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Abstract

Drug–drug interactions are a major source of adverse drug events and represent a
significant challenge for medication safety and clinical decision-making. Although
experimental methods provide reliable evidence for DDI identification, they are
often costly, time-consuming, and unable to keep pace with the rapidly increas-
ing number of approved drugs and potential drug combinations. Recent advances
in machine learning have enabled large-scale computational prediction of DDIs;
however, effectively integrating heterogeneous drug information remains a key
challenge. To address this limitation, we propose HySEAtt-DDI, a multimodal
deep learning framework for DDI prediction that integrates chemical, biological,
and semantic drug information. The proposed framework combines structural
similarity derived from molecular fingerprints, biological similarity obtained from
drug–protein interaction profiles, and semantic similarity extracted from drug
descriptions using BioGPT. These complementary representations are fused into
a unified feature space and compressed through an autoencoder to learn compact
latent representations. A hybrid architecture consisting of convolutional neural
networks (CNNs), Squeeze-and-Excitation blocks, and multi-head self-attention
is then employed to capture local patterns, channel-wise feature importance,
and long-range dependencies associated with drug interactions. In addition,
we construct a curated DrugBank-derived dataset containing 2,148 approved
small-molecule drugs, 2,056 protein targets, and 592,840 drug–drug interaction
instances. Extensive experiments and ablation studies demonstrate the effective-
ness of the proposed framework and highlight the contribution of each modality
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and architectural component. The results show that HySEAtt-DDI consistently
outperforms conventional machine learning methods and competitive deep learn-
ing baselines, demonstrating the value of multimodal representation learning for
DDI prediction. Overall, the proposed framework provides an effective and scal-
able approach for identifying potential drug–drug interactions and supporting
computational pharmacology research.

Keywords: Drug–Drug Interaction Prediction, Multimodal Learning, BioGPT,
Drug–Target Interactions, Squeeze-and-Excitation Networks, Multi-Head
Self-Attention, DrugBank, Computational Pharmacology

1 Introduction

Drug–drug interactions (DDIs) are a major challenge in modern healthcare and can
cause adverse drug events, reduced therapeutic efficacy, increased healthcare costs,
and, in severe cases, patient mortality [1–3]. A DDI occurs when one drug alters the
pharmacological effect of another, potentially resulting in toxicity, treatment failure,
or unexpected clinical outcomes. The risk is particularly high among older adults and
patients with complex chronic conditions, who are frequently exposed to polyphar-
macy, long-term treatment regimens, and care from multiple healthcare providers [4].
As the prevalence of diseases such as cancer, diabetes, and cardiovascular disor-
ders continues to rise, the number of patients receiving concurrent medications has
increased, further elevating the likelihood of clinically significant DDIs.

Although some drug combinations provide synergistic therapeutic benefits, many
interactions compromise patient safety and disease management. Polypharmacy is a
major contributor to adverse drug events and hospitalization among older adults,
emphasizing the need to identify harmful interactions before they occur [5]. Con-
ventional DDI detection relies on in vitro experiments, clinical studies, spontaneous
adverse-event reporting systems, curated pharmacological databases, and rule-based
clinical decision-support systems. While these approaches have improved medication
safety, they are often costly, time-consuming, and limited to previously documented
interactions. Consequently, rare, emerging, and unobserved DDIs may remain unde-
tected [2]. Computational approaches can complement pharmacovigilance systems
by efficiently screening large-scale biomedical and pharmacological data to predict
potential novel interactions and support safer clinical decision-making.

Artificial intelligence (AI) and machine learning (ML) have become increasingly
important in drug discovery and safety assessment, where conventional computa-
tional techniques such as molecular docking, pharmacophore modeling, and molecular
dynamics simulations may be limited by simplified assumptions, restricted experimen-
tal conditions, and imperfect translation to clinical settings [6]. AI-driven methods
can analyze large-scale chemical, biological, structural, and clinical datasets and have
shown potential across the drug development pipeline, including target identifica-
tion, candidate discovery, preclinical assessment, clinical studies, and post-market
surveillance [7, 8].
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Small-molecule drugs are especially relevant to computational DDI prediction
because they are widely used in clinical practice and can be represented effi-
ciently through well-defined chemical structures [9, 10]. Their molecular structures
can be encoded using SMILES strings, enabling computational analysis, simula-
tion, and molecular redesign [11]. Structural properties, including functional groups,
atomic composition, and molecular geometry, influence pharmacokinetic and phar-
macodynamic behavior, such as target binding, metabolism, and interactions with
other compounds [4]. Accordingly, molecular structure has become a fundamental
information source for DDI prediction.

Recent ML approaches have enabled the extraction of predictive patterns from
large-scale molecular datasets and can estimate drug properties such as bioactivity,
toxicity, solubility, target associations, and potential drug interactions [12]. However,
molecular structure alone may not fully characterize the mechanisms underlying DDIs.
Complementary information from drug–protein associations and textual drug descrip-
tions can provide additional insights into drug mechanisms, therapeutic roles, and
interaction patterns. Integrating these heterogeneous sources can therefore produce
richer drug representations and improve the prediction of clinically relevant DDIs.

Despite significant advances in publicly available datasets and the development
of AI and deep learning methods for DDI prediction, several challenges remain.
Existing datasets are often limited in terms of completeness, quality, coverage, and
consistency, which can negatively affect the reliability and generalizability of pre-
dictive models. Furthermore, although recent studies have introduced a variety of
molecular, biological, and semantic features for DDI prediction, there is still a gap
in effectively exploiting multimodal information, particularly through large language
model (LLM)-based representations and their integration with other drug-related
modalities [3].

To address these limitations, this study proposes a novel Hybrid Squeeze-and-
Excitation Attention-based framework for DDI prediction, termed HySEAtt-DDI.
The proposed approach integrates complementary information derived from molecu-
lar structures, drug–protein interactions, and textual drug descriptions to construct
rich multimodal representations of drugs. HySEAtt-DDI combines autoencoder-based
feature compression, convolutional layers for local pattern extraction, squeeze-and-
excitation blocks for channel recalibration, and multi-head self-attention for modeling
global dependencies across drug representations.

In addition, we introduce a new curated DDI dataset derived from DrugBank. The
dataset was collected from validated sources and carefully processed through cleaning,
integration, and quality-control procedures to ensure the inclusion of approved drugs
with reliable information. Specifically, the dataset incorporates multimodal represen-
tations generated from SMILES strings, drug–target interaction profiles, and textual
descriptions, providing a comprehensive basis for DDI prediction tasks.

To evaluate the proposed framework, extensive experiments are conducted using a
set of baseline methods, including conventional ML models, deep learning approaches,
and state-of-the-art graph-based architectures such as 3DGT [13]. Furthermore, an
ablation study is performed to investigate the contribution of each data modality and
architectural component to the overall predictive performance of HySEAtt-DDI.
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Pharmaceutical therapeutics can generally be categorized into small-molecule
drugs and biotechnology-based therapeutics. While interactions involving biologics
and their combinations with small-molecule drugs constitute an active and important
research area [14, 15], the scope of this study is limited to DDI prediction among
small-molecule drugs.

The main contributions of this study are summarized as follows:

• We construct and publicly introduce a curated DrugBank-derived DDI dataset
containing approved small-molecule drugs together with structural, biological, and
semantic representations for reliable multimodal DDI prediction.

• We propose HySEAtt-DDI, a novel attention-based DDI prediction framework that
combines autoencoder-based representation learning, convolutional feature extrac-
tion, Squeeze-and-Excitation blocks, and multi-head self-attention mechanisms.

• Extensive experiments validate the effectiveness of HySEAtt-DDI through compar-
isons with conventional ML, deep learning, and state-of-the-art graph-based DDI
prediction methods.

• We conduct extensive ablation studies to quantify the contribution of individual
data modalities and architectural components within the proposed framework.

The remainder of this paper is organized as follows. Section 2 reviews the related
work on DDI prediction. Section 3 presents the proposed dataset (Section 3.1) and
the HySEAtt-DDI framework (Section 3.2). Section 4 reports the experimental results
and compares the proposed method with competing approaches. Finally, Section 5
concludes the paper and discusses future research directions.

2 Related work

DDI prediction has attracted considerable attention due to its importance in drug
safety and clinical decision-making. Early research in this area primarily focused on
extracting DDIs from biomedical literature. One of the seminal works was conducted
by Segura-Bedmar et al. [16], who introduced a framework for identifying drug enti-
ties and extracting DDIs from biomedical texts. The authors defined a DDI as any
modification in the effect of one drug caused by the presence of another, emphasiz-
ing its significance for patient safety. Since a large number of DDIs are reported in
scientific publications, automated extraction systems can substantially support phar-
macovigilance and clinical decision-making processes. The study was conducted within
the DDIExtraction shared task, which expanded the scope of DDI research beyond
interaction extraction to include both drug named-entity recognition (NER) and DDI
classification. Compared with earlier versions of the challenge, the updated task incor-
porated documents from DrugBank and abstracts from MEDLINE, providing a richer
and more diverse corpus for model development and evaluation.

The advancement of deep learning methods for molecular representation further
accelerated research on DDI prediction. Duvenaud et al. [17] proposed one of the earli-
est graph neural network (GNN)-based approaches for learning molecular fingerprints.
Their objective was to automatically generate vector representations of molecular
structures without relying on handcrafted descriptors. The proposed architecture
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consists of three stages. First, atom-level embeddings are generated using a neural
network. Second, information from all atoms is aggregated to produce a fixed-length
molecular fingerprint. Finally, permutation invariance with respect to atom ordering is
achieved through a summation-based aggregation function. This work demonstrated
the effectiveness of graph-based learning for capturing molecular structure and laid
the foundation for subsequent GNN-based approaches in DDI prediction.

Liu et al. [18] proposed a CNN-based approach for extracting DDIs from biomed-
ical literature. Their study was evaluated on the DDIExtraction 2013 benchmark
dataset [16], which classifies interactions into four positive categories, namely Advice,
Effect, Mechanism, and Interaction, together with a negative class representing the
absence of interaction.

The proposed framework consisted of two main stages: data preprocessing and
model training. During preprocessing, sentences containing candidate drug pairs were
normalized by masking drug mentions and identifying unrelated drugs with separate
entity markers. The text was subsequently tokenized and converted to lowercase. To
reduce noise and improve the quality of negative samples, the authors incorporated
additional filtering criteria based on synonymous drug names and chemically related
compounds.

Unlike the best-performing systems in the DDIExtraction challenge, which relied
on support vector machines with carefully engineered linguistic features, Liu et al.
employed a CNN architecture to automatically learn informative representations
directly from text. Their results demonstrated that deep neural networks can effec-
tively capture semantic patterns associated with DDIs without extensive manual
feature engineering, highlighting the potential of representation learning for biomedical
relation extraction.

Zitnik et al. [19] proposed Decagon, a graph convolutional neural network frame-
work for modeling polypharmacy side effects caused by DDIs. Unlike conventional
DDI prediction methods that mainly determine whether two drugs interact, Decagon
was designed to predict the specific side effect through which a drug combination may
manifest clinically. The study formulated DDI prediction as a multi-relational link
prediction problem over a large multimodal biomedical graph.

The constructed graph integrates several types of biomedical information, including
protein–protein interactions, drug–protein target associations, and DDIs associated
with polypharmacy side effects. In this graph, drugs and proteins are represented as
nodes, while the relationships between them are modeled as edges. DDI edges are
further categorized by side-effect type, meaning that each side effect corresponds to a
distinct relation type between a pair of drugs.

To learn representations from this heterogeneous network, the authors developed
a graph convolutional architecture capable of handling multiple node and edge types.
The encoder learns low-dimensional embeddings for drugs and proteins by aggregating
information from their graph neighborhoods, while relation-specific transformations
are used to capture the semantics of different interaction types. A decoder is then
applied to predict whether a given pair of drugs is associated with a particular side
effect.
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The experimental results showed that Decagon achieved strong performance in
predicting polypharmacy side effects and outperformed several baseline methods. The
model was particularly effective for side effects with a strong molecular basis, demon-
strating the benefit of incorporating drug targets and protein–protein interaction
information.

Asada et al. [20] proposed a hybrid deep learning framework for DDI prediction
that integrates both molecular structure and textual interaction information. Their
study was evaluated on the DDIExtraction benchmark dataset [16], which categorizes
interactions into four positive classes (Advice, Effect, Mechanism, and Interaction)
together with a negative class representing the absence of interaction.

To represent drug structures, the authors utilized SMILES strings and molecu-
lar graphs, where atoms and chemical bonds were modeled as graph components.
The proposed framework combined CNNs and recurrent neural networks (RNNs)
to learn structural representations of drugs. CNN layers were employed to extract
local structural patterns and generate molecular fingerprints, whereas recurrent net-
works were used to capture sequential dependencies within molecular representations.
Drug embeddings were subsequently obtained through the aggregation of atom-level
representations.

In addition to structural information, textual descriptions associated with drug
interactions were processed using a convolutional architecture. The textual represen-
tation was constructed from word embeddings together with position embeddings that
encode the relative locations of target drug entities within the sentence. The resulting
structural and textual embeddings were fused and provided as input to a multi-class
classifier with a Softmax output layer for interaction prediction.

The results demonstrated that integrating molecular structure with textual infor-
mation improves DDI prediction performance compared with approaches relying on a
single modality. This study highlighted the importance of multimodal representation
learning and motivated subsequent research on combining complementary sources of
drug-related information for interaction prediction.

In 2021, Asada et al. [21] extended their previous DDI prediction framework by
introducing richer drug representations derived from multiple complementary infor-
mation sources. Their approach incorporated three types of information for each
drug pair: molecular structure, textual descriptions of drug interactions, and inde-
pendent textual descriptions of individual drugs. Separate embedding vectors were
generated for each modality and subsequently integrated into a unified representation
for interaction prediction.

To capture semantic information from biomedical text, the authors employed
SciBERT, a transformer-based language model pretrained on scientific literature.
Drug-specific textual descriptions were transformed into contextual embeddings, while
molecular information was represented using structural features extracted from Drug-
Bank. The resulting structural and semantic representations were fused and provided
as input to a neural classification network, which predicted interaction categories
through a Softmax output layer.

The study demonstrated that integrating drug-specific semantic information with
molecular representations can improve DDI prediction performance. By leveraging
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contextualized language representations in addition to structural information, the pro-
posed framework provided a more comprehensive view of drug properties and their
potential interactions. This work further emphasized the importance of multimodal
representation learning in computational pharmacology and inspired subsequent
efforts to combine chemical and biomedical-textual information for DDI prediction.

In a subsequent study, Asada et al. [22] proposed a heterogeneous biomedical
knowledge graph to enrich drug representations for DDI prediction. The constructed
knowledge graph integrated multiple biomedical entities, including drugs, proteins,
pathways, and other biological concepts, together with diverse relationships such as
drug–drug, drug–protein, and pathway-associated interactions. This design enabled
the model to capture complex biological dependencies beyond direct molecular
similarity.

To generate drug representations, the authors combined knowledge graph embed-
ding techniques with contextual language representations derived from transformer-
based models. Specifically, BERT [23, 24] was used to obtain semantic embeddings
from textual drug descriptions, while graph-based learning captured structural and
relational information from the heterogeneous knowledge graph. The resulting repre-
sentations were further refined through data augmentation and alignment strategies
to improve robustness and representation quality.

Experimental results demonstrated that incorporating heterogeneous biomedical
knowledge substantially improves the characterization of drugs and their interactions.
By integrating semantic information with biological relationships, the proposed frame-
work was able to model complex pharmacological mechanisms more effectively than
approaches relying solely on molecular or textual features. This work highlighted the
potential of knowledge-enhanced representation learning for advancing DDI prediction
and related biomedical informatics tasks.

He et al. [13] proposed 3DGT-DDI, a multimodal framework for DDI predic-
tion that combines three-dimensional molecular graph representations with contextual
biomedical text information. The model integrates two complementary components:
a three-dimensional GNN for structural representation learning and a pretrained
language model for semantic feature extraction.

For molecular representation, the authors utilized three-dimensional molecular
graphs together with positional and geometric information to capture spatial relation-
ships between atoms. To incorporate textual knowledge, SciBERT was employed to
generate contextualized embeddings from biomedical literature describing drug inter-
actions. The structural and semantic representations were subsequently fused and used
for interaction prediction.

Their findings indicated that combining three-dimensional molecular information
with biomedical text improves DDI prediction performance compared with approaches
relying on a single modality. By integrating geometric and semantic information,
3DGT-DDI [13] highlighted the importance of multimodal representation learning and
established a strong baseline for subsequent DDI prediction models.

Yu et al. [25] proposed an attention-based framework for predicting drug rela-
tionships using heterogeneous biomedical information. Their model simultaneously
considers intrinsic drug characteristics and structural information derived from a
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heterogeneous graph containing drugs, genes, and diseases. This design enables
the framework to capture complex biological dependencies associated with drug
interactions.

To represent intrinsic drug properties, chemical similarity-based structural finger-
prints were extracted and compressed using principal component analysis (PCA). For
gene and disease entities, feature representations were generated using the TransE
embedding model. After constructing a heterogeneous graph, the authors employed a
graph attention network (GAT) to learn structural representations while adaptively
weighting neighboring nodes according to their relevance. Multi-layer attention prop-
agation was further applied to capture higher-order neighborhood information and
alleviate sparsity issues.

The intrinsic and graph-derived representations were subsequently fused to gener-
ate a unified embedding for each drug. These embeddings were then used to predict
drug relationships. The study demonstrated that attention-based aggregation over het-
erogeneous biomedical networks can effectively capture both local and global biological
information, leading to improved interaction prediction performance.

Shi et al. [26] proposed SubGE-DDI, a multimodal framework that combines
textual information and heterogeneous knowledge graph representations for DDI
prediction. The model leverages both unstructured biomedical text and structured
biological knowledge to construct comprehensive drug representations.

For textual representation learning, the authors employed a pretrained BERT
model to extract semantic information from drug descriptions and biomedical docu-
ments. In parallel, a heterogeneous biomedical knowledge graph was constructed by
integrating relationships among drugs, proteins, genes, pathways, and other biologi-
cal entities. To improve representation quality, the model focused on local subgraphs
and utilized attention mechanisms to filter irrelevant edges and preserve informative
biological relationships.

The semantic representations derived from BERT and the structural represen-
tations obtained from the knowledge graph were subsequently fused to generate
a unified drug embedding. The resulting multimodal representation was used to
classify drug pairs into one of four interaction categories (Advice, Effect, Mecha-
nism, and Interaction) or a negative class indicating the absence of interaction. The
results demonstrated that combining textual semantics with knowledge graph infor-
mation substantially improves DDI prediction performance and provides a richer
understanding of pharmacological relationships.

More recently, Li et al. [27] proposed MDG-DDI, a multi-feature drug graph
framework for DDI prediction. The model jointly exploits molecular graph struc-
tures and substructure-level semantic information to enhance predictive performance.
Rather than relying on a single representation, MDG-DDI integrates multiple molec-
ular features to construct a more expressive drug graph, enabling the capture of
both local chemical patterns and global molecular relationships. The study high-
lights the importance of rich molecular representations and suggests that single-source
drug features may be insufficient for modeling complex pharmacological interac-
tions. However, MDG-DDI primarily focuses on molecular graph information. In
contrast, the proposed HySEAtt-DDI incorporates structural similarity, drug–protein
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interaction profiles, and semantic representations derived from biomedical text. Con-
sequently, HySEAtt-DDI extends the multimodal perspective by integrating biological
and textual information alongside chemical structure.

Chen et al. [28] introduced ACaps-DDI, a DDI prediction model that combines
capsule neural networks with self-attention mechanisms. The model aims to improve
feature fusion by leveraging multi-source drug information and attention-based repre-
sentation learning. Specifically, the self-attention module identifies important feature
relationships, while the capsule network preserves hierarchical feature information
relevant to DDI prediction. Similar to HySEAtt-DDI, ACaps-DDI employs atten-
tion mechanisms to enhance predictive performance. However, HySEAtt-DDI differs
by integrating multimodal similarity-based representations with an autoencoder, a
Squeeze-and-Excitation block, and multi-head self-attention. Whereas ACaps-DDI
emphasizes capsule-based feature modeling, HySEAtt-DDI focuses on learning com-
plementary representations from structural, biological, and semantic drug information.

Wang et al. [29] proposed DDI-AttendNet, an attention-based framework designed
to capture both intra-drug atomic relationships and inter-drug interaction patterns.
The model employs graph representations and cross-attention mechanisms to iden-
tify important molecular substructures and their interactions across drug pairs. The
study demonstrates the effectiveness of attention mechanisms for modeling com-
plex drug relationships. Unlike DDI-AttendNet, which primarily relies on molecular
graph structures, HySEAtt-DDI integrates multiple complementary modalities, includ-
ing structural similarity, biological target similarity, and semantic similarity derived
from biomedical literature. Therefore, while DDI-AttendNet validates the utility of
attention-based learning, HySEAtt-DDI extends this paradigm through a multimodal
framework that combines chemical, biological, and textual sources of drug information.

Chianumba et al. [4] studied the effect of multimodal feature integration on DDI
prediction. Their work showed that combining diverse drug information can improve
prediction performance across different ML and graph-based models. In particular,
their results indicated that graph attention networks benefited strongly from multi-
modal integration, suggesting that attention-based graph models can effectively exploit
complementary drug features.

This work is important because it supports a central assumption of HySEAtt-DDI:
drug interactions cannot be fully explained by a single modality. Chemical struc-
ture, biological activity, and pharmacological information may each describe different
aspects of a drug. Therefore, integrating multiple sources of information can provide
a more complete representation for DDI prediction.

Compared with their study, HySEAtt-DDI proposes a specific multimodal
deep learning architecture that combines similarity-based feature construction,
autoencoder-based dimensionality reduction, Squeeze-and-Excitation recalibration,
and multi-head self-attention. Thus, while Chianumba et al. demonstrate the general
value of multimodal integration, HySEAtt-DDI provides a dedicated architecture for
exploiting such multimodal drug representations.

Collectively, recent advances in DDI prediction have progressively moved from
single-modality approaches toward multimodal representation learning frameworks
that combine chemical, biological, and textual information. Nevertheless, most existing
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Table 1: Summary of representative DDI prediction methods.

Study Modality Method Key Idea

Segura-Bedmar
et al. [16]

Text SVM / CNN fea-
tures

First benchmark for DDI
extraction from biomedical
text

Duvenaud et
al. [17]

Molecular
graph

GNN fingerprints Learns molecular structure
automatically from graphs

Liu et al. [18] Text CNN model Learns DDI patterns without
handcrafted features

Zitnik et al. [19] Graph network GCN (Decagon) Predicts polypharmacy side
effects using biomedical graph

Asada et
al. [20]

Multimodal CNN + RNN Combines molecular + text
representations

Asada et al.
(2021a) [21]

Multimodal SciBERT fusion Adds contextual biomedical
semantics

Asada et al.
(2021b) [22]

Knowledge
graph

KG + BERT Uses biomedical knowledge
graph + text embeddings

He et al. [13] 3D + text 3D GNN + SciB-
ERT

Combines spatial molecular
info with text

Yu et al. [25] Heterogeneous
graph

GAT + TransE Uses attention over biomedi-
cal graph

Shi et al. [26] KG + text BERT + subgraph
KG

Combines text + local graph
structures

Li et al. [27] Molecular
graph

Multi-feature
GNN

Uses rich molecular substruc-
ture features

Chen et al. [28] Multi-source Capsule + atten-
tion

Improves feature fusion with
capsule networks

Wang et al. [29] Molecular
graph

Attention GNN Models atomic and inter-drug
interactions

Chianumba et
al. [4]

Multimodal Empirical study Shows benefit of multimodal
integration

methods rely on molecular graphs, heterogeneous knowledge graphs, or textual repre-
sentations independently, while limited attention has been given to jointly exploiting
structural similarity, drug–protein interaction profiles, and contextual biomedical
semantics within a unified attention-based architecture. To address this limita-
tion, we propose HySEAtt-DDI, a multimodal framework that integrates structural,
biological, and semantic representations through autoencoder-based feature compres-
sion, Squeeze-and-Excitation recalibration, and multi-head self-attention learning for
accurate DDI prediction.

As summarized in Table 1, existing DDI prediction studies have evolved from text-
based extraction and handcrafted feature-based methods toward deep learning, GNNs,
knowledge graphs, and multimodal representation learning. However, many existing
approaches still emphasize a single dominant source of information, such as molec-
ular graphs, biomedical text, or heterogeneous knowledge graphs. Although recent
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multimodal methods have improved DDI prediction by combining complementary
drug features, limited attention has been given to jointly exploiting structural simi-
larity, drug–protein interaction profiles, and contextual biomedical semantic similarity
within a unified attention-based framework. To address this limitation, we propose
HySEAtt-DDI, a multimodal framework that integrates structural, biological, and
semantic representations through autoencoder-based feature compression, Squeeze-
and-Excitation recalibration, and multi-head self-attention learning for accurate DDI
prediction.

3 Materials and Methods

3.1 Dataset Construction and Quality Control

A well-defined and comprehensive dataset is essential for the development and eval-
uation of reliable DDI prediction models. Therefore, we conducted a comprehensive
study of the available dataset on DDI prediction. He et al. [13] collected their data from
Drugbank [30] and MEDLINE [31]. Although the authors made a considerable effort
to construct the dataset, our further analysis discovered some structural and concep-
tual inconsistencies in the dataset. The most important inconsistency is associating
incorrect or incomplete SMILES strings with corresponding drugs, e.g., non-consistent
with the syntactic rules of SMILES Generation, recording incomplete sequences, and
assigning to an irrelevant drug. Besides that, there is no proper standard for naming
the drugs in the He dataset. For example, some drugs have been recorded with their
generic name, some others with their commercial name, which caused some of the
drugs to be recorded more than once in the dataset. There are other inconsistencies,
such as inconsistencies in letter capitalization in saving drug names and properties;
consequently, another source of redundancy and repetition of drugs in the dataset.
Last but not least, there are rows or drugs in the dataset with incomplete proper-
ties, e.g., a lack of sequence drug name or DB ID. Such inconsistencies may introduce
artifacts and biases that can adversely affect model training, evaluation, and down-
stream inference. Therefore, revising and refining the chosen dataset is critical for
proper downstream tasks and analysis. Shi et al. [26], while the method is innovative
and novel, used a dataset where the same drugs have been repeated several times with
different labels. Segura et al. [16] used a dataset with the majority of negative classes
and a negligible ratio of positive classes.

These investigations led us to create a new dataset from scratch. To do this, all the
information has been gathered from DrugBank. This work covers two main entities
– small molecular drugs and those proteins that have an established interaction with
these types of drugs. It is worth mentioning that in the pharmacology domain, there
are different types of drug interactions; among them, this work concentrates on the
small molecule-small molecule drug interactions, which we call drug-drug interactions
(DDI) in this work. For each small molecule drug, its information, i.e., its generic
name, its corresponding SMILES string, its description, its interactions with other
drugs, and its protein target have been collected. In more detail, each drug has been
identified not only with its chemical structure properties, but also by its functional
description based on molecular targets and its relation with other drugs and proteins.
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A combination of drug-drug interactions and drug-protein interactions ensures that
the ML approach, in addition to identifying and utilizing the structural similarities,
becomes sensitive to functional similarities and dissimilarities. Using these types of
information simultaneously can lead to enhanced performance in learning complicated
patterns of drug interactions and play a crucial role in the final prediction.

The final dataset contains information on 2,148 approved small-molecule drugs
and 2,056 protein targets from DrugBank. The labels of DDIs are categorized into
four positive classes (types of known interactions) and one zero class (representative
of unknown or negative interactions). As mentioned above, the aim of this study is the
prediction of the interaction type between each pair of small-molecule drugs based on
their extracted structural and descriptive data. Structural properties are based on the
SMILES strings of drugs, and descriptive properties are the formal text recorded in
DrugBank. Overall, the new dataset contains 592840 drug-drug interactions and 7405
drug-protein interactions. These direct and indirect interactions among drugs help to
improve the prediction performance. Table 2 shows the statistical properties of the
proposed dataset briefly.

Table 2: Dataset Statistics

Entity Count

Small-molecule drugs 2148
Protein targets 2056
Drug–target interactions 7405
Drug–Drug interactions 592840

Table 3: Distribution of DDI labels in the dataset.

Label Description Count Percentage (%)

0 No interaction or unknown interaction 296,420 50.00
1 Known interaction type I 118,028 19.91
2 Known interaction type II 99,692 16.81
3 Known interaction type III 39,915 6.73
4 Known interaction type IV 38,785 6.54

Total 592,840 100.00

Table 3 reports the label distribution of DDIs. Label 0 shows the unknown or lack
of interaction between corresponding drug pair and labels 1 through 4 are assigned to
types of known interactions between corresponding drug pairs. Due to a high number
of available zero classes, the dataset could be highly imbalanced; therefore, the number
of zero classes has been chosen in order to be equal to the total number of positive
classes. In other words, label zero has 296420 samples (50% of the whole dataset, label
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z1 has 118028 samples, and classes 2, 3, and 4 have 99692, 39915, and 38785 samples,
respectively. Totally, there are 296420 positive samples in the proposed dataset.

Fig. 1: Positive classes present in the proposed dataset.

Figure 1 presents representative examples of positive DDI instances in the dataset.
To ensure data consistency and prevent entity-specific bias, all drug names were sys-
tematically anonymized using generic placeholders such as drug1 and drug2. This
preprocessing step standardizes input representations across the corpus and eliminates
variability arising from heterogeneous drug nomenclature.

Such anonymization is crucial in mitigating the risk of spurious feature learning,
where models may inadvertently exploit drug identity tokens or frequency patterns
rather than learning the underlying semantic and contextual cues that characterize
true pharmacological interactions [16, 18]. In particular, the presence of explicit drug
names may introduce dataset bias, allowing the model to associate frequently occur-
ring entities with specific interaction labels without capturing meaningful relational
semantics.

By masking drug entities, the learning process is constrained to rely on contex-
tual linguistic information, including interaction-triggering verbs, pharmacodynamic
and pharmacokinetic descriptions, dosage-related expressions, and other surrounding
biomedical cues. This encourages the model to focus on relational semantics rather
than lexical memorization.

Furthermore, this normalization strategy enhances the generalization capability
of the model by ensuring invariance to lexical variations and repeated occurrences
of the same drug entities across different samples. Consequently, the model becomes
more robust and better suited for real-world biomedical text, where unseen drug
combinations frequently occur.

3.2 HySEAtt-DDI Framework

Figure 2 shows the general view of the proposed framework. It contains five modules:
dataset preparation, preprocessing phase, dimensionality reduction, model learning,
and prediction phase.

3.2.1 Multimodal Drug Representation Learning

To construct a comprehensive representation of each drug, HySEAtt-DDI integrates
three complementary sources of drug information: chemical structure, drug–protein
interactions, and textual descriptions. Each source captures a distinct aspect of drug
knowledge. Chemical structure provides a molecular basis for assessing similarity
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Fig. 2: Overview of the proposed HySEAtt-DDI framework. Structural, biological,
and textual drug information are first integrated to construct multimodal drug repre-
sentations. An autoencoder is then employed to learn compact latent features, which
are subsequently processed by CNN, Squeeze-and-Excitation (SE), and multi-head
self-attention modules to capture local, channel-wise, and global feature dependencies.
Finally, an MLP classifier predicts the DDI type.

among compounds, as structurally similar drugs often exhibit comparable biologi-
cal properties and pharmacological activities. Drug–protein interaction information
offers insights into biological mechanisms, target engagement, and functional relation-
ships between drugs and biological systems [32, 33]. Furthermore, textual descriptions
capture conceptual, pharmacological, and therapeutic information that may not be
directly inferred from chemical structures or protein interactions. The preprocessing
stage aims to transform these heterogeneous data sources into a unified representation
with compatible dimensions, enabling their effective integration into a single feature
matrix.

Using chemical information, HySEAtt-DDI extracts the Morgan fingerprint fpi

of each drug i from its corresponding SMILES representation. Morgan fingerprints
are employed because of their high sensitivity to molecular substructures and their
ability to capture subtle structural similarities among compounds. Subsequently, the
Tanimoto similarity coefficient is computed for every pair of drugs. This process results
in a 2, 148×2, 148 structural similarity matrix, denoted by Sstr, whose values lie within
the interval [0, 1], with diagonal entries equal to one.

Sstr(i, j) = Tanimoto(fpi, fpj) (1)
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Biological information is derived from drug–target interactions and represented in
a binary format. Specifically, each drug is associated with a binary vector pi, ∀i ∈ D,
where each entry indicates either the presence (1) or absence (0) of an interaction
with a corresponding protein. The binary representation is intentionally adopted to
minimize uncertainties arising from experimental heterogeneity and varying interac-
tion confidence levels. HySEAtt-DDI then computes the cosine similarity between the
interaction vectors of every pair of drugs. The resulting similarities are assembled
into a biological similarity matrix, Sspi ∈ R

2148×2148, which captures the functional
similarity of drugs based on their protein interaction profiles.

Sspi(i, j) = cos(pi,pj), ∀i, j ∈ 1, · · · , N (2)

To extract semantic information from drug descriptions, HySEAtt-DDI employs
BioGPT [34], a transformer-based language model pretrained on large-scale biomed-
ical corpora. Unlike traditional approaches such as TF-IDF [35] and Word2Vec [36],
BioGPT captures contextual semantics and long-range dependencies at both sentence
and document levels. Moreover, it demonstrates superior generalization capabilities
compared with several alternative biomedical language models, such as BioBERT [37].
Consequently, BioGPT is particularly effective in processing medical and phar-
macological descriptions that contain specialized terminology and domain-specific
concepts.

For each drug, the corresponding textual description obtained from DrugBank
is tokenized using the BioGPT tokenizer with a maximum sequence length of 256
tokens. Shorter sequences are padded, whereas longer sequences are truncated in
a controlled manner. The hidden representations from the final transformer layer
are aggregated through attention-mask-weighted averaging to generate a fixed-length
embedding while excluding the influence of padding tokens. In addition, HySEAtt-
DDI utilizes the special classification token (e.g., [CLS]) instead of the output pooler
representation, as it provides a more robust semantic representation [24].

Formally, for each drug i, HySEAtt-DDI processes its textual description through
BioGPT and generates a semantic embedding vector bi of dimension 256. A semantic
similarity matrix is then constructed by applying cosine similarity to the embedding
vectors of every pair of drugs.

Stext(i, j) = cos(bi,bj) (3)

The final feature representation is obtained by integrating the three similarity
matrices derived from chemical structures, protein interaction profiles, and textual
descriptions. Specifically, the matrices are combined through element-wise summation:

F = Sstr + Sspi + Stext (4)

The resulting feature matrix captures complementary structural, biological,
pharmacological, and semantic characteristics of drugs, providing a comprehensive
representation for downstream learning tasks.
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3.2.2 Latent Feature Learning

To reduce redundancy and noise in the fused feature space, perform nonlinear dimen-
sionality reduction, and learn compact latent representations, HySEAtt-DDI employs
an autoencoder (AE) [38] on the final feature vectors fi ∈ F , where i ∈ 1, . . . , N and
N denotes the total number of drugs. Let fi ∈ R

d represent the input feature vector
and f̂i ∈ R

d its reconstruction generated by the autoencoder, where d is the input
dimensionality. The encoder consists of a multi-layer fully connected network that
progressively compresses the input into a low-dimensional bottleneck representation,
while the decoder reconstructs the original input from this latent space. The resulting
latent representation, denoted by zi, preserves the most informative characteristics of
the original feature vector while reducing noise and redundancy.

The autoencoder is trained by minimizing the mean squared error (MSE) between
the original and reconstructed feature vectors. The reconstruction loss is defined as
follows:

LAE =
1

N

∑

i∈D

∥∥∥fi − f̂i

∥∥∥
2

2
, (5)

where f̂i = De (En (fi)), En(·) denotes the encoder, and De(·) denotes the decoder
of the autoencoder. After training, the latent representation of each drug is obtained
as

zi = En (fi) . (6)

The latent representations zi are subsequently used as inputs to the classifica-
tion network. To effectively capture local patterns, channel-wise feature importance,
and long-range dependencies, HySEAtt-DDI employs a hybrid CNN-SE-Attention
architecture.

3.2.3 Hybrid CNN-SE-Attention Classifier

This section aims to learn informative representations from the input feature vec-
tors and subsequently perform the downstream classification task. To achieve this
objective, HySEAtt-DDI comprises three main components: a CNN block, a Squeeze-
and-Excitation (SE) block, and a multi-head self-attention block. These components
are designed to capture complementary feature dependencies at different levels,
ranging from local patterns to long-range interactions, thereby enabling a more
comprehensive representation of the input features.

Figure 3 illustrates the CNN block employed in HySEAtt-DDI. The block com-
prises two consecutive one-dimensional convolutional layers, each followed by a ReLU
activation function and batch normalization. Both convolutional layers use three ker-
nels and identical padding to preserve the input dimensionality. This design enables
the extraction of local feature patterns while promoting stable and efficient training
through batch normalization. In short, the CNN acts as follows.

h(l) = ReLU
(
BN

(
W(l) ∗ h(l−1) + b(l)

))
, (7)
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Fig. 3: Architecture of the CNN feature extraction block.

where ∗ denotes 1D convolution.

Fig. 4: Architecture of the Squeeze-and-Excitation block.

Following the CNN block, a Squeeze-and-Excitation (SE) block with a reduction
ratio of 16 is employed to adaptively recalibrate channel-wise feature responses. As
illustrated in Figure 4, the SE block consists of two stages: squeeze and excitation.
Let U ∈ R

C×L denote the input feature map, where C is the number of channels and
L is the sequence length.
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In the squeeze stage, global average pooling is applied to aggregate the informa-
tion of each channel into a single descriptor. Specifically, the channel descriptor zci is
computed as

zci =
1

L

L∑

i=1

Uc(i), c = 1, . . . , C, (8)

where Uc(i) denotes the i-th element of the c-th channel. This operation generates
a compact channel-wise representation z ∈ R

C that summarizes the global information
of each feature channel.

In the excitation stage, the channel descriptors are passed through a lightweight
gating mechanism composed of two fully connected layers (FC). The channel attention
weights are obtained as

s = σ (W2 δ (W1z)) , (9)

where W1 and W2 are trainable weight matrices corresponding to the dimensional-
ity reduction and expansion operations, respectively, δ(·) denotes the ReLU activation
function, and σ(·) is the sigmoid activation function. The resulting vector s ∈ [0, 1]C

contains channel-wise attention weights that quantify the relative importance of each
channel.

The recalibrated feature map is then obtained through channel-wise multiplication:

Ũc = sc ·Uc, c = 1, . . . , C, (10)

where sc denotes the attention weight associated with the c-th channel. This oper-
ation amplifies informative channels while suppressing less relevant or noisy ones,
thereby enhancing the discriminative capability of the learned representations.

After channel recalibration, a one-dimensional max-pooling layer with a pool size
of 2 is applied to reduce the effective sequence length and computational complexity.
Finally, a dropout layer with a rate of 0.3 is employed to improve generalization and
reduce the risk of overfitting.

Although the CNN and SE blocks effectively capture local patterns and channel-
wise feature importance, their receptive fields remain limited in modeling long-range
dependencies and global interactions among features. To address this limitation,
HySEAtt-DDI incorporates a multi-head self-attention (MHSA) layer after the CNN-
SE module. Figure 5 illustrates the multi-head self-attention module employed in
HySEAtt-DDI. Self-attention enables each feature position to dynamically attend to all
other positions in the sequence, thereby capturing complex and non-local relationships
that may not be adequately represented by convolutional operations alone.

Let X ∈ R
L×d denote the input feature sequence, where L is the sequence length

and d is the feature dimension. The self-attention mechanism first projects the input
into query, key, and value representations:

Q = XWQ, K = XWK , V = XWV , (11)

where WQ, WK , and WV are learnable projection matrices. The attention weights
are then computed using the scaled dot-product attention mechanism:
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Fig. 5: Architecture of the multi-head self-attention module.

Attention(Q,K,V) = Softmax

(
QK⊤

√
dk

)
V, (12)

where dk denotes the dimensionality of the key vectors. This formulation enables
the model to assign higher importance to relevant features regardless of their distance
in the sequence.

To enhance representation learning, multiple attention heads are employed in par-
allel. Specifically, HySEAtt-DDI utilizes four attention heads with a key dimension
of 16. Each head learns complementary feature relationships in different representa-
tion subspaces. The outputs of all heads are concatenated and linearly transformed to
obtain the final attention representation:

MHSA(X) = Concat (head1, . . . , headh)WO, (13)

where

headi = Attention (Qi,Ki,Vi) , i = 1, . . . , h, (14)

h = 4 is the number of attention heads, and WO is a learnable output projection
matrix.

A residual connection is employed around the attention layer to facilitate informa-
tion propagation and mitigate gradient degradation. Subsequently, layer normalization
is applied to stabilize training and improve convergence:

Y = LayerNorm (X+MHSA(X)) . (15)

Finally, a dropout layer with a rate of 0.3 is applied to the attention outputs to
improve generalization and reduce overfitting.

19



The attention-enhanced feature representations are subsequently flattened and
passed to a multilayer perceptron (MLP) classifier consisting of a dense layer with 128
units and ReLU activation, dropout with a rate of 0.3, a second dense layer with 64
units and ReLU activation, and a final dense output layer with Softmax activation to
produce a probability distribution over five interaction classes.

Let C denote the total number of classes. For each input sample, the corresponding
ground-truth label is defined as

y ∈ {0, 1, . . . , C − 1}. (16)

The classifier outputs a probability distribution over the C classes. Let p̂k denote
the predicted probability of the sample belonging to class k, where k ∈ {0, 1, . . . , C−1}.
The predicted probabilities are computed using the softmax function applied to the
output logits zk:

p̂k =
exp(zk)∑C−1

j=0 exp(zj)
. (17)

The hybrid classification network is trained using sparse categorical cross-entropy
loss. For a single training instance, the loss is defined as LCE = − log (p̂y). To mitigate
class imbalance, a class-weighted loss function is employed. Let wy denote the weight
associated with class y. The weighted cross-entropy loss for a single instance is given
by LWCE = −wy log (p̂y).

For a dataset consisting of N samples, the empirical risk minimized during training
is

LWCE = − 1

N

N∑

n=1

wyn
log (p̂yn

) . (18)

3.2.4 Optimization Objective

The model is optimized in two sequential stages. In the first stage, the autoencoder
parameters are learned by minimizing LAE. In the second stage, the classifier parame-
ters are learned by minimizing the class-weighted cross-entropy loss LWCE. The overall
optimization objective is therefore

L =

{
LAE, autoencoder training,

LWCE, classifier training.
(19)

Algorithm 1 summarizes the complete workflow of HySEAtt-DDI, including mul-
timodal similarity fusion, latent representation learning, CNN-SE-attention-based
classification, model optimization, and performance evaluation. Lines 1–2 define
the inputs and outputs of the framework. The inputs consist of a drug set D
with corresponding SMILES representations, drug–target interaction profiles, textual
descriptions, and multi-class DDI labels. The outputs are the trained HySEAtt-DDI
model and the associated evaluation metrics reported as the mean and standard
deviation over K cross-validation folds.
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Lines 3–6 describe the multimodal similarity fusion stage. First, structural, biolog-
ical, and semantic similarity matrices are computed according to Eqs. (1), (2), and (3),
respectively (Line 2). These matrices capture complementary structural, functional,
and semantic relationships among drugs. Subsequently, the similarity matrices are
integrated using Eq. (4) to generate the final feature vectors fi for all drugs (Line 3).

Lines 4–6 present the latent representation learning stage. An autoencoder is
trained using the fused feature vectors in order to learn compact and informative
latent representations while reducing noise and redundancy (Line 5). After optimiza-
tion of the reconstruction objective, the encoder produces the latent representation
zi = En(fi) for each drug (Line 6), which serves as the basis for subsequent drug-pair
construction.

Lines 7–11 describe the drug-pair construction procedure. For each interacting drug
pair (i, j), the latent representations of the two drugs are concatenated to form the
pairwise feature vector xij = [zi|zj ] (Lines 8–10). The resulting feature vectors are
then assembled into the final dataset X used for classification (Line 11).

Lines 12–32 describe the model training and evaluation process using stratified 10-
fold cross-validation. The dataset is partitioned into K = 10 folds while preserving the
class distribution (Lines 13–14). For each fold, class weights are computed to alleviate
class imbalance (Line 16), and the HySEAtt-DDI classifier is trained using the training
partition.

The architecture of HySEAtt-DDI is presented in Lines 17–26. First, the input
feature vectors are reshaped and processed by two one-dimensional convolutional lay-
ers with batch normalization and ReLU activation to extract local feature patterns
(Lines 18–19). Max-pooling and dropout are subsequently applied to reduce feature
dimensionality and improve generalization (Line 20). An SE block is then employed to
recalibrate channel-wise feature responses and emphasize informative channels while
suppressing less relevant ones (Line 21). Positional embeddings are added to preserve
sequential information prior to attention modeling (Line 22). Next, a multi-head self-
attention module captures long-range dependencies and global feature interactions
according to Eq. (13) (Line 23). Residual connections and layer normalization are sub-
sequently applied to stabilize training and facilitate information flow (Line 24). The
resulting attention-enhanced representations are flattened and passed through fully
connected layers (Line 25), followed by a Softmax output layer that predicts the DDI
class probabilities (Line 26).

Lines 27–29 describe the optimization stage. The classifier parameters are learned
by minimizing the weighted cross-entropy loss defined in Eq. (18) using the Adam opti-
mizer. Early stopping is employed to prevent overfitting and improve generalization
performance.

Finally, Lines 30–32 present the evaluation procedure. For each cross-validation
fold, the predictive performance of HySEAtt-DDI is assessed using Accuracy, Pre-
cision, Recall, F1-score, Matthews Correlation Coefficient (MCC), Area Under the
Receiver Operating Characteristic Curve (AUROC), and Area Under the Precision–
Recall Curve (AUPR). The final reported results correspond to the mean and standard
deviation of these metrics across all 10 folds.
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Algorithm 1 HySEAtt-DDI: Multimodal similarity fusion with CNN–SE–Attention
network for DDI prediction

Require: Drug set D with corresponding SMILES, target interactions, and descrip-
tions; labels y ∈ {0, 1, 2, 3, 4}; latent dim dz = 1000; folds no K = 10

Ensure: Trained model and evaluation metrics (mean ± std over K folds)

1: Step 1: Multimodal similarity fusion

2: Compute structural, biological, and semantic similarity matrices using
Eqs. (1), (2), (3)

3: Generate feature vectors fi using Eq. (4)

4: Step 2: Autoencoder-based representation learning

5: Train autoencoder on f ∈ F using loss function (5)
6: Obtain latent representation: zi = Enθ(fi)

7: Step 3: Drug-pair construction

8: for each i, j ∈ D do

9: Construct pair feature: xij = [zi∥zj ]
10: end for

11: Form dataset X

12: Step 4: 10-fold stratified training

13: Split X,y into K = 10 folds
14: for k = 1 to K do

15: Train/test split
16: Compute class weights

17: Step 4.1: HySEAtt-DDI model

18: Reshape input x
19: Apply Conv1D layers + BatchNorm + ReLU
20: Apply MaxPooling + Dropout
21: Apply Squeeze-and-Excitation block
22: Add positional embedding
23: Apply multi-head attention using Eq. (13)
24: Residual connection + normalization using Eq. (15)
25: Flatten and apply Dense layers
26: Output prediction using Eq. (17):

27: Step 4.2: Optimization

28: Minimize weighted loss using Eq. (18)
29: Adam optimizer + early stopping

30: Step 4.3: Evaluation

31: Accuracy, Precision, Recall, F1, MCC, AUROC, AUPR
32: end for
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4 Results

This section presents the experimental results obtained using the proposed HySEAtt-
DDI framework. All experiments were conducted using Python 3 and evaluated under
a stratified 10-fold cross-validation protocol. The results are organized into several
subsections to provide a comprehensive analysis of the proposed approach and its
comparison with competing methods.

4.1 Experimental Setup and Evaluation Protocol

To ensure a reliable and unbiased evaluation, a stratified 10-fold cross-validation strat-
egy was employed. This protocol preserves the original class distribution in each fold,
which is particularly important for handling imbalanced datasets. Consequently, both
the training and testing partitions contain representative proportions of samples from
each class.

The dataset consists of five labels, including four positive interaction classes and
one negative class. To mitigate class imbalance and reduce model bias, the negative
class was sampled to match the combined size of the positive classes. Furthermore,
class-weighted training was employed during model optimization.

Model training was performed using the Adam optimizer with a learning rate of
10−4 and the sparse categorical cross-entropy loss function. To improve model gener-
alization and mitigate overfitting, several regularization strategies were incorporated,
including dropout, weight decay, validation-based monitoring, and early stopping.

Since the task involves multi-class classification, performance is reported using
three averaging schemes: micro, macro, and weighted. These perspectives provide com-
plementary insights into classifier performance, particularly in the presence of class
imbalance.

4.2 Performance Metrics

The effectiveness of HySEAtt-DDI was assessed using several widely adopted evalu-
ation metrics and compared against state-of-the-art approaches. These measures are
computed from the numbers of true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN).

Recall =
TP

TP + FN
, (20)

Precision =
TP

TP + FP
, (21)

F1-score = 2× Precision× Recall

Precision + Recall
, (22)

AUROC =

n∑

i=1

TPRi∆FPRi, (23)

AUPR =

n∑

i=1

Precisioni∆Recalli. (24)

23



These metrics collectively evaluate classification performance from different per-
spectives, including predictive capability, class discrimination, and robustness to class
imbalance.

4.3 Computational Environment

All experiments were conducted on a centralized computing platform running Ubuntu
20.04.6 LTS. The system was equipped with a 64-bit Intel(R) Core(TM) i5-8400 pro-
cessor operating at 2.80 GHz, 64 GB DDR4 RAM at 2133 MHz, a 1 TB internal
hard disk drive, and an NVIDIA GeForce GTX 1080 GPU. BioGPT-based fea-
ture extraction was performed using GPU acceleration, while similarity matrices for
the autoencoder framework were represented using float32 precision to improve
computational efficiency.

4.4 Baseline Models and Hyperparameter Tuning

To demonstrate the effectiveness of HySEAtt-DDI, we compared its performance
against three classical ML methods, namely Random Forest (RF), Support Vec-
tor Machine (SVM), and XGBoost. Hyperparameter optimization for these models
was performed using grid search. The optimal hyperparameter configurations are
summarized in Table 4.

Table 4: Best hyperparameter settings for classical ML models

XGBoost Random Forest SVM

Number of estimators: 100 Number of estimators: 10 Kernel: Linear
Maximum depth: 3 Criterion: Log loss Regularization parameter (C): 10
Learning rate: 0.1 Max features: log

2

Subsample: 0.5
Colsample by tree: 0.5

In addition to the classical ML models, HySEAtt-DDI was compared with represen-
tative deep learning baselines, including an MLP-based model [14] and a CNN-based
model [39]. For all baseline methods, the feature representations of each drug pair
were concatenated and subsequently used as input to the corresponding classifier.

The following subsections present a detailed comparison of the proposed framework
with these baseline methods and provide an in-depth analysis of the obtained results.

4.5 Micro-Averaged Results

Table 5 summarizes the micro-averaged performance of the evaluated machine learn-
ing and deep learning methods. Among the classical ML methods, random forest
has the highest performance and achieved 97% and 92% for AUCROC and AUPR,
respectively. XGBoost, on the other hand, achieves the lowest overall performance. To
evaluate the proposed method, we have used several confuguration for the proposed
HySEAtt-DDI. HySEAtt-DDI with MLP outperforms all other methods in all metrics.
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Table 5: Micro-averaged evaluation of the methods (Best results in bold).

Method F1 AUROC AUPR

SVM 0.7297± 0.0023 0.9365± 0.0005 0.8115± 0.0013
RF 0.8517± 0.0031 0.9776± 0.0005 0.9244± 0.0017
XGBoost 0.6076± 0.0014 0.8953± 0.0005 0.6985± 0.0008
MLP 0.7019± 0.0046 0.9319± 0.0016 0.7812± 0.0054
CNN 0.7405± 0.0300 0.9449± 0.0122 0.8317± 0.0313
HySEAtt-DDI (no CNN) 0.8577± 0.0079 0.9815± 0.0016 0.9368± 0.0053
HySEAtt-DDI (with CNN) 0.8562± 0.0052 0.9815± 0.0011 0.9367± 0.0037
HySEAtt-DDI (MLP→no CNN) 0.8698± 0.0043 0.9843± 0.0009 0.9458± 0.0029
HySEAtt-DDI (MLP→CNN) 0.8562± 0.0052 0.9815± 0.0011 0.9367± 0.0037

4.6 Macro-Averaged Results

Table 6 shows the results based on macro-average evaluation of the methods. XGBoost
has the lowest performance among all methods. in contrast, random forest has the
highest performance among ML models. HySEAtt-DDI especially with MLP and CNN
has the highest performance among all methods. This outperforming is not only in
AUCROC but in AUPR, which shows that for imbalanced datasets, the proposed
method can learn the patterns effectively for correct prediction of DDIs. Additionally,
CNN shows acceptable performance, it exhibits a relatively larger standard deviation
and sensitivity in comparison to other methods.

Table 6: Macro-averaged evaluation of the methods (Best results in bold).

Method F1 AUROC AUPR

SVM 0.6265± 0.0037 0.9244± 0.0009 0.7559± 0.0030
RF 0.8033± 0.0038 0.9704± 0.0007 0.8695± 0.0024
XGBoost 0.4496± 0.0036 0.8784± 0.0011 0.6424± 0.0029
MLP 0.6959± 0.0042 0.9360± 0.0010 0.7786± 0.0030
CNN 0.7289± 0.0251 0.9538± 0.0077 0.8244± 0.0188
HySEAtt-DDI (no CNN) 0.8348± 0.0069 0.9778± 0.0008 0.8931± 0.0028
HySEAtt-DDI (with CNN) 0.8364± 0.0042 0.9800± 0.0006 0.8937± 0.0011
HySEAtt-DDI (MLP→no CNN) 0.8456± 0.0038 0.9800± 0.0005 0.9005± 0.0017
HySEAtt-DDI (MLP→CNN) 0.8360± 0.0047 0.9795± 0.0006 0.8987± 0.0024

4.7 Weighted-Averaged Results

Table 7 presents the weighted-averaged evaluation results of the methods. In this
way, the ratio of each class has been considered in the evaluations and therefore, bet-
ter reflects performance differences among the evaluated methods more clearly. Still,
XGBoost has the lowest performance and random forest gains the highest perfor-
mance among ML methods, even that MLP and CNN. HySEAtt-DDI (with CNN)
and HySEAtt-DDI (with MLP) outperform all competing methods. while the former
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has higher values in AUCROC and AUPR, the latter has the highest performance
according to F1-score.

Table 7: Weighted-averaged evaluation of the methods (Best results in bold).

Method F1-score AUROC AUPR

SVM 0.6986± 0.0027 0.9081± 0.0009 0.8181± 0.0019
RF 0.8471± 0.0032 0.9657± 0.0009 0.9118± 0.0019
XGBoost 0.5501± 0.0021 0.8505± 0.0009 0.7245± 0.0018
MLP 0.7068± 0.0052 0.9154± 0.0017 0.8284± 0.0029
CNN 0.7462± 0.0312 0.9443± 0.0123 0.8753± 0.0185
HySEAtt-DDI (no CNN) 0.8631± 0.0068 0.9735± 0.0010 0.9301± 0.0021
HySEAtt-DDI (with CNN) 0.8618± 0.0043 0.9774± 0.0006 0.9438± 0.0023
HySEAtt-DDI (MLP→no CNN) 0.8745± 0.0034 0.9763± 0.0007 0.9359± 0.0015
HySEAtt-DDI (MLP→CNN) 0.8615± 0.0045 0.9767± 0.0007 0.9352± 0.0016

The whole three sets of metric orchestrations shows the proposed HySEAtt-DDI
improves the prediction performance and generalizability. To have a visual com-
parison of the method, Figure 6 contains visual comparison of methods regarding
AUCROC and AUPR for micro-averaged metrics’ computation. As the figure shows
the HySEAtt-DDI with MLP have the highest performance. An interesting observa-
tion is the strong performance of the Random Forest baseline in comparison to the
other methods. This observation suggests that, it is necessary in many cases to check
ML methods due to their high performance.

Table 8 compares the performance of HySEAtt-DDI and 3DGT [13] based on
weighted evaluation metrics. The results indicate that the proposed HySEAtt-DDI
model achieves superior performance across all considered metrics, including Precision,
Recall, F1-score, AUROC, and AUPR. This consistent improvement demonstrates
the effectiveness of the proposed architecture in capturing complex DDI patterns and
producing more reliable predictions than the state-of-the-art 3DGT method.

Table 8: Performance comparison between HySEAtt-DDI and 3DGT [13] for small-molecule DDI
prediction (weighted metrics; best results in bold).

Method Precision Recall F1-score AUROC AUPR

3DGT[13] 0.8697 ± 0.0051 0.8445 ± 0.0090 0.8507 ± 0.0083 0.9702 ± 0.0020 0.9208 ± 0.0036
HySEAtt-DDI 0.8833 ± 0.0025 0.8561 ± 0.0046 0.8618 ± 0.0043 0.9774 ± 0.0006 0.9438 ± 0.0023

4.8 Ablation study

A comprehensive ablation study was conducted to evaluate the contribution of the
individual components of HySEAtt-DDI. The results presented in Tables 6–7 illustrate
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Fig. 6: Comparison of AUROC and AUPR scores across baseline ML models (SVM,
RF, XGBoost, MLP, CNN) and the proposed HySEAtt-DDI variants.

the impact of each module on the overall performance of the proposed framework.
Based on the weighted evaluation metrics reported in Table 7, the inclusion of the CNN
component leads to a noticeable improvement in predictive performance, highlighting
its effectiveness in extracting discriminative feature representations.

Furthermore, the contribution of each input feature type was investigated through
an additional ablation analysis, the results of which are reported in Table 9. The best
performance was achieved when all input representations were jointly utilized, includ-
ing the features derived from Tanimoto similarity, SPI, and BioGPT embeddings. This
finding demonstrates that each feature source provides complementary information
and confirms the importance of integrating all three feature modalities to enhance the
generalization capability and predictive accuracy of HySEAtt-DDI.

Table 9: Ablation study evaluating the contribution of structural similarity (Tanimoto) and SPI
features to the proposed HySEAtt-DDI model (Best results in bold).

Method Precision Recall F1-score AUROC AUPR

Tanimoto 0.8200 ± 0.0024 0.7676 ± 0.0046 0.7736 ± 0.0045 0.9485 ± 0.0014 0.8825 ± 0.0025
Tanimoto + SPI 0.8309 ± 0.0020 0.7881 ± 0.0057 0.7935 ± 0.0054 0.9551 ± 0.0008 0.8966 ± 0.0015
HySEAtt-DDI 0.8833 ± 0.0025 0.8561 ± 0.0046 0.8618 ± 0.0043 0.9774 ± 0.0006 0.9438 ± 0.0023
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5 Conclusion

In this study, we have proposed HySEAtt-DDI, a multimodal deep learning frame-
work for multiclass DDI prediction. To construct comprehensive drug representations,
structural information from SMILES, biological information from drug–protein inter-
actions, and semantic information from textual drug descriptions were integrated
through similarity-based feature fusion. The resulting representations were processed
by a hybrid architecture combining autoencoder-based latent feature learning, con-
volutional feature extraction, channel-wise attention, and multi-head self-attention
mechanisms.

Experimental results demonstrated that HySEAtt-DDI consistently outperformed
conventional ML and deep learning baselines across multiple evaluation metrics,
including F1-score, AUROC, and AUPR. Notably, the strong performance achieved
by the Random Forest baseline suggests that the proposed multimodal feature rep-
resentation is highly informative and effectively captures relevant characteristics of
drug pairs. Nevertheless, HySEAtt-DDI further improved predictive performance by
leveraging convolutional and attention-based mechanisms to model complex nonlinear
relationships and long-range dependencies within the fused feature space. These find-
ings indicate that both the quality of the multimodal representation and the proposed
deep learning architecture contribute to the overall effectiveness of the framework.

The results further revealed that textual drug descriptions provide complemen-
tary information beyond structural and biological features, highlighting the value of
incorporating biomedical language models into DDI prediction systems. Moreover, the
ablation studies confirmed that each feature modality contributes to the final predic-
tion performance and that their integration yields superior results compared with any
individual feature source.

Despite its effectiveness, the proposed framework is currently limited to small-
molecule drugs and relies on a dataset derived from a single source. Future work
will investigate the integration of additional biomedical data resources, graph-based
drug representations, transfer learning strategies, and large-scale foundation models to
improve the prediction of rare and complex drug interactions. The development of stan-
dardized benchmark datasets would also facilitate more comprehensive, reproducible,
and fair evaluations across competing methods.

Overall, the findings demonstrate that multimodal integration of structural,
biological, and semantic drug information provides an effective strategy for DDI
prediction. By combining similarity-based feature fusion with hybrid CNN and atten-
tion mechanisms, HySEAtt-DDI captures complementary molecular, functional, and
semantic characteristics while jointly modeling local and global feature dependen-
cies. Consequently, the proposed framework offers a robust and scalable approach for
learning informative drug representations and represents a promising direction for
computational pharmacoinformatics and drug safety research.
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