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Abstract class imbalance and fine-grained category distinc-

We present AbjadMed, a shared task on Ara-
bic medical text classification organised as
part of the 2nd AbjadNLP workshop at EACL
2026. The task targets supervised multi-class
classification under realistic conditions of se-
vere class imbalance, fine-grained category
structure, and naturally occurring label noise.
Participants assign each Arabic medical ques-
tion—answer instance to one of 82 predefined
categories derived from real healthcare con-
sultations. The dataset is based on the Ara-
bic Healthcare Dataset (AHD) and is released
as curated training and test splits containing
27,951 and 18,634 instances respectively, while
preserving the original label distribution. Sys-
tems are evaluated using macro-averaged F1 to
emphasise performance on minority medical
topics. Results show that Arabic medical text
classification remains challenging even with
modern pretrained models, particularly for low-
frequency and semantically overlapping cat-
egories. AbjadMed provides a reproducible
benchmark for studying robustness and gener-
alisation in Arabic healthcare NLP.

1 Introduction

Several efforts have sought to address data scarcity
in Arabic healthcare NLP by releasing domain-
specific datasets. Notably, the Arabic Healthcare
Dataset (AHD) provides a large-scale collection
of health-related question—answer pairs across a
wide range of medical categories, offering a valu-
able foundation for classification and generation
tasks (Al-Majmar et al., 2024). Complementary
datasets have focused on narrower settings, such
as disease-oriented classification or medical ques-
tion answering, demonstrating the feasibility of su-
pervised learning in the medical domain but often
under controlled or relatively balanced conditions
(Hammoud et al., 2021). While these resources
have enabled methodological progress, they have
also highlighted persistent challenges related to

tions.

Recent advances in pretrained Arabic language
models and domain adaptation techniques have
further improved baseline performance on health-
related tasks. Work on Arabic medical ques-
tion answering, including the AraMed dataset
and the AraHealthQA shared task, illustrates how
classification-related subtasks such as intent de-
tection and topic routing underpin more complex
healthcare NLP pipelines (Alasmari et al., 2024;
Alhuzali et al., 2025). At the same time, studies on
Arabic health text classification report that strong
performance on dominant categories does not nec-
essarily translate into robustness across underrep-
resented medical topics, particularly in realistic
clinical or consumer-health settings (Al-Fuqaha’a
et al., 2024).

Despite this progress, the lack of shared bench-
marks that explicitly prioritise realistic data charac-
teristics has limited systematic comparison across
approaches. In particular, few evaluation settings
address the combined effects of severe class im-
balance, semantically overlapping labels, and natu-
rally occurring annotation noise, all of which are
common in real-world healthcare data. As a re-
sult, reported improvements often reflect dataset-
specific optimisation rather than generalisable ad-
vances in Arabic medical NLP.

To address this gap, we introduce AbjadMed, a
shared task on Arabic medical text classification
organised as part of the 2nd AbjadNLP workshop
co-located with EACL 2026 (El-Haj, 2025, 2026).
The task focuses on multi-class classification of
Arabic medical question—answer text into 82 prede-
fined categories. The dataset is intentionally chal-
lenging: category frequencies are highly skewed,
and the label space includes closely related or over-
lapping medical topics derived from naturally oc-
curring annotation practices. Systems are evalu-
ated using macro-averaged F1 to ensure that perfor-
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mance on minority categories contributes equally
to the final score. Beyond leaderboard ranking, Ab-
jadMed aims to provide a common empirical basis
for analysing modelling strategies under realistic
constraints and for identifying persistent failure
modes in Arabic medical text classification.

2 Related Work

Research on Arabic medical and healthcare NLP
has expanded in recent years, driven by increased
availability of domain-specific datasets and the
adoption of pretrained transformer models. Never-
theless, compared to English, Arabic medical text
classification remains underexplored, particularly
under realistic conditions involving label imbalance
and fine-grained category structures. Corpus-based
studies of biomedical language further highlight the
difficulty of identifying salient and characteristic
patterns in heterogeneous medical text, especially
when categories are closely related or unevenly
distributed (Prentice et al., 2021).

Early work on Arabic text classification estab-
lished foundational methods using classical ma-
chine learning and lexical features (Al-Harbi et al.,
2008). While effective for general-domain categori-
sation, such approaches were limited in their ability
to handle domain-specific terminology and long,
heterogeneous texts common in medical settings.
Subsequent studies introduced specialised datasets
for Arabic disease and symptom classification, of-
ten framing the task as multi-class or multi-label
prediction (Hammoud et al., 2021). These efforts
demonstrated the feasibility of supervised medi-
cal classification but were typically restricted to
smaller label sets of typically less than 20 cate-
gories and curated distributions.

More recent work has focused on healthcare-
oriented Arabic question answering, which is
closely related to classification through intent de-
tection and topic routing. For example, the AraMed
dataset introduced a large-scale Arabic medical QA
resource built from consumer health questions, en-
abling systematic evaluation of pretrained Arabic
transformer models in the medical domain (Alas-
mari et al., 2024). Building on this direction, the
AraHealthQA 2025 shared task had provided the
first standardised evaluation framework for Arabic
healthcare question answering, comprising mul-
tiple tracks that assess both retrieval-based and
reasoning-based capabilities of modern language
models (Alhuzali et al., 2025). System description

papers from AraHealthQA highlighted the central
role of classification-related subtasks, including
multiple-choice selection and medical intent recog-
nition, as prerequisites for effective QA pipelines.

Parallel to QA-focused research, several stud-
ies have addressed Arabic health text analysis and
classification more directly. Al-Fugaha’a et al. (Al-
Fuqaha’a et al., 2024) propose a robust multi-class
classification approach for Arabic clinical text, ex-
plicitly discussing challenges related to dialectal
variation and domain ambiguity. Related work
has also examined semantic profiling and entity-
centric analysis of biomedical text, demonstrating
how structured medical knowledge representations
can support large-scale analysis across medical do-
mains (El-Haj et al., 2018; Lal et al., 2025). These
findings reinforce the importance of evaluation set-
tings that account for semantic overlap and uneven
category distributions.

From a broader perspective, systematic reviews
of Arabic text classification research confirm that
healthcare remains one of the most challenging
application domains due to sparse annotated data,
terminology variation, and severe class imbalance
(Wahdan et al., 2024). Complementary studies on
Arabic health communication further show that lin-
guistic complexity and stylistic variation in patient-
facing materials can affect downstream process-
ing and categorisation (Malik et al., 2019). These
surveys consistently identify the lack of large,
openly evaluated benchmarks as a limiting factor
for progress.

The AbjadMed shared task we introduce in this
paper is positioned within this landscape as a super-
vised Arabic medical text classification benchmark
that emphasises realistic data characteristics, given
the importance of classification and open-source
benchmarks. Unlike prior work that focuses pri-
marily on question answering or coarse-grained dis-
ease categorisation, AbjadMed targets fine-grained
category prediction across a large label space, us-
ing macro-averaged evaluation to prioritise perfor-
mance on underrepresented medical topics. In do-
ing so, it complements existing Arabic healthcare
QA initiatives by isolating and rigorously evaluat-
ing a core classification capability that underpins
triage, routing, and decision-support systems.

507



3 Task Description

3.1 Task Definition

The AbjadMed task is formulated as a single-label,
multi-class classification problem. Given an in-
put text instance drawn from the medical domain,
the system must assign exactly one label from a
fixed set of 82 categories. Each instance consists
of a question—answer pair written in Arabic and
provided as a single textual input.

Let z; € X denote an input text and y; €
{0, ..., 81} its corresponding gold label. The ob-
jective is to learn a function f : X — {0,...,81}
such that §; = f(z;) approximates y; as accurately
as possible under the evaluation metric defined be-
low.

3.2 Dataset Structure

The released dataset follows a tabular format with
three fields:

* text, containing the Arabic medical ques-
tion—answer text;

* category, providing the English name of the
medical category;

* label, an integer identifier corresponding to
the target class.

Category names were originally defined in Ara-
bic and subsequently translated into English using
a large language model to support inspection and
analysis. The prediction target is the integer label
field; the category field is provided as auxiliary
information only.

Two characteristics of the dataset are particularly
relevant. First, the distribution of instances across
categories is highly skewed, with a small number
of frequent classes and a long tail of sparsely rep-
resented categories. Second, the label set reflects
natural annotation practices and therefore includes
semantically adjacent or partially overlapping cat-
egories. Evaluation is performed strictly with re-
spect to the original labels, without consolidation
or post-hoc smoothing.

3.3 Evaluation Metric

System performance is assessed using macro-
averaged F1 over all 82 categories. For each class c,
an F1 score F'1. is computed in a one-vs-all setting,
and the final score is obtained by averaging across

classes:

L
M Fl1=— F1.. 1
acro D Cz:% c (1)

This metric assigns equal weight to each category,
regardless of frequency, and therefore penalises
systems that perform poorly on minority classes
even if overall accuracy is high.

3.4 Submission Protocol

Participants submit predictions in CSV format with
two columns: Id, identifying the input instance,
and Predicted, containing the predicted integer
label. Submissions must adhere strictly to the pro-
vided format, including preservation of row order
and exclusion of any index column.

4 Dataset

The data used in the AbjadMed shared task are de-
rived from the Arabic Healthcare Dataset (AHD)
introduced by Al-Majmar et al. (Al-Majmar et al.,
2024). AHD is a large-scale Arabic medical ques-
tion—answer corpus collected from the Altibbi med-
ical platform and released in raw form without lin-
guistic pre-processing. The full dataset contains
more than 808,000 question—answer pairs spanning
90 medical categories and represents, to date, one
of the most comprehensive publicly available Ara-
bic healthcare resources.

For the purposes of the shared task, a curated sub-
set of AHD was constructed to enable controlled
evaluation under realistic but tractable conditions.
The subset focuses on supervised medical text clas-
sification and retains the natural properties of the
source data, including class imbalance, heteroge-
neous text length, and semantically overlapping
category labels. No manual relabelling, category
merging, or linguistic normalisation was applied
beyond the selection of instances and categories
described below.

4.1 Data Selection and Scope

The shared-task dataset comprises 46,585 Ara-
bic medical question—answer instances, split into
27,951 training examples and 18,634 test examples.
The subset covers 82 medical categories selected
from the original AHD label space. To avoid ex-
treme data imbalance, we downsampled highly fre-
quent categories to a maximum of 600 examples
per category. 8 rare categories were excluded to
ensure minimal learnability while preserving the
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long-tailed distribution characteristic of real-world
medical data. Table 5 in Appendix A shows the
training set complete categories distribution.

Each instance corresponds to a medical consulta-
tion consisting of a user question and a professional
response, concatenated and provided as a single
text field. Category labels were inherited directly
from the source platform. While category names
were originally provided in Arabic, they were trans-
lated into English using a large language model to
support modelling and interpretation; participants
were required to predict the corresponding integer
label.

Table 1 summarises the main statistics of the
dataset used in the shared task.

Statistic Train Test
Number of question-answer pairs 27,951 18,634
Average words per question-answer pair 59.00 58.28
Minimum words per question-answer pair 8 9
Maximum words per question-answer pair 2,223 1,886
Number of labels 82 -

Table 1: Summary statistics for the training and test
datasets used in the AbjadMed shared task.

4.2 Text Characteristics

The dataset exhibits substantial variation in text
length. While the average instance contains approx-
imately 59 words, the maximum length exceeds
2,000 words in the training set, reflecting detailed
medical explanations and follow-up advice. This
wide length distribution poses challenges for stan-
dard transformer-based architectures and motivates
exploration of truncation strategies, long-context
modelling, and hierarchical representations.

The text is primarily written in Modern Standard
Arabic, with occasional dialectal expressions,
numerals, medical abbreviations, and non-Arabic
symbols, consistent with the properties reported
for the full AHD corpus (Al-Majmar et al., 2024).
Diacritics are rare, and no spelling normalisation or
token-level cleaning was performed. An example
from the train split of the dataset is given below,
with Arabic text transliterated for readability:
text
al sual
as salam alaykum ana musab bi faqr al dam al
manjali al siklsil ilman bi anna nisbat al siklsil 72
fa indama tusbih nisbat al dam 7 fa inna al alam
tati bi kathrah fa ma al hall li ziyadat nisbat al dam
wa ma al hall 1i ilaj

al jawab

al hall bi al ibtiad an al radrad al nafsiyyah
wa taqwiyat al manaah wa tanawul himyah
ghidhaiyyah mutawazinah ghaniyyah bi al hadid
wa inda huduth nawabat alam sababha wa nuqs
hadd bi al khidab al damawi la yujad illa tawid al
dam al nagqis bi naql al dam

category

Hematological diseases

label

33

English translation generated by GPT-5 (men-
tioned here for reference purposes only, not a
part of the actual dataset)

Question

Peace be upon you. I have sickle cell anaemia,
knowing that my sickle cell percentage is 72%.
When my hemoglobin level drops to 7, the pain
becomes very frequent. What is the solution to
increase my blood level, and what is the treatment?
Answer

The solution is to avoid psychological stress,
strengthen the immune system, and follow a
balanced diet rich in iron. When pain crises occur
due to a severe deficiency in hemoglobin, there is
no option other than compensating for the missing
blood by blood transfusion.

4.3 Label Distribution and Noise

As in the original AHD dataset, category frequen-
cies in the AbjadMed subset are highly imbalanced.
A small number of high-level medical topics ac-
count for a large proportion of instances, while
many specialised categories are represented by rel-
atively few examples. In addition, the category
system reflects organically evolved labels from the
source platform, resulting in semantically overlap-
ping or closely related categories (e.g., multiple
dental or reproductive health topics).

Evaluation strictly follows the original labels,
and no soft matching or label equivalence is as-
sumed. This design choice intentionally exposes
systems to realistic annotation noise and bound-
ary ambiguity, encouraging robustness rather than
optimisation for artificially clean label sets.

4.4 Train-Test Split and Evaluation Use

The training split includes both text and labels and
was released to participants for model development.
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The test split contains only text and instance iden-
tifiers, with labels withheld and used exclusively
for evaluation on the competition platform. Leader-
board scores are computed using macro-averaged
F1 over all 82 categories, assigning equal weight
to each class and penalising models that ignore
low-frequency labels.

By retaining the natural imbalance, label overlap,
and length variability of Arabic medical consulta-
tions, the AbjadMed dataset provides a challenging
and ecologically valid benchmark for Arabic medi-
cal text classification.

5 Results

This section summarises the performance of sub-
mitted systems on the AbjadMed shared task, based
on the official Kaggle leaderboards. Evaluation
was conducted using macro-averaged F1 over 82
classes, computed on a hidden test set that was split
internally by the platform into public and private
partitions.

5.1 Participation Overview

The shared task attracted strong engagement from
the community. In total, 61 individuals registered
for the competition, forming 40 teams and submit-
ting 334 runs over the evaluation period. This level
of participation reflects sustained interest in Arabic
medical NLP and highlights the relevance of classi-
fication tasks that combine domain specificity with
realistic data challenges such as class imbalance
and label noise.

5.2 Leaderboard Results

Tables 2 and 3 report the top-performing systems
on the private and public leaderboards, respectively.
Final rankings are determined solely by the pri-
vate leaderboard, which is computed over approx-
imately half of the hidden test set and remains
inaccessible to participants during the competi-
tion. Given that the public and private leaderboard
datasets each have roughly 50% of the 18,634 non-
training examples, we expect an uncertainty of

L_ — (0(0.01) in the reported model per-

™~ Vo317
formances.

5.3 Performance Trends

Overall performance levels indicate that Arabic
medical text classification at fine-grained category
resolution remains a challenging problem. Even the
best-performing system achieves a macro-F1 below

Rank Team Macro-F1
1 FAH 0.6732
2 Gleb Shanshin 0.5139
3  HCMUS_PrompterXPrompter  0.4902
4 HCMUS_FanALong 0.4862
5 boy Magic 0.4611
6 REGLAT 0.4606
7 Dbaellouf 0.4398
8  Yuchen Liu 0.4341
9 MedArabs 0.4219

10 DerivedByData 0.4192

Table 2: Top systems on the private leaderboard, ranked
by macro-averaged F1.

Rank Team Macro-F1
1 FAH 0.7422
2 Gleb Shanshin 0.5071
3 HCMUS_FanALong 0.4619
4 REGLAT 0.4615
5 HCMUS_PrompterXPrompter  0.4570
6 boy Magic 0.4475
7 Yuchen Liu 0.4245
8 baellouf 0.4144
9 KvochurHegel 0.4087

10 MedArabs 0.4068

Table 3: Top systems on the public leaderboard, based
on a visible subset of the test data.

0.70 on the private leaderboard, with a noticeable
performance drop compared to public leaderboard
scores. This gap suggests some degree of overfit-
ting to the public split or sensitivity to topic distri-
bution shifts between the two partitions.

The spread of macro-F1 scores across teams is
relatively narrow beyond the top-ranked system,
with many submissions clustering between 0.35
and 0.50. This pattern reflects the difficulty of
achieving consistent gains across all 82 categories,
particularly for minority and overlapping classes.
Table 2 and Table 3 describe the scores for the
top-performing teams on the private and public
leaderboards respectively.

5.4 Discussion and Limitations

Several factors likely contribute to the observed
performance ceiling. These include severe class
imbalance, semantic overlap between categories,
and substantial variation in input length. Together,
these factors make consistent performance across
all classes difficult and highlight the need for fur-
ther research on robust modelling strategies for
Arabic medical text.
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The base models finetuned by participants in-
cluded CamelBERT (Inoue et al., 2021), MAR-
BERT (Abdul-Mageed et al., 2021), ARBERT
(Abdul-Mageed et al., 2021), AraBERT (Antoun
etal., 2020) and Qwen3-8B (Yang et al., 2025). We
also observed a range of techniques in the submis-
sions, including class weights, QLoRA, attention
pooling, kNN-based retrieval, LDAM loss, adver-
sarial training, back-translation, focal loss, mean
pooling, and custom multi-layer perceptron clas-
sification heads. We further describe the methods
used by some of the participating teams below, and
summarize them in Table 4.

F.A.H. utlilized data augmentation and trained
an XGBoost model with sample weighting, by
using embeddings generated from the AraBERT
model as its feature vector.

ArabicMedicalBERT-QA-82 (Shanshin, 2026)
fine-tuned an AraBERT-based medical classifier
with strong class reweighting and extensive data
augmentation, using 10-fold ensembling to stabi-
lize performance under extreme label imbalance.
Their approach leveraged a domain-specific pre-
trained backbone that already encoded the 82-class
structure.

baellouf (Khallouf, 2026) employed Qwen3-
8B fine-tuned with all-linear QLoRA, combining
large-scale instruction tuning with a Dice+CE hy-
brid loss and heavy data augmentation via machine-
translated medical QA data, substantially expand-
ing the training corpus. This brought LLM-scale
capacity to the Arabic medical classification set-
ting.

GATech (Khamis, 2026) evaluated a wide range
of encoder models and selected AraBERT as the
most robust backbone, enhancing it with mean-
plus-attention pooling and multisample dropout.
Although LL.M-based reranking was explored, a
pure encoder-based AraBERT system achieved the
strongest results.

HCMUS_PrompterXPrompter (Dao Sy et al.,
2026) proposed a hybrid classification—-retrieval
framework aimed at taming the long tail in Arabic
medical text, combining prompting and retrieval
strategies to improve coverage of rare classes. The
system focused on integrating semantic search with
supervised classification.

KvochurHegel (Le, 2026) combined LDAM
loss with adversarial training to explicitly address
class imbalance in Arabic medical QA classifica-
tion. The approach targeted margin-aware opti-
mization to improve minority-class separation un-

der extreme skew.

MedArabs (Singh, 2026) explored data- and
algorithm-level fusion, combining multiple mod-
els and augmentation strategies to improve robust-
ness under imbalance. Their system emphasized
ensemble-style integration across representations
and training regimes.

MetaSwarm (Jaisy, 2026) introduced a class-
balanced discovery and optimization pipeline tai-
lored to medical diglossia in Abjad scripts. The
method focused on forensic data handling and
imbalance-aware optimization for fine-grained Ara-
bic medical categories.

Olga Snissarenko (Snissarenko, 2026) fine-
tuned AraBERT with mean pooling instead of
the CLS token, using dynamically balanced class
weights and early stopping. The system achieved
strong macro-F1 through careful regularization and
imbalance-aware training.

REGLAT (Fetouh et al., 2026) adopted a hierarchi-
cal architecture in which a fine-tuned Arabic BERT
produces embeddings consumed by a KNN clas-
sifier, with a specialist MLP correcting rare-class
predictions. This hybrid BERT-KNN-MLP design
explicitly targets minority labels through selective
augmentation and hierarchical correction.

REIGNITE (Rifat and Dewan, 2026) com-
bined aggressive minority-class augmentation with
imbalance-aware fine-tuning and model ensem-
bling. Predictions from CAMeLBERT and mul-
tiple AraBERT variants were merged via majority
voting under a class-weighted focal loss.

Supachoke (Nguyen et al., 2026) fine-tuned
AraBERT with Arabic-specific normalization and
weighted cross-entropy, using mixed-precision
training and early stopping for stability. The sys-
tem emphasized clean preprocessing and efficient
transformer optimization.

Sujith Kanakkassery (Kanakkassery, 2026)
fine-tuned MARBERT with a custom MLP classifi-
cation head on top of the CLS representation, using
class-weighted loss and label smoothing. Care-
ful training control and preprocessing improved
minority-class performance under severe imbal-
ance.

Tashkees-AI (Eldin, 2026) implemented a flat
MARBERTV2-based classifier, finding it superior
to hierarchical and RAG-based alternatives due to
error propagation in multi-stage setups. Strong
preprocessing and weighted loss were central to
handling the 82-way imbalance.
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Team Name Description of the team’s best performing model

FAH. XGBoost model using AraBERT as a frozen feature extractor
ArabicMedical BERT-QA-82 AraBERT fine-tuning with class weights (10-fold)
baellouf Qwen3-8B with QLoRA (all-linear)
GATech AraBERT encoder with attention pooling
HCMUS_PrompterXPrompter Hybrid AraBERT + kNN retrieval system
KvochurHegel ARBERTV2 with LDAM loss and adversarial training
MedArabs AraBERT with back-translation and class-balanced loss
MetaSwarm CAMeLBERT with class-balanced focal loss
AraBERT with mean pooling
Hierarchical BERT + KNN + MLP
Ensemble of Arabic BERTSs with focal loss
AraBERT fine-tuning with weighted loss
MARBERT with custom MLP head
MARBERTV?2 flat classifier

Olga Snissarenko
REGLAT
REIGNITE
Supachoke

Sujith Kanakkassery
Tashkees-Al

Table 4: Summary of the methods used by a selection
of teams in this shared task.
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A Appendix

ID Category # | ID Category #
0 Addiction 600 | 41 Internal medicine diseases 600
1 Allergy 333 | 42 Jaw and dental surgery 411
2 Alternative medicine 232 | 43 Laboratory 134
3 Anatomy 37 | 44 Medical services 46
4 Anesthesiology 34 | 45 Medicinal herbs 241
5 Benign and malignant tumors 600 | 46 Men’s health 600
6 Biochemistry 7 | 47 Mental health 600
7 Biology 29 | 48 Microbiology 29
8 Cardiothoracic surgery 345 | 49 Musculoskeletal and joint diseases 600
9 Cardiovascular diseases 600 | 50 Neurological diseases 600

10 Chemistry 11 | 51 Neurosurgery 356

11 Child health 600 | 52 Nutrition 600

12 Congenital malformations 13 | 53 Optometry 49

13 Dental diseases 600 | 54 Oral diseases 600

14 Dental health 600 | 55 Orthopedic surgery 600

15 Dentistry 600 | 56 Pathology 34

16  Dermatological diseases 600 | 57 Pediatric diseases 600

17 Diabetes 600 | 58 Pediatric surgery 10

18 Diagnosis 154 | 59 Pharmacology 600

19 Ear, nose, and throat (ENT) 600 | 60 Physiology 20

20  Embryology 40 | 61 Physiotherapy 251

21 Endocrine diseases 600 | 62 Plastic surgery 600

22 Eye diseases 600 | 63 Pregnancy and childbirth 600

23 First aid 41 | 64 Preventive medicine 20

24 Gastrointestinal diseases 600 | 65 Psychiatric diseases 600

25 General medicine 600 | 66 Psychology 229

26  General surgery 600 | 67 Public health 600

27  Genetic diseases 100 | 68 Radiology 50

28  Genetics 26 | 69 Ramadan 8

29  Geriatric health 10 | 70 Respiratory diseases 600

30 Gynecologic surgery 156 | 71 Rheumatic diseases 20

31 Gynecological diseases 600 | 72 Sexual health 600

32 Health and sports 600 | 73 Sexually transmitted diseases 600

33 Hematological diseases 600 | 74 Skin and beauty 600

34 History of medicine 11 | 75 Toxicology 33

35 Hormones 144 | 76 Urogenital diseases 600

36 Hypertension 600 | 77 Urological surgery 235

37 Immunology 55 | 78 Vaccines and immunizations 19

38 In vitro fertilization (IVF) 7 | 79 Vascular surgery 7

39 Infectious diseases 242 | 80 Vitamins and minerals 90

40 Infertility 232 | 81 Women'’s health 600

Table 5: Label-category mapping and number of training instances per category
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