine learning, and (ii)
a transformer-based model via fine-tuning.

Figure 1: Overview of the proposed pipeline.

4.1 Baseline Approach: TF-IDF + Linear
SVM

In the baseline architecture, each input document
is transformed into a sparse numerical vector using
TF-IDF representation. The resulting vectors are
provided as input to a linear Support Vector Ma-
chine (SVM) classifier (Dadgar et al., 2016). This
baseline establishes whether simple lexical features
suffice for this fine-grained medical classification
task or whether contextualized representations are
necessary.

4.2 Fine-tuning AraBERT Strategy

4.2.1 Architecture Overview
We employ the bert-base-arabertv02 architec-
ture (Antoun et al., 2021). This model consists
of 12 transformer layers, 768 hidden dimensions,
and 12 attention heads, totaling approximately 135
million parameters. Unlike multilingual models,
AraBERT is pre-trained exclusively on large-scale
Arabic corpora. This enables it to better cap-
ture Arabic-specific linguistic phenomena, such
as the complex agglutinative morphology and or-
thographic variations, which are crucial for under-
standing medical texts containing a mix of formal
terminology and colloquial expressions.

4.2.2 Model Adaptation and Fine-tuning
The input text is tokenized using AraBERT’s Word-
Piece tokenizer. The contextualized representation
of the special [CLS] token from the final layer is
passed to a linear classification head to produce
logits over the 82 categories.

We fine-tune both the transformer encoder and
the classification head jointly in an end-to-end man-
ner. This allows the model to adapt its internal
representations to capture medical domain knowl-
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edge while maintaining linguistic understanding.
Fine-tuning handles morphological variations and
spelling inconsistencies effectively without addi-
tional task-specific architectural components.

5 Experimental Setup

5.1 Preprocessing

We first manually remove dataset-specific markers
(e.g., “”, “”). Then, we use ArabertPreprocessor
to remove HTML markup, replace URLs/emails
with placeholders, strip diacritics (tashkeel) and
elongation (tatweel), and normalize characters.
This reduces orthographic variability while preserv-
ing medically meaningful tokens.

5.2 Data Splitting

The provided training set is partitioned into training
and validation subsets. We perform a stratified split
to preserve the original class distribution across
splits, allocating 90% of the data for training and
10% for validation. Stratification is essential due
to the pronounced class imbalance (Stone, 2014)
across the 82 categories, ensuring that minority
classes are represented in both subsets. The valida-
tion set is used exclusively for model selection and
early stopping, while the official test set is reserved
for final leaderboard submission.

5.3 Training Strategy

5.3.1 Class Weights
To address class imbalance, we use balanced class
weights computed as:

wk =
N

K · nk

where N is the total samples, K is the number
of classes, and nk is the sample count for class k.
These weights are incorporated into the weighted
cross-entropy loss:

L = −
K∑
k=1

wk 1[y = k] log (softmax(z)k)

where 1[·] is the indicator function and z denotes
the logits.

5.3.2 Hyperparameter Configuration
We fine-tune using AdamW (Loshchilov and Hut-
ter, 2019) optimizer with a learning rate of 5 ·10−5.
Training is carried out for a maximum of 8 epochs

with early stopping (patience set to 3). To opti-
mize resource usage, we employ gradient accu-
mulation (steps=2) and mixed-precision (FP16)
training, allowing for a larger effective batch size
while fitting within GPU memory constraints.

6 Results

6.1 Model Performance and Comparisons
Table 1 presents the experimental results. We com-
pare our proposed AraBERT system against the TF-
IDF baseline, two other Arabic-specific transform-
ers (SaudiBERT, CamelBERT), and an unweighted
AraBERT variant.

Model Private Score
TF–IDF + SVM (Baseline) 0.3508
SaudiBERT (lr = 2e−5) 0.3570
CamelBERT (lr = 2e−5) 0.3823
AraBERT (w/o Class Weights) 0.3759
AraBERT (Proposed System) 0.4076

Table 1: Performance comparison on the official test
set.

The results yield three key observations:
1. Contextualization Matters: All transformer

models outperform the TF-IDF baseline, confirm-
ing the necessity of deep contextual representations
for this task.

2. Model Selection: Among the pre-trained
models, AraBERT achieves superior performance
compared to SaudiBERT (0.3570) and CamelBERT
(0.3823). We hypothesize that SaudiBERT, which
is heavily trained on social media content (Twitter),
may struggle with the mixed formal-informal na-
ture of medical QA pairs compared to AraBERT’s
broader training corpus (news, wikipedia). The
medical domain requires a grasp of formal termi-
nology which is less prevalent in short social media
posts.

3. Impact of Class Weights: The ablation
study shows that removing class weights drops
AraBERT’s performance to 0.3759. Notably, while
the unweighted AraBERT slightly lags behind
CamelBERT, the introduction of class weights
boosts it to the top performance (0.4076), validat-
ing the effectiveness of our loss weighting strategy
in handling imbalanced medical data.

6.2 Discussion
Our team, Supachoke, ranked 13th overall with a
score of 0.4076 (Table 2).
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Team Rank Score
F.A.H 1 0.6732
Gleb Shanshin 2 0.5139
HCMUS_PrompterXPrompter 3 0.4902
Our team (Supachoke) 13 0.4076

Table 2: Leaderboard performance comparison.

While our system demonstrates a solid improve-
ment over baselines, a substantial performance gap
of 0.2656 remains between our best run and the
top-performing system (0.6732). We attribute this
to three primary factors:

1. Lack of Domain Adaptation: Our model
was fine-tuned directly on the provided small
dataset. In contrast, top systems likely employed
Domain-Adaptive Pretraining (DAPT), where
the language model is first continued-pretrained on
a large corpus of unlabeled Arabic medical texts
(e.g., medical articles, health forums) before fine-
tuning. This allows the model to learn the nuances
of medical terminology which are sparse in general-
domain corpora.

2. Single-Model Limitation: We relied on a
single AraBERT checkpoint. Leaderboard winners
typically utilize ensemble strategies, combining
predictions from diverse architectures (e.g., ensem-
bling AraBERT with MARBERT and XLM-R) to
reduce variance and improve generalization on rare
classes.

3. Lexical Ambiguity in QA Pairs: Error anal-
ysis suggests our model struggles with semanti-
cally similar categories (e.g., distinguishing be-
tween different Infectious diseases). By treating the
Question and Answer as a single flat sequence, the
model may rely excessively on keyword matching
rather than understanding the diagnostic relation-
ship between the reported symptoms in the question
and the medical advice in the answer.

7 Conclusion

In this paper, we presented an effective baseline for
Arabic medical text classification using a fine-tuned
AraBERT model with a class-weighted loss func-
tion. Our approach achieved a private leaderboard
score of 0.4076, significantly outperforming the
TF-IDF baseline (0.3508) and other Arabic trans-
former variants like SaudiBERT (0.3570).

Despite these promising results, the performance
gap with state-of-the-art systems highlights the lim-
itations of standard fine-tuning on small, imbal-

anced datasets. Future work will focus on: (1)
curating a large-scale unlabeled Arabic medical
corpus for Domain-Adaptive Pretraining, (2) imple-
menting a voting ensemble of multiple transformer
backbones, and (3) exploring hierarchical classifi-
cation architectures to better model the dependen-
cies between fine-grained medical categories.
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