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Abstract

In this work, we address the challenges of
Arabic medical text classification, focusing
on class imbalance and the complexity of the
language’s morphology. We propose a multi-
class classification pipeline based on Data- and
Algorithm-Level fusion, which integrates the
optimal Back Translation technique for data
augmentation with the Class Balanced (CB)
loss function to enhance performance. The
domain-specific AraBERT model is fine-tuned
using this approach, achieving competitive re-
sults. On the official test set of the AbjadMed
task, our pipeline achieves a Macro-F1 score of
0.4219, and it achieves 0.4068 on the develop-
ment set.

1 Introduction

The classification of Arabic medical texts has be-
come a critical task in healthcare due to the increas-
ing volume of medical data (Wahdan et al., 2024).
With the rapid growth of electronic health records,
medical literature, and patient queries, there is a
need to organize vast amounts of unstructured in-
formation into accessible, meaningful categories
(Tayefi et al., 2021). Arabic medical text classi-
fication helps identify relevant topics, symptoms,
diagnoses, and treatments, enabling healthcare pro-
fessionals to retrieve pertinent information effi-
ciently and accurately, thereby improving decision-
making and patient care (Hammoud et al., 2021).
The shared task AbjadMed (Gupta et al., 2026)
provides a publicly available dataset consisting of
question-answer pairs across multiple medical do-
mains, serving as a benchmark for this work. This
task presents unique challenges, particularly due
to Arabic’s rich morphology and significant class
imbalance in the datasets.

We address these challenges by developing
a robust classification pipeline through Data-
and Algorithm-Level fusion for Arabic medical
text classification. In this pipeline, Data- and

Algorithm-Level fusion refers to the integration of
two key strategies: first, applying optimal data aug-
mentation techniques from the Data-Level, such as
back translation, synonym replacement, or random
deletion, to enrich the dataset and address issues
like class imbalance; and second, optimizing the
model’s performance with an improved loss func-
tion at the Algorithm-Level. By combining these
two approaches, we aim to enhance the effective-
ness of the domain-specific, pre-trained AraBERT
model. The pipeline improves classification perfor-
mance, tackles class imbalance, and accounts for
the language’s complexity. Our approach achieves
competitive results, ranking in the top-10 entries on
the official dev/test set, demonstrating its potential
to advance Arabic medical text classification.

2 Related Work

Research on Arabic medical text classification
has evolved from small, coarse-grained corpora to
large-scale, fine-grained resources, improving per-
formance in healthcare domains (Hammoud et al.,
2021). However, challenges like class imbalance
and data scarcity are common in fields such as legal
(Singh et al., 2025), healthcare (Roy et al., 2024),
and software (Goyal, 2025). These issues are often
addressed with techniques like data augmentation
(ElSabagh et al., 2025), refinement before classi-
fication (Singh et al., 2024a), and clustering with
hierarchical classification (Singh et al., 2024b). In
Arabic medical text classification, these challenges
are amplified by the language’s rich morphology,
absence of diacritics, letter shape variations, and
gender agreement, making preprocessing and clas-
sification more difficult (Hamzaoui et al., 2025).
Additionally, Arabic’s diglossia, where Modern
Standard Arabic coexists with regional dialects,
further complicates tasks, especially in medical
texts where formal and informal language mix
(Khwaileh et al., 2025). To overcome these chal-
lenges, researchers use powerful transformer mod-
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els like AraBERT (Antoun et al.), AraGPT-2 (An-
toun et al., 2021b), and AraElectra (Antoun et al.,
2021a), pre-training them on large Arabic datasets
to capture language-specific patterns and improve
performance (Wahdan et al., 2024). Techniques
to handle class imbalance and enhance classifica-
tion performance, such as those discussed by Wei
and Zou (2019), Sabty et al. (2021), and Abuza-
yed and Al-Khalifa (2021), have been widely em-
ployed. Our approach differs by using a classifica-
tion pipeline that integrates Data- and Algorithm-
Level Fusion for Arabic medical text classification,
combining optimal data augmentation with the best
loss functions to achieve competitive results.

3 Task and Dataset

Gupta et al. (2026) introduces a shared task that is
publicly available on Kaggle1. The task is formu-
lated as a multi-class classification problem within
the Arabic healthcare domain. The input consists
of a question-answer (q&a) pair in Arabic, and the
goal is to predict the category that corresponds to
the medical domain of the q&a pair. Examples of
the task input and output types are shown in Fig. 1.
The provided dataset is divided into training, devel-

Figure 1: Task Overview

opment, and testing sets. The training set consists
of 27, 951 q&a pairs across 82 categories. The dis-
tribution of the training dataset is depicted in Fig.
2, which highlights the steep class imbalance prob-
lem (Henning et al., 2023). The development and
testing sets contain 18, 634 q&a pairs, but no labels
(categories) are provided. The task is to predict the
category for each q&a pair in the development and
testing set.

1EACL 2026 Abjad NLP Shared Task 4

Figure 2: Training Dataset Distribution

4 System Overview

As discussed in Section 3, the training dataset suf-
fers from class imbalance. To address this, we
propose a simple yet effective pipeline, as illus-
trated in Fig. 3. The proposed pipeline consists of
three main stages: the Data-Level, the Algorithm-
Level, and the final Data- and Algorithm-Level
Fusion. These stages are described in the following
subsections.

4.1 Data-Level

In the Data-Level, we first split the provided train-
ing dataset in an 80 : 20 ratio, resulting in 22, 360
samples in the sub-training set and 5, 591 sam-
ples in the sub-testing set. This internal valida-
tion split is used solely for method selection, while
the final pipeline is trained on the full training
set, as outlined in Section 4.3. We then sample
the minority class by extracting categories with
fewer than 200 instances from the sub-training set,
yielding 32 categories and 1, 155 samples. This
represents approximately 5% of the sub-training
dataset. Next, we apply various data augmentation
techniques, including Back Translation (Arabic-
English-Arabic), Synonym Replacement, and Ran-
dom Deletion, both independently and in combina-
tion. We fine-tune the domain-specific AraBERT
model and test it on the sub-testing set to iden-
tify the optimal data augmentation technique(s).
Our experiments show that Back Translation alone
outperforms all other techniques and combinations,
making it the optimal data augmentation technique.

4.2 Algorithm-Level

In the Algorithm-Level, we split the training dataset
in the same manner as done in Section 4.1. We
experiment with different loss functions (Hen-
ning et al., 2023), including Cross Entropy (CE),
Weighted Cross Entropy (WCE), Class Balanced

https://kaggle.com/competitions/eacl-2026-abjad-nlp-shared-task-medical-text-classification-in-arabic
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Figure 3: Multi-Class Classification via Data- and Algorithm-Level Fusion

(CB), Dice, and Focal Loss (FL), and fine-tune the
AraBERT model. We test the model on the sub-
testing set to identify the optimal loss function. Our
experiments indicate that the Class Balanced (CB)
loss function is the most effective for this task.

4.3 Data- and Algorithm-Level Fusion
In this stage, we perform task-specific fine-tuning
using the entire training dataset, which contains
27, 951 samples. We apply the optimal data aug-
mentation technique from the Data-Level, Back
Translation (Arabic-English-Arabic), to the minor-
ity class samples. We combine this with the optimal
loss function from the Algorithm-Level, Class Bal-
anced (CB) loss. The domain-specific AraBERT
model is fine-tuned, and its performance is evalu-
ated on the development and testing dataset. The
macro-F1 score is calculated to assess model per-
formance.

5 Experimental Setup

For training, we utilize the AbjadMed training
dataset, while evaluation is performed on the of-
ficial development and testing set. Model perfor-
mance is measured using the Macro-F1 score. The
model used is AraBERT, which is fine-tuned for
10 epochs with a learning rate of 2e-5 and a batch
size of 16. We experiment with 5 different ran-
dom seeds on the internal validation split used for
method selection (not on the official dev/test set),
ranging from 1 to 5, and select the best-performing
seed (seed 4) for all subsequent experiments. We
implement our pipeline using Hugging Face Trans-
formers (Wolf et al., 2020), and all experiments are

conducted on a Google Colab T4 GPU.

6 Result

6.1 Development Set Performance
The results of the proposed pipeline, illustrated in
Fig. 3, on the development set are shown in Table
1. Our proposed pipeline achieves a substantially
better score on the development set. Due to re-
source constraints, we test with only a single model,
AraBERT, and avoid ensemble techniques, which
may further improve performance. Additionally,
for diversity, we could also generate samples of mi-
nority classes using a domain-specific generation
model or GPT-5, but we leave these approaches for
future work.

Team Test Score (Macro-F1)
MedArabs (Ours) 0.4068

Table 1: Results on the AbjadMed Subtask official de-
velopment set, reported in Macro-F1

6.2 Testing Set Performance
Table 2 presents the results of the proposed pipeline
on the official test set. Out of 40 submissions, our
proposed method ranks in the top-10 leader-board
entries.

7 Conclusion

We present a simple yet effective Multi-Class Clas-
sification pipeline via Data- and Algorithm-Level
Fusion for Arabic medical text classification. Our
pipeline combines the optimal data augmentation
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Rank Team Test Score (Macro-F1)
— — —
7 baellouf 0.4398
— — –
9 MedArabs (Ours) 0.4219
— — —
19 Kyaw Htin Aung 0.3911
— — —
29 Ghader Kurdi (UQU) 0.3393
— — —
39 Malaak 0.2460

Table 2: Results on the AbjadMed Subtask official test
set: Our proposed pipeline ranks in the top-10, with the
reported Macro-F1 score

technique(s) from the Data-Level approach with
the best loss function from the Algorithm-Level
approach to achieve competitive results. Due to
resource constraints, we test with a single model,
AraBERT, and leave the exploration of ensemble
techniques and alternative data generation models,
such as GPT-5 or domain-specific generation mod-
els, for future work. Future research will focus
on enhancing model performance by incorporating
these methods and addressing the class imbalance
problem.
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