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Abstract

This paper presents our system developed for
the AbjadNLP Shared Task 4 on Medical Text
Classification in Arabic, which aims to assign
Arabic medical question–answer pairs to a pre-
defined set of medical categories. The task
poses significant challenges due to severe class
imbalance across 82 categories and the lin-
guistic complexity of domain-specific Arabic
medical text. To address these challenges, we
propose an imbalance-aware training frame-
work that combines targeted data augmenta-
tion for minority classes with class-weighted
focal loss during fine-tuning. We evaluate mul-
tiple Arabic pretrained transformer models un-
der a unified training configuration and fur-
ther improve robustness through a majority-
voting ensemble of the best-performing mod-
els. Our approach achieves competitive per-
formance, ranking 15th on the private leader-
board with a macro F1 score of 0.4052, demon-
strating the effectiveness of combining differ-
ent data augmentation techniques, imbalance-
aware training objectives, and ensemble learn-
ing for large-scale, highly imbalanced Arabic
medical text classification. The code is avail-
able on GitHub.1

1 Introduction

Automatic classification of medical text plays a cru-
cial role in improving access to healthcare informa-
tion, clinical decision support, and large-scale med-
ical data organization. Transformer-based language
models have achieved strong performance across
many natural language processing tasks; however,
their effectiveness in the medical domain remains
challenging, particularly for non-English languages
such as Arabic.

A major challenge in real-world Arabic medical
text classification datasets is severe class imbal-

*Equal contribution.
1https://github.com/NahidMuntasir7/AbjadNLP-

at-EACL-2026

ance. This imbalance biases learning toward major-
ity classes and significantly degrades performance
on rare categories. Standard training objectives
such as cross-entropy loss and naive data sampling
strategies are often insufficient in large multi-class
settings.

This shared task focuses on Arabic medical text
classification and provides a realistic benchmark
consisting of question–answer pairs spanning 82
medical categories with extreme variation in class
frequencies. To address this imbalance, we em-
ploy targeted data augmentation techniques for mi-
nority classes, including back-translation, domain-
specific synonym replacement, and random word
swapping, along with Arabic text normalization.
During training, we further mitigate imbalance by
incorporating class-weighted focal loss.

The main contributions of this work are summa-
rized as follows:

• A transformer-based framework for Arabic
medical question–answer classification under
severe class imbalance.

• Integration of targeted data augmentation with
class-weighted focal loss to mitigate label im-
balance during training.

• A majority-voting ensemble of three fine-
tuned Arabic transformer models to improve
generalization across classes.

2 Related Work

Transformer-based models have shown strong per-
formance across text classification tasks in multi-
lingual and low-resource settings. In multilingual
classification, XLM-RoBERTa has been applied
to hate speech detection in English, German, and
Hindi, achieving high macro F1 scores (Roy et al.,
2021). These results highlight multilingual pre-
training for linguistic diversity, though such studies

https://github.com/NahidMuntasir7/AbjadNLP-at-EACL-2026
https://github.com/NahidMuntasir7/AbjadNLP-at-EACL-2026
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usually focus on social media rather than medical
text.

For Arabic, several studies demonstrate that
Arabic-specific pretrained transformers outperform
traditional deep learning models. Antoun et al. (An-
toun et al., 2020) introduced AraBERT, achieving
state-of-the-art results in sentiment analysis, named
entity recognition, and question answering. Later
work applied AraBERT to domain-specific tasks,
such as telecom customer satisfaction analysis, con-
sistently outperforming CNN and RNN baselines
(Aftan and Shah, 2023), emphasizing language-
and domain-aware pretraining.

Recent studies explore alternative Arabic trans-
former architectures. CAMeLBERT outperformed
PaLM for Arabic sentiment and entity-level classi-
fication despite smaller size (Almutrash and Abu-
dalfa, 2024). MARBERT, pretrained on dialectal
and social media text, performed well in multi-
label sentiment and spam detection (Alotaibi et al.,
2022). These models capture complementary lin-
guistic characteristics, motivating comparative eval-
uation and ensemble strategies.

Data scarcity and class imbalance remain key
challenges. Feng et al. (Feng et al., 2021) sur-
veyed data augmentation techniques, showing that
combining back-translation, synonym replacement,
and word-level perturbations improves robustness.
Transformer ensembles also outperform single
models in tasks like sentiment analysis and topic
modeling (Zhang and Shafiq, 2024). However,
prior work rarely addresses extreme class imbal-
ance in Arabic medical text. Our work bridges
this gap by integrating targeted augmentation,
imbalance-aware training, and transformer ensem-
bles in a unified framework.

3 Task Overview

This shared task (Gupta et al., 2026) focuses on
categorizing Arabic medical question–answer pairs
into a predefined set of medical labels.

3.1 Dataset Description

The dataset (Nagarajan et al., 2025) is released with
predefined training and test splits. The training set
contains 27,951 samples spanning 82 categories,
while the test set consists of 18,634 samples. The
dataset exhibits severe class imbalance, with cate-
gory frequencies ranging from as few as 7 samples
to over 600 samples per class. Figure 1 visualizes
the class imbalance by sorting classes by their num-

ber of samples and highlighting underrepresented,
below-average, and above-average categories. It
is evident that nearly one-third of the categories
contain fewer than 100 training samples, highlight-
ing the challenging imbalance characteristics of the
dataset.
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Figure 1: Class imbalance in the training set, sorted
by sample count, with colors indicating relative class
frequency and a dashed line showing the mean.

4 System Description

4.1 Text Preprocessing

To ensure high-quality input for transformer-based
models, several preprocessing steps were applied
to the Arabic medical text. These included the
removal of Arabic diacritics, normalization of char-
acter variants such as Alif, Ya, and Ta Marbuta,
and elimination of extra whitespace. These nor-
malization steps reduce orthographic variability
while preserving the semantic content of each ques-
tion–answer pair.
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Figure 2: Overview of the data augmentation strategy
for minority classes.

4.2 Data Augmentation Techniques

To address extreme class imbalance, targeted data
augmentation was applied to minority classes, de-
fined as categories with fewer than 50 training sam-
ples. Each minority class was augmented to reach a
target size of 150 instances by randomly sampling
original examples with replacement and applying
three complementary augmentation strategies until
the target size was achieved. Approximately 60%
of the augmented samples were generated via back-
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translation, using Arabic–English and English–
Arabic models from the Helsinki-NLP OPUS-MT
collection to create paraphrases. Around 30% were
generated via synonym replacement, leveraging a
manually constructed domain-specific Arabic med-
ical synonym lexicon to replace up to three words
per sentence, and the remaining 10% were pro-
duced using random word swaps, exchanging one
to two word positions in sufficiently long sentences
to introduce minor structural variation while pre-
serving semantics. All sampling and augmentation
procedures were conducted using a fixed random
seed of 42 to ensure reproducibility. The augmen-
tation pipeline is illustrated in Figure 2.

4.3 Training Pipeline and Class Imbalance
Handling

The preprocessed and augmented data were split
into 80% training and 20% validation sets us-
ing stratified sampling to preserve class dis-
tributions. Multiple transformer-based models
were fine-tuned, including MARBERTv2, XLM-
RoBERTa (base), CAMeLBERT, AraBERT-base
v2, AraBERT-base v02 and AraBERT-large v02.
To ensure unbiased comparisons, all models were
trained using identical hyperparameter configura-
tions, as detailed in Table 1. Early stopping was
employed to prevent overfitting, and model evalua-
tion performed at the end of each epoch. The best-
performing checkpoint, determined by validation
macro- F1 score, was retained for final evaluation.

Table 1: Hyperparameter configuration used for all
transformer-based models.

Hyperparameter Value
Maximum sequence length 384
Batch size 16
Learning rate 2e-5
Number of epochs 15
Warmup steps 500
Weight decay 0.01
Random seed 42
Early stopping patience 3

To mitigate the effect of class imbalance, a
class-weighted focal loss was employed during
training. Class weights were computed using an
inverse-frequency scheme and clipped to the range
[0.5, 10.0] to prevent instability from excessively
high weights in extremely rare classes. The fo-
cal loss applied a focusing parameter γ = 2.5,

down-weighting well-classified examples and em-
phasizing hard or misclassified instances, thereby
allowing the model to prioritize learning from rare
and difficult examples. Loss computation was per-
formed on a per-sample basis and aggregated using
mean reduction, ensuring stable optimization while
preserving the effects of both class weighting and
focal modulation.

4.4 Model Ensemble

After fine-tuning, predictions were generated on
the test set using the best-performing models,
specifically CAMeLBERT, AraBERT-base v02,
and AraBERT-large v02. The final prediction was
determined using a majority voting ensemble of
these three models. The overall workflow of the
system, including preprocessing, data augmenta-
tion, model training, and ensemble, is depicted in
Figure 3.
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Figure 3: End-to-end workflow of the proposed system.

5 Results

5.1 Initial Model Performance

The baseline performance of the transformer-based
models trained on the original dataset is summa-
rized in Table 2. Among the individual models
trained on the original dataset, AraBERT-base v02
achieved the highest macro F1 score on the public
validation set (0.3718), while AraBERT-large v02
obtained the best performance on the private valida-
tion set with a macro F1 score of 0.3974. CAMeL
BERT followed closely with macro F1 scores of
0.3701 and 0.3856 on the public and private valida
tion sets, respectively. Other models such as MAR-
BERTv2, XLM-RoBERTa, and AraBERT-base v2
achieved lower performance, highlighting the vari-
ability in representational power among different
transformer architectures when applied to highly
imbalanced medical text data.

5.2 Performance After Data Augmentation

Incorporating targeted data augmentation for mi-
nority classes led to consistent improvements
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Table 2: Macro F1 scores on public and private validation sets for individual models, augmented models, and
ensemble.

Training Data Model Name Macro F1 (public) Macro F1 (private)
Original MARBERTv2 0.3411 0.3652
Original XLM-RoBERTa 0.3284 0.3422
Original CAMeLBERT 0.3701 0.3856
Original AraBERT-base v2 0.3344 0.3517
Original AraBERT-base v02 0.3718 0.3836
Original AraBERT-large v02 0.3653 0.3974
Original + Augmented CAMeLBERT 0.3759 0.3728
Original + Augmented AraBERT-base v02 0.3816 0.3925
Original + Augmented AraBERT-large v02 0.3780 0.3858

Ensemble (Original + Augmented)
CAMeLBERT + AraBERT-base v02
+ AraBERT-large v02

0.4048 0.4052

across all models. Table 2 shows that CAMeL-
BERT, AraBERT-base v02, and AraBERT-large
v02, when trained on the augmented dataset,
achieved macro F1 scores of 0.3759, 0.3816, and
0.3780 on the public validation set, respectively.
This corresponds to relative improvements of 0.6–
1.3 points over their counterparts trained on the
original dataset. On the private validation set, aug-
mentation improved performance for AraBERT-
base v02, increasing macro F1 from 0.3836 to
0.3925. This corresponds to modest improvements
of 0.6–1.3 Macro-F1 points per model, indicating
quantifiable gains for minority classes.

5.3 Ensemble Performance

To further improve performance, we employed
a majority voting ensemble comprising CAMeL-
BERT and AraBERT-base v02 and AraBERT-large
v02, each of which was fine-tuned on the original
and the augmented dataset as well. From Table 2,
the majority voting ensemble achieved a macro F1
of 0.4048 and 0.4052 on the public and private val-
idation sets, respectively, slightly higher than the
best individual model. This suggests the ensem-
ble provides small but consistent gains, particularly
for minority classes, as reflected in the Macro-F1
scores.

6 Conclusion

In this work, we addressed Arabic medical text
classification under extreme class imbalance. We
demonstrated that careful preprocessing, coupled
with targeted data augmentation and a class-
weighted focal loss, can modestly improve model
performance, particularly when combined with en-
sembling of multiple transformer models. We cap-
tured complementary semantic representations by

fine-tuning several transformer-based models in-
cluding CAMeLBERT and various AraBERT vari-
ants. Finally, a majority-voting ensemble of the
top-performing models further enhanced robust-
ness and achieved the highest macro F1 scores on
both public and private validation sets. Our results
highlight the effectiveness of combining augmen-
tation, class imbalance handling, and ensembling
for improving performance on challenging, highly
imbalanced medical text datasets.

7 Limitations

Our studies were limited by the availability of
GPUs, which influenced the extent of fine-tuning
and unfreezing of the model’s parameters. For
example, while fine-tuning AraBERT-large v02,
only the last 18 layers of the model were unfrozen,
which corresponds to approximately 60% of the to-
tal parameters due to memory constraints. Further,
the time taken for both training and evaluation in-
fluenced the level of data augmentation that could
be carried out. Although there were classes with
up to 600 instances, the number of samples for
the minority classes was increased from the orig-
inal number to 150 to reduce the influence of the
imbalance on the model’s performance and limit
the time taken for the model to train and evalu-
ate. This implies that the models may not perform
well on the rare and highly imbalanced classes and
that future studies may consider more extensive
data augmentation and model scaling to improve
the model’s performance on the minority classes.
We note that our experiments do not include a full
component-level ablation; therefore, the reported
gains should be interpreted as the combined effect
of augmentation, focal loss, and ensembling rather
than isolated contributions.
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