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ABSTRACT

Accurate classification of medical notes and texts is a critical task for improving biomedical information
retrieval and decision support systems. In this study, we propose a hybrid deep learning model combining
BioMedBERT with Cross-Attention and BiLSTM, aimed at enhancing the classification performance of
disease-related abstracts across five categories. The proposed model was evaluated using a dataset
comprising 14k annotated samples derived from scientific medical literature. The proposed architecture
achieves a macro F1-score of 63.82, outperforming traditional methods such as sentence embedding models
(SimCSE, SBERT), zero-shot entailment approaches, and BioBERT variants integrated with MLP
classifiers. Findings show that while the model effectively distinguishes between categories such as neoplasms
and cardiovascular diseases, challenges persist in classifying abstracts with overlapping semantics,
particularly general pathological conditions. This research demonstrates the efficacy of combining domain-
specific language models with sequence and attention mechanisms, proposing a viable method for scalable
and interpretable biomedical text classification.

Keywords-BioMedBERT; domain-adaptive fine-tuning; machine learning; medical text classification; Natural

Language Processing; text classification models

I.  INTRODUCTION

The exponential growth of biomedical literature presents
significant challenges for clinicians and researchers in
efficiently accessing relevant information. Automated
classification of medical abstracts into disease-specific
categories has become essential for streamlining literature
retrieval, supporting clinical decision-making, and improving
biomedical knowledge management systems [1]. Traditional
Machine Learning (ML), such as SVMs and Naive Bayes, often
fall short in capturing the complex semantics and contextual
subtleties of medical texts. While Deep Learning (DL) models
like CNNs and LSTM have offered improvements, they still
struggle to model long-range dependencies and detailed
contextual relationships [2]. Models built on Transformer
architecture, especially BERT and its domain-specific variants
like BioBERT, ClinicalBERT, and PubMedBERT, have
significantly advanced Natural Language Processing (NLP) in
the biomedical domain. However, challenges persist in multi-

class classification of abstracts, especially when disease
categories exhibit overlapping semantic features [3]. Recent
advancements in biomedical NLP have increasingly emphasized
the importance of domain-adaptive fine-tuning for improving
task-specific performance [4]. While general-purpose models
such as SimCSE and SBERT provide efficient sentence
embeddings, they often underperform in domain-specific, multi-
class classification tasks due to their lack of targeted fine-tuning
[5, 6]. To address this, models like BioBERT and BioALBERT
have been developed using large biomedical corpora,
demonstrating notable improvements in tasks such as Named
Entity Recognition (NER) and medical text categorization [7].
Further studies have proposed strategies like pretraining from
scratch on domain-specific corpora, outperforming generic
model adaptation approaches [8]. ClinicalBERT has shown
effectiveness when fine-tuned on clinical notes, reinforcing the
value of task-specific tuning [9]. More sophisticated techniques
such as multi-step transfer learning [10] have also been explored
to incrementally adapt models to different biomedical tasks.
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Additionally, the integration of external knowledge sources,
such as knowledge graphs with BERT-based models, has been
shown to enrich semantic understanding and further enhance
classification performance [11]. These collective -efforts
underscore the trend toward leveraging domain-specific
resources and architectures to improve the adaptability and
efficacy of biomedical NLP systems.

The primary contributions of the proposed work are:

e Novel Hybrid Architecture: A new model, combining
BioMedBERT, Cross-Attention, and BiLSTM, to capture
both contextual and sequential features with improved
interpretability is proposed.

e High Classification Accuracy: A macro F1-score of 63.82 is
achieved, outperforming advanced baselines, such as
SimCSE, SBERT, and zero-shot models.

e Robust in Complex Categories: Difficult medical categories
(e.g., neoplasms, cardiovascular) are effectively classified,
despite challenges with overlapping semantic classes.

e Customized Biomedical Corpus: Enhanced domain
adaptation using a hybrid dataset of public biomedical
literature and local Indonesian clinical texts.

e Validated Cross-Attention: An ablation study confirmed that
Cross-Attention yields better and more stable performance
than other attention mechanisms.

e Real-World Evaluation: The proposed model was tested on
an imbalanced dataset of 14k+ clinical abstracts to prove its
robustness.

e Scalability and Future Directions: Computational and
generalization challenges are identified along with the
proposed future work involving hierarchical labeling, data
augmentation, and explainability.

II. METHODOLOGY

The proposed framework leverages a multimodal
architecture that integrates BioMedBERT, cross-attention, and
BILSTM to improve the classification of medical-related
abstracts. The overall architecture of the proposed methodology
is illustrated in Figure 1, which depicts the step-by-step process:
It begins with data acquisition, collecting medical abstracts from
publicly available datasets. After that, data preparation, text
cleaning, tokenization, and normalization take place. The next
steps involve BioMedBERT pre-training, input tokenization,
embeddings generation, and contextual representation learning
via Transformer Encoders with cross-attention. The next step is
fine-tuning BioMedBERT, applying the model on the medical
dataset, and incorporating cross-attention, BiLSTM for
sequential dependency modeling, and a classification layer. The
final stage is performance evaluation considering accuracy,
precision, recall, and Fl-score. The model's performance is

evaluated against existing methods, including
SimCSE+RoBERTa  Large, SBERT(all-MiniLM-L6-v2),
Lbl2Vec, Lbl2TransformerVec (SimCSE), Zero-shot
Entailment  (DistilBERT), (BART-large), (DeBERTa),

BioMedBERT + Linear, BioMedBERT + MLP.

A. Data Acquisition

The public dataset used in this study was obtained from [12].
The dataset contains 14k medical abstracts categorized into five
types of diseases: neoplasms (NP), digestive system diseases
(DSD), nervous system diseases (NSD), cardiovascular diseases
(CD), and general pathological conditions (GPC). Each abstract
is labelled with a "condition name," and the dataset was
partitioned into separate training and testing subsets to facilitate
model evaluation. To enhance domain adaptation, an additional
biomedical corpus was constructed by combining public
biomedical texts from the PubMed Central Open Access (PMC-
OA) repository with anonymized clinical symptom descriptions
from an Indonesian hospital. This combined dataset, after
preprocessing and cleaning, resulted in approximately 50
million sentences and reflects both global and localized medical
language variations.

B. Preprocessing

Text preprocessing is essential in preparing data for domain-
adaptive fine-tuning, particularly for models like BloMedBERT
in medical text classification. Medical texts are often
unstructured and noisy, requiring cleaning to remove irrelevant
characters (e.g., symbols, punctuation) that could obscure
meaningful patterns. Key steps include:

e Tokenization: Splitting text into tokens (words/subwords)
using BioMedBERT’s WordPiece tokenizer to preserve
biomedical terminology and ensure compatibility with the
model input [13].

e Normalization: Making text consistent by converting to
lowercase and standardizing terms (e.g., replacing "HTN"
with "hypertension") to reduce variation and ambiguity.
These steps improve data quality, enabling the model to learn
more effectively from the input [14].

C. Pre-Training BioMedBERT

BioMedBERT represents a specialized variant of the BERT
architecture, refined through fine-tuning on extensive
biomedical text corpora to effectively manage the complex
nature of medical language and terminology [15]. As a
transformer-based model, it uses attention mechanisms to
capture contextual relationships, making it suitable for
applications such as medical text classification [16]. Its
specialized training allows for more accurate interpretation of
domain-specific terms (e.g., hypertension, myocardial
infarction), improving performance in clinical NLP applications
[17]. During the training phase, the model simultaneously
minimizes the losses associated with masked language modeling
and next sentence prediction tasks, employing cross-entropy loss
functions to strengthen its ability to capture contextual
relationships within the text [13].

NSP loss = (— 1 i, y.log(®) + (1 — ) log(1 ~ ) (1)

MaskedLM loss = (— T, q().log(q (y))) )
L = NSP loss + MaskedLM loss 3)
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Fig. 1.

D. Attention Mechanism

The attention mechanism enables neural networks to focus
on the most relevant parts of an input sequence, addressing the
limitations of models like RNNs and LSTM in capturing long-
range dependencies [18]. It works by computing a weighted sum
of input representations, where weights are determined by the
similarity between queries and keys [19]. The commonly used
form is the scaled dot-product attention [20]:

ok

Attention(Q, K, V) = softmax (ﬁ) %4 )

where Q (queries), K (keys), and V (values) are linear
transformations of the input and D is the dimension of the key
vectors (used for scaling).

Cross-attention, in particular, enhances model performance
by aligning different input representations, improving contextual
understanding in complex tasks [21]. Algorithm 1 showcases the
followed steps:

Algorithm 1 Cross—-Attention Fusion

Require: Context vectors ci, REXD
Ensure: Fused output € REBE*P
g < Unsqueeze(cl)
k « Unsqueeze (c2)
v « Unsqueeze (c2)
ok

Score —
VD

o « softmax(score)

attended « a -+ v

attended « Squeeze (attended
fused « LayerNorm(attended+cl)
return fused

c2 €

O 0 J o U1 w N

6ep 4 : Fine-tuning BioMedBERN

Input Text
(Biomedical Sentence or Document)

( Step 5 : Performance

BILSTM Layer

—

Task-Specific Output Layer
- Softmax for classification
- CRF for sequence tagging (NER)

The proposed framework uses a multimodal approach to improve text classification.

E. Fine-Tuning BioMedBERT

Fine-tuning serves as a transfer learning approach wherein a
pre-trained model, such as BioMedBERT, is further trained on a
smaller, task-specific labeled dataset. This additional training
adjusts the model’s internal parameters and classification layer,
enhancing its capacity to recognize and interpret domain-
specific linguistic patterns and specialized medical terminology.
Success depends on the quality of the labeled data, which should
represent the target classification categories (e.g., diagnosis,
treatment) [22]. Fine-tuning enables the model to make accurate
predictions by aligning its general language understanding with
the specific needs of the classification task [23].

F. Performance Evaluation

To ensure accuracy and generalizability, medical text
categorization models must be evaluated on a separate validation
set. Metrics like as accuracy, precision, recall, and especially F1-
score provide a comprehensive view of performance [24]. The
F1-score, defined as the harmonic mean of precision and recall,
is especially well-suited for addressing class imbalance as it
provides a balanced evaluation of both false positive and false
negative rates [25].

All experiments were conducted with the following
hyperparameters: Learning Rate = 1e-4, Batch size = 64, Input
dimension = 768, Optimizer = Adam, Weight decay = le-4,
Scheduler = Cosine Annealing, Epochs = 25, with the following
machine specifications: GPU: RTX 4090, OS: Ubuntu 22.04
LTS, RAM: 32GB, Processor: 12th Gen Intel(R) Core(TM) i7-
12700K.

III. RESULTS AND DISCUSSION

The main objective of this study is to categorize medical
abstracts into five groups that correspond to various patient
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conditions. The analysis reveals that general pathological
conditions are the most common, comprising 4.805 records or
33.28% of the data. Neoplasms follow at 21.9%, then
cardiovascular diseases at 21.13%. Nervous system diseases
make up 13.33%, and digestive system diseases account for the
smallest share at 10.34%.

We conducted seven experimental scenarios combining
CNN and LSTM with varying configurations as displayed in
Table 1. Scenarios 1-3 used only BiLSTM layers with 32, 64,
and 128 units, respectively. Scenarios 4-7 integrated CNN
layers with increasing filter sizes (64 to 512) followed by a
BiLSTM with 128 units. These setups were designed to identify
the optimal architecture for text classification prior to applying
the Cross-Attention mechanism. The proposed hybrid
classification model is expected to perform as well as existing
models. The most effective setup of Scenario 1 uses a pure
LSTM architecture with 32 units and no CNN layer. This model
was tested, and the results are shown in Tables II and III. On
average, the models across all scenarios achieved 59.13%
accuracy. Scenario 1 performed the best with an accuracy of
63.61%, followed by Scenario 2 at 62%, and Scenario 3 at 60%.
The Digestive System Diseases label had the weakest
performance.

TABLE L. EXPERIMENT SCENARIO
Scenario Characteristics of Hybrid Model
1 Pure LSTM (32 unit), no CNN layer
2 Pure LSTM (64 unit), no CNN layer
3 Pure LSTM (128 unit), no CNN layer
4 CNN (64 filters) + LSTM (128 units)
5 CNN (128 filters) + LSTM (128 units)
6 CNN (256 filters) + LSTM (128 units)
7 CNN (512 filters) + LSTM (128 units)
TABLE II. CONFUSION MATRIX PERFORMANCE OF
SCENARIO 1
Scenario 1 Predicted
NP DSD | NSD CD GPC
NP 532 30 19 8 44
= DSD 30 211 3 3 52
2 NSD 30 8 234 25 88
& CD 14 9 19 | 458 | 110
GDC 150 127 104 172 408
TABLE IIL TRAINING PERFORMANCE OF THE PROPOSED
MODEL
Scenario Accuracy Precision Recall F1-Score
(%) (%) (%) (%)
1 63.61 62.38 66.42 63.82
2 62.08 61.09 63.88 62.22
3 60.77 59.46 60.92 59.99
4 59.66 59.02 59.99 59.28
5 56.96 56.88 56.48 56.57
6 56.93 58.35 56.93 56.31
7 53.95 53.24 55.59 54.25

Despite this, the hybrid model demonstrated a strong ability
to understand each class as displayed in Table I1I. It achieved an
average sensitivity of 66%, with the highest performance in
cardiovascular diseases (75%), followed by neoplasms (70.4%),
digestive system diseases (70%), nervous system diseases

(60%), and general pathological conditions (42%). These results
are supported by corresponding precision and F1 scores, which
show similar patterns. This suggests that the Cross-Attention and
BiLSTM model successfully leverages the strengths of both
architectures. These findings prove the Cross-Attention and
BiLSTM model’s value in tackling complex text classification
tasks like those involving medical abstracts.

The classification report shows strong model performance,
particularly for major classes like NP and CD diseases, as
reflected in high Fl-scores and accurate predictions along the
confusion matrix’s performance of scenario 1 shown in the
confusion matrix of Table II. However, the model struggles with
the GPC class due to its broad and ambiguous nature, leading to
frequent misclassifications. For example, abstracts describing
non-specific inflammation contain keywords common to
multiple classes. Future improvements could include label
refinement or hierarchical classification to address this
ambiguity.

To validate performance, the proposed model was compared
with several baseline methods using the same Medical Abstracts
dataset. Results across the experimental scenarios (S1-S7)
confirm that the proposed model outperforms previous
approaches in classification accuracy.

Figure 2 shows the validation loss curves for the
experimental scenarios, where lower values indicate better
generalization. The black curve (scenario_1_exp, Pure LSTM 32
units) performs best, with loss dropping from ~1.5 to below 0.85
and staying low. Scenario 7 (pink, CNN 512 + LSTM 128)
shows severe overfitting after epoch 8, while scenario 6 and
scenario 5 show milder overfitting from epoch 10, scenario 2
stays close to scenario 1, and scenarios 3 and 4 plateau near 0.9
after early gains. CNN-LSTM setups tend to overfit due to high
parameter counts. In contrast, BiomedBERT + Cross-Attention
+ BILSTM converges quickly and stabilizes near 0.88 with
minor oscillations. Overall, simpler recurrent models maintain
low loss, while high-capacity CNN-LSTM hybrids need
stronger regularization.

val_loss
= scenario_7_exp = scenario_6_exp
= scenario_4_exp scenario

3_ex|
f

— scenario_l_exp

Fig. 2. Validation loss curves during model training.
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Table V shows that the proposed BioMedBERT + Cross-
Attention + BiLSTM model achieved the highest performance
with an F1 score of 63.82%, outperforming other configurations
such as BioMedBERT + Linear (58.2%) and BioMedBERT +
MLP (60.7%). This model also outperforms the results of [12],
who also used a dataset of medical abstracts using a zero-shot
entailment approach, which achieved a result of 57.28%. This
study confirms the superiority of integrating domain-adaptive
pre-training with the Cross-Attention mechanism for medical
abstract classification. Furthermore, the domain-specific model
clearly outperformed SimCSE, SBERT, and the zero-shot
approach (F1: 34-46%) . Even advanced zero-shot models such
as DeBERTa and BART-large (F1: 56-57%) were unable to
outperform the proposed approach .

TABLEIV. COMPARATIVE PERFORMANCE METRICS
Label Precision (%) Recall (%) F1-Score (%)
NP 70 84 76

FDF 54 70 61
NSD 61 60 61
CD 68 75 71
GPC 58 42 49
TABLE V. PERFORMANCE COMPARISON
Model F1-Score (%)
SimCSE+RoBERTa Large 34.94
SBERT (all-MiniLM-L6-v2) 46.53
LbI2Vec 43.03
Lbl2TransformerVec (SimCSE) 39.6
Zero-shot Entailment (DistilBERT) 27.74
Zero-shot Entailment (BART-large) 56.86
Zero-shot Entailment (DeBERTa) 57.28
BioMedBERT + Linear 58.2
BioMedBERT + MLP 60.7
BioMedBERT + Cross-Attention + BiLSTM 63.82

A. Ablation Study

To evaluate the role of the attention mechanism, an ablation
study was conducted by replacing the Cross-Attention module
with alternatives GMU, Single Attention, and Stacked Attention
while keeping the base model (BioMedBERT + CNN + LSTM)
unchanged. Each variant was tested using 5-fold cross-
validation, with performance measured by accuracy and F1-
score. The ablation study results shown in Table VI, demonstrate
the superior effectiveness of Cross-Attention.

The boxplots of accuracy, as shown in Figure 3, and F1

highest median values (~64.2% accuracy and ~64.0% F1) with
low variability. This indicates that Cross-Attention not only
performs well in terms of classification accuracy but also
maintains a strong balance between precision and recall, making
it the most reliable and stable choice among the evaluated
models. In comparison, GMU and Attention Layer exhibit lower
performance and higher inconsistency, while Stacked Attention
offers competitive results, but with slightly more fluctuation
across folds.

Accuracy across 5 folds

GMU Stacked

Model

Attention Cross-Attn

Fig. 3. Accuracy boxplot for four models (GMU, Attention, Stacked
Attention, and Cross-Attention).

F1 Score across 5 folds

64.0

o
o
]

63.0

o
1
wn

F1 Score (%)

o
N
o

o
=
]

GMU Stacked

Model

Attention Cross-Attn

Fig. 4. F1 score boxplot across 5 folds for four models (GMU, Attention,
Stacked Attention, and Cross-Attention).

The Cross-Attention mechanism outperformed all
alternative attention variants, achieving the highest average
accuracy and F1-score with the lowest variance. This confirms
its ability to better align abstract features with class
representations, capturing subtle semantic nuances. While GMU
and Stacked Attention showed moderate results, they lacked the
precision and adaptability of Cross-Attention, reinforcing its

score, as in Figure 4, across five folds consistently highlight  valye for domain-specific tasks like medical abstract
Cross-Attention as the best-performing model, achieving the classification [26].
TABLE VL ABLATION STUDY RESULT
No. Model (BioMedBERT+CNN+LSTM) Metric Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std
1. Gated Multimodal Unit (GMU) Acc 63.1 63.41 63.5 62.36 61.6 62.8 + 0.8013
F1 63.2 63.59 63.1 61.5 61.8 62.64 + 0.9264
2. Attention Layer Acc 63.11 64.45 63.2 63.2 61.94 63.18 + 0.8883
F1 63.41 63.73 62.3 63.41 61.9 62.95 + 0.7995
3. Stacked Attention Acc 63.55 64.72 64.11 62.99 62.99 63.67 +0.7475
F1 63.56 63.56 63.21 62.93 62.93 63.20 + 0.3831
4. Cross-Attention Acc 64.20 64.50 64.59 63.03 63.03 64.11 + 0.6273
F1 63.88 64.31 64.07 63.82 62.69 63.75 + 0.6255
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B. Sample of Misclassification and Feature Ambiguity

Figure 5 illustrates the relationship between prediction
confidence and accuracy on the test set. Accuracy remains below
60% for confidence scores under 0.60, after which it increases
steadily, surpassing 80% for confidence above 0.85. The choice
of 0.60 as the low-confidence threshold was empirically derived
by identifying the inflection point in this curve, where accuracy
transitions from consistently low to steadily improving, rather
than being chosen arbitrarily. This approach aligns with
selective classification principles, where predictions below a
calibrated threshold are flagged as uncertain to reduce predictive
risk. In [27], it was shown that abstaining from low-confidence
predictions is particularly beneficial in top-ambiguity cases
where the top two class probabilities are similar. Authors in [28]
demonstrated that softmax probability, despite known
calibration limitations, remains an effective and computationally
efficient method.

Accuracy vs. Confidence

1.0

0.8

Accuracy
=3
>

o
IS

0.2

---- Example threshold 0.60

0.0

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Confidence

Fig. 5. Prediction Confidence distribution.

Prediction Confidence Distribution

200 [ Correct -
[ wrong

175

150

75

50

25

03 0.4 05 0.6 0.7 0.8 0.9
Confidence
Fig. 6. Accuracy vs confidence plot.

Figure 6 presents the confidence distribution for correct
(green) and incorrect (red) predictions. Correct predictions

cluster at higher confidence levels (0.80-0.90), whereas
incorrect predictions are more prevalent in the mid-confidence
range, particularly between 0.45-0.55 and 0.65-0.75. The
overlap between correct and incorrect predictions from 0.55 to
0.75 marks a zone of uncertainty, supporting the use of the 0.60
threshold. A small but notable fraction of high-confidence errors
(>0.85) points to potential label quality issues or systematic
feature overlap; for example, some abstracts labeled as
cardiovascular diseases contain terminology ("ischemic,"
"vascular") that strongly overlaps with general pathological
conditions.

Table VII lists the five most frequent misclassification
patterns after excluding correct classifications. The model most
often confused general pathological conditions with
cardiovascular diseases (7.55% of all errors), followed by
general pathological conditions with neoplasms (4.81%), and
general pathological conditions with nervous system diseases
(4.33%). These frequent confusions align with the notion of
feature ambiguity, where overlapping clinical terminology and
shared symptom descriptions make categories inherently
difficult to distinguish. For instance, abstracts labeled as general
pathological conditions often contain cardiovascular-related
terms such as "ischemic" or "vascular," contributing to cross-
class similarity.

TABLE VII.  MOST FREQUENT MISCLASSIFICATIONS
True Label  Predicted Label | Count |Errors (%)
GPC CD 218 7.55
GPC NP 139 4.81
GPC NSD 125 4.33
NSD GPC 63 2.18
NP GPC 58 2.01
In summary, this analysis reveals that many
misclassifications stem from semantically overlapping

categories and that a significant proportion of errors occur in
low-confidence or small-margin cases. Targeted data cleaning,
expanding the representation of ambiguous class pairs, and
further model calibration could improve both predictive
accuracy and interpretability.

IV. CONCLUSION

This study proposed a medical text classification model that
enhances the BioMedBERT architecture with Cross-Attention
and BiLSTM layers to improve contextual and sequential
representation learning. Evaluated on a multi-class dataset of
over 14k clinical abstracts, the model outperformed several
state-of-the-art baselines, achieving an F1-score of 63.82. The
results highlight the model's effectiveness in distinguishing
disease-specific categories, especially in complex domains like
neoplasms and cardiovascular diseases. Despite these
improvements, challenges remain, particularly in classifying
abstract categories with semantic overlap and imbalanced data,
such as general pathological conditions. Moreover, the use of
complex architectures introduces higher computational demands
and risks of overfitting. The model also inherits the
interpretability limitations common to deep learning approaches.
Future work will focus on improving generalizability and
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transparency through hierarchical labeling, domain-specific data
augmentation, and explainability techniques to enhance the
model’s applicability across broader clinical and biomedical text
classification tasks.
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