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 A B S T R A C T

Drug–drug interactions (DDIs) are a major cause of adverse drug events in clinical practice, especially under 
polypharmacy settings where patients receive multiple medications simultaneously. Reliable computational 
prediction of DDIs is therefore essential for improving medication safety and supporting clinical decision-
making. Despite recent advances in computational DDI prediction, existing methods often struggle to jointly 
model multi-granularity pharmacological semantics and stereochemical molecular characteristics, limiting 
their ability to generalize to previously unseen drugs under cold-start scenarios. To address these limita-
tions, we propose DSMV-DDI, a multimodal representation learning framework for drug–drug interaction 
prediction that integrates biomedical knowledge graph topology, chemical substructure features, dual-level 
pharmacological semantic representations, and stereochemical molecular visual representations derived from 
three-dimensional molecular conformations. In particular, the proposed dual-level semantic strategy jointly 
characterizes interaction-level pharmacological associations and intrinsic single-drug functional properties, 
enabling complementary modeling of pharmacological information across different semantic granularities. 
Furthermore, molecular visual representation learning captures geometric and spatial characteristics beyond 
topology-based molecular representations, improving generalization to topologically unseen drugs. Extensive 
experiments on real-world DDI datasets demonstrate that DSMV-DDI outperforms state-of-the-art methods, 
achieving an accuracy of 0.967 and an AUPR of 0.992 under the conventional setting. The proposed framework 
also maintains strong performance under both partial and complete cold-start settings. Ablation analyses show 
that dual-level pharmacological semantics contribute most to overall performance, while molecular visual 
representations provide complementary geometric information that further improves prediction accuracy.
1. Introduction

Combination therapy is widely adopted in clinical practice to im-
prove therapeutic efficacy and reduce the risks associated with mono-
therapy, including drug resistance and dose-related adverse reactions
[1,2]. However, the increasing prevalence of polypharmacy substan-
tially elevates the risk of drug–drug interactions (DDIs), which may 
result in altered pharmacological effects, toxicity accumulation, thera-
peutic failure, or severe adverse drug reactions [3–5]. Previous stud-
ies have shown that DDIs contribute to a considerable proportion 

∗ Corresponding author at: School of Information and Artificial Intelligence, Anhui Agricultural University, Hefei, Anhui, China.
E-mail addresses: chenfangni@stu.ahau.edu.cn (F. Chen), jiangtt@ahau.edu.cn (T. Jiang), yangs@ahau.edu.cn (S. Yang), xiaohui.yuan@unt.edu (X. Yuan), 

warton_wang@qq.com (C. Wang), glc@ahau.edu.cn (L. Gu).

of adverse drug events, representing a critical challenge for medi-
cation safety and clinical decision-making [6]. Although experimen-
tal and clinical validation strategies are generally reliable, they re-
main labor-intensive, time-consuming, and economically expensive, 
rendering comprehensive evaluation of the rapidly expanding space of 
potential drug combinations practically infeasible [7]. Consequently, 
computational approaches for DDI prediction have attracted increasing 
attention as scalable and efficient alternatives for identifying potential 
DDIs across large drug libraries [8].

Recent advances in deep learning and multimodal representation 
learning have significantly promoted biomedical prediction tasks, in-
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data mining, AI training, and similar technologies. 
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cluding drug–disease association prediction and molecular genera-
tion [9,10]. Benefiting from these developments, computational DDI 
prediction has also witnessed rapid progress in recent years. Exist-
ing computational approaches for DDI prediction can generally be 
categorized into three groups according to how drug-related represen-
tations are constructed and integrated. Methods based on drug feature 
representation utilize intrinsic drug properties, including molecular fin-
gerprints, physicochemical descriptors, and SMILES-derived structural 
profiles, to characterize drugs and their potential interactions [11–13]. 
These approaches provide effective molecular descriptors and have 
achieved competitive performance by capturing molecular composition 
and local chemical characteristics. However, they generally overlook 
higher-order biological associations among drugs, targets, enzymes, 
and transporters. Graph-based methods employ graph neural networks 
and biomedical knowledge graph representations to model relational 
dependencies among biological entities [14,15]. By propagating in-
formation through large-scale biomedical networks, these methods 
substantially enhance relational representation learning and improve 
the modeling of biological interaction topology. Nevertheless, most ex-
isting graph-based approaches remain predominantly topology-centric 
and insufficiently capture complementary structural, pharmacological, 
and stereochemical information beyond relational associations. More 
recently, hybrid representation methods [16,17] have attempted to 
integrate complementary molecular and pharmacological information 
from multiple perspectives, demonstrating improved capability in mod-
eling complex DDIs [18,19]. Inspired by the success of multimodal 
representation learning in related biomedical prediction tasks, similar 
fusion strategies have demonstrated promising performance in toxicity 
prediction [20], peptide toxicity prediction [21], mutagenicity pre-
diction [22,23], and cardiotoxicity prediction [24], highlighting the 
potential of multimodal representation learning for biomedical predic-
tion tasks. These studies collectively demonstrate the effectiveness and 
generalizability of multimodal representation learning across diverse 
biomedical prediction tasks.

Motivated by these advances, recent multimodal DDI prediction 
methods have substantially improved predictive performance. How-
ever, achieving robust generalization under realistic clinical scenarios 
remains challenging. In particular, constructing drug representations 
that simultaneously capture complementary pharmacological knowl-
edge and transferable molecular characteristics is still an open problem. 
Recent semantic-enhanced DDI prediction methods have demonstrated 
that pharmacological textual knowledge provides valuable complemen-
tary information beyond structural representations. Existing methods, 
however, typically emphasize either interaction-level pharmacological 
context or intrinsic single-drug functional properties, while rarely mod-
eling both levels jointly within a unified representation framework [18,
25]. This limitation restricts the ability of current approaches to si-
multaneously characterize intrinsic drug properties and higher-order 
pharmacological relationships emerging from drug co-administration.

Second, stereochemical and spatial characteristics encoded in three-
dimensional molecular conformations remain insufficiently integrated 
with multi-granularity pharmacological semantics in current DDI pre-
diction studies [19]. Two-dimensional topology-based molecular graph 
representations effectively describe atomic connectivity and relational 
structure, yet cannot fully characterize geometric information encoded 
in three-dimensional molecular conformations, including stereochem-
ical patterns and spatial arrangements of functional groups. Such 
topology-independent stereochemical characteristics are particularly 
valuable under cold-start scenarios, where previously observed inter-
action topology is unavailable for novel drugs. Unlike SMILES-based 
sequence descriptors or molecular fingerprints, three-dimensional con-
former renderings explicitly encode transferable geometric features 
such as ring conformations, steric bulk distributions, and pharma-
cophoric spatial arrangements that are shared across structurally re-
lated drug families, thereby facilitating generalization beyond the 
2 
observed interaction topology. These observations motivate the devel-
opment of a unified multimodal representation learning framework that 
jointly models multi-granularity pharmacological semantics and stere-
ochemical molecular characteristics. Unlike existing multimodal DDI 
prediction methods, such a framework should explicitly integrate dual-
level pharmacological semantics with stereochemical molecular visual 
representations, enabling complementary modeling of pharmacological 
knowledge and transferable geometric information within a unified 
representation learning framework.

To address these challenges, we propose DSMV-DDI, a multimodal 
representation learning framework that integrates multi-source biomed-
ical knowledge graph topology, chemical substructure patterns, dual-
level pharmacological semantic representations, and stereochemical 
molecular visual representations derived from force-field-optimized 
three-dimensional conformers. These complementary modalities are 
jointly optimized to improve both conventional DDI prediction and 
topology-independent generalization under cold-start settings. The
main contributions of this work are summarized as follows:

• Dual-level pharmacological semantic modeling. We jointly 
characterize interaction-level associations and single-drug func-
tional properties, providing complementary multi-granularity
pharmacological information beyond single-perspective approa-
ches.

• Stereochemical visual representation. We encode 3D molec-
ular conformational geometry from multi-view renderings, de-
livering transferable spatial features that substantially improve 
cold-start generalization for unseen drugs.

• Unified multimodal integration. We propose DSMV-DDI that 
fuses knowledge graph topology, chemical substructures, dual-
level semantics, and molecular images. Extensive experiments 
show consistent SOTA performance across conventional, partial, 
and complete cold-start settings.

2. Related work

This section reviews three major categories of DDI prediction meth-
ods: methods based on drug feature representation, methods based on 
graph representation, and methods based on hybrid representation, 
providing the background and motivation for our proposed framework.

2.1. Methods based on drug feature representation

These methods leverage intrinsic drug properties, such as molecu-
lar fingerprints, physicochemical descriptors, and SMILES-based struc-
tural similarity profiles, to learn drug representations for DDI pre-
diction [26]. DeepDDI [11] constructs representations from SMILES-
derived structural similarity. MDF-SA-DDI [12] integrates multi-source 
drug attributes with self-attention mechanisms, while MDDI-SCL [13] 
introduces structural contrastive learning to improve discrimination 
on rare interaction types. Despite their effectiveness, these approaches 
overlook topological relationships among drugs, targets, enzymes, and 
transporters, limiting their ability to capture higher-order biological 
associations. To address this, our framework incorporates multi-source 
knowledge graph structural encoding alongside intrinsic molecular fea-
tures.

2.2. Methods based on graph representation

Methods based on graph representation model drugs and biolog-
ical entities as nodes in relational networks, capturing topological 
dependencies through techniques such as matrix factorization [27], 
random walk-based embedding [28], and graph neural networks [29,
30]. Knowledge graphs further enrich representations by encoding 
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multi-relational interactions among drugs, targets, and enzymes. Rep-
resentative models include KGNN [14], which propagates informa-
tion along biomedical relationships, and SumGNN [15], which em-
ploys graph summarization for large-scale biomedical KGs. However, 
these methods remain predominantly topology-centric and lack ef-
fective mechanisms for integrating semantic knowledge from textual 
descriptions and visual features from molecular structures. Our frame-
work extends graph-based representations by incorporating semantic, 
chemical substructure, and molecular image modalities.

2.3. Methods based on hybrid representation

Hybrid representation methods improve DDI prediction by integrat-
ing complementary molecular and pharmacological information from 
multiple perspectives. Representative studies such as MKG-FENN [16] 
and MDG-DDI [17] enhance DDI modeling through multi-source graph 
representations and enriched biomedical associations. Other studies 
further introduce textual or visual molecular representations into DDI 
prediction. For example, SubGE-DDI [18] enriches biomedical graph 
representations using interaction-related textual information, and Im-
ageDDI [19] improves molecular representation learning through
image-enhanced molecular motif modeling. In addition, LSFC [31] 
demonstrated the effectiveness of local substructure feature combina-
tions for DDI classification. Despite these advances, existing hybrid 
approaches still exhibit several limitations. Pharmacological seman-
tic information is often modeled at a single granularity, making it 
difficult to jointly characterize intrinsic drug properties and interaction-
level pharmacological relationships. In addition, stereochemical and 
spatial characteristics encoded in molecular conformations remain in-
sufficiently integrated with multi-granularity pharmacological seman-
tics, particularly under cold-start scenarios where topology-dependent 
information becomes limited. To address these limitations, we pro-
pose DSMV-DDI, which integrates multi-source knowledge graph topol-
ogy, chemical substructure representations, pharmacological seman-
tic representations, and stereochemical molecular visual representa-
tions to improve both conventional DDI prediction and cold-start 
generalization.

3. Methods

3.1. Overview of the method

We propose DSMV-DDI, a multimodal framework for drug–drug in-
teraction prediction that integrates four complementary modalities. As 
illustrated in Fig.  1, the framework consists of: (i) multi-source knowl-
edge graph structural encoding (M1), which captures topological rela-
tionships among drugs and biological entities from multiple biomedical 
perspectives; (ii) chemical substructure encoding (M2), which extracts 
local functional group patterns and atomic configurations from molec-
ular graphs derived from SMILES sequences; (iii) dual-level pharmaco-
logical semantic encoding (M3), which hierarchically integrates drug-
pair interaction semantics with intrinsic single-drug pharmacological 
properties; and (iv) molecular visual encoding (M4), which encodes 
stereochemical spatial features from multi-view three-dimensional con-
former renderings. These four modalities are projected into a unified 
embedding space and fused to predict drug–drug interaction types.

3.2. Problem formalization

Let 𝐷 =
{

𝑑1, 𝑑2,… , 𝑑𝑁
} denote the set of 𝑁 = 572 drugs, and 

𝑌 = {1, 2,… , 𝐶} denote the set of 𝐶 = 65 predefined DDI event 
types. Given a drug pair (𝑑𝑖, 𝑑𝑗

)

, the task is formulated as a multi-class 
classification problem that predicts the interaction label 𝑦𝑖𝑗 ∈ 𝑌 .

For each drug 𝑑𝑖, we construct four modality-specific representa-
tions: structural 𝐡(1)𝑖 , chemical substructure 𝐡

(2)
𝑖 , semantic 𝐡

(3)
𝑖 , and 

molecular image 𝐡(4), corresponding to the four modalities M1–M4 
𝑖

3 
introduced in Section 3.1. For a drug pair (𝑑𝑖, 𝑑𝑗
)

, the pairwise rep-
resentation under modality 𝑚 is derived as: 

𝐡(𝑚)𝑖𝑗 = 𝑓 (𝑚)
(

𝐡(𝑚)𝑖 ,𝐡(𝑚)𝑗

)

, 𝑚 ∈ {1, 2, 3, 4} (1)

where 𝑓 (𝑚)(⋅) comprises concatenation, element-wise absolute differ-
ence, and element-wise product to capture both individual drug prop-
erties and their pairwise interaction patterns. The final fused rep-
resentation is obtained by projecting each modality into a shared 
dimensionality 𝑑𝑝 and concatenating: 

𝐡fusion𝑖𝑗 = 𝜙(1)
(

𝐡(1)𝑖𝑗
)

‖𝜙(2)
(

𝐡(2)𝑖𝑗
)

‖𝜙(3)
(

𝐡(3)𝑖𝑗
)

∥ 𝜙(4)
(

𝐡(4)𝑖𝑗
)

(2)

where ∥ denotes vector concatenation, and 𝜙(𝑚)(⋅) denotes the modality-
specific projection function that maps each pairwise representation 
into the shared embedding space. The model is trained end-to-end by 
minimizing the cross-entropy loss: 

 = − 1
| |

∑

(𝑖,𝑗)∈

𝐶
∑

𝑐=1
𝑦(𝑐)𝑖𝑗 log 𝑦̂(𝑐)𝑖𝑗 (3)

where 𝑦(𝑐)𝑖𝑗  is the one-hot encoding of the ground-truth label and 𝑦̂(𝑐)𝑖𝑗  is 
the predicted probability for class 𝑐.

3.3. Multi-source knowledge graph structural encoding

Topological relationships among drugs and biological entities pro-
vide essential context for DDI prediction that cannot be derived from 
molecular attributes alone. We construct four complementary knowl-
edge graphs to capture structural information at different levels: (1) a 
drug-chemical entity graph derived from DrugBank [32] interactions, 
encoding associations among drugs, enzymes, transporters, and pro-
tein targets; (2) a drug-substructure graph based on SMILES-derived 
molecular fragments; (3) a DDI graph constructed from the known 
DDI adjacency matrix; and (4) a molecular structure graph based on 
MACCS fingerprints. These four graphs are encoded through a four-
channel graph neural network to obtain multi-perspective structural 
representations.

Each knowledge graph 𝐺(𝑘) is represented as a collection of (𝑑𝑖, 𝑟, 𝑡
)

, 
where 𝑑𝑖 denotes a drug entity, 𝑟 a relation type, and 𝑡 a tail entity. For 
each drug 𝑑𝑖, a fixed-size neighbor set  (𝑑𝑖) of size 𝑀 = 6 is uniformly 
sampled from each graph. For channel 𝑘 at propagation layer 𝑙, the 
relational feature score between drug 𝑑𝑖 and neighboring tail entity 𝑡𝑛
is computed as: 

𝜋(𝑙)(𝑑𝑖 ,𝑟𝑖𝑛) =
∑

[(

𝐞(𝑙−1)𝑑𝑖
⊙ 𝐞(𝑙−1)𝑟𝑖𝑛

)

𝑊1 + 𝑏1
]

(4)

where 𝐞(𝑙−1)𝑑𝑖
 and 𝐞(𝑙−1)𝑟𝑖𝑛  are the drug and relation embeddings at layer 

𝑙−1, ⊙ denotes element-wise multiplication, 𝑊1 and 𝑏1 are learnable pa-
rameters. The neighbor representations are aggregated by these scores: 

𝐞(𝑙) (𝑑𝑖)
=

∑

𝑡𝑛∈ (𝑑𝑖)
𝜋(𝑙)(𝑑𝑖 ,𝑟𝑖𝑛)𝐞

(𝑙−1)
𝑡𝑛

(5)

The drug representation is then updated by fusing its own embed-
ding with the aggregated neighbor information: 

𝐞(𝑙)𝑑𝑖 = 𝜎
([

𝐞(𝑙−1)𝑑𝑖
⊕ 𝐞(𝑙) (𝑑𝑖)

]

𝑊2 + 𝑏2
)

(6)

where 𝜎 is the ReLU activation, ⊕ denotes concatenation, and 𝑊2, 
𝑏2 are learnable parameters. The structural representations obtained 
from the four KG channels are concatenated to form the comprehensive 
structural feature 𝐡(1) = 𝐡(1,1) ∥ 𝐡(1,2)‖𝐡(1,3)‖𝐡(1,4).
𝑖 𝑖 𝑖 𝑖 𝑖
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Fig. 1. Overview of the proposed DSMV-DDI framework. The model integrates four complementary modalities, including knowledge graph structure, chemical 
substructures, dual-level semantic representations, and molecular visual features. A unified multimodal fusion module is then employed to generate discriminative 
drug pair representations for DDI prediction.
3.4. Chemical substructure encoding

Stereochemical features, including functional group identity, bond 
hybridization, and local atomic configurations, are critical determi-
nants of drug metabolic susceptibility and interaction specificity that 
are not fully captured by knowledge graph topology alone. We employ 
a dedicated molecular graph convolutional network to encode these 
intrinsic chemical patterns directly from molecular structure.

For each drug 𝑑𝑖, RDKit [33] is used to construct a molecular graph 
(𝑑𝑖) = ( , ) from its SMILES sequence, where  denotes atoms and 
 denotes chemical bonds. Each atom node 𝑣 ∈  is characterized 
by a 58-dimensional feature vector encoding atomic symbol, degree, 
total hydrogen count, implicit valence, aromaticity, hybridization state, 
formal charge, and radical electron count, as implemented in the 
accompanying preprocessing pipeline. Each bond 𝑒 ∈  is represented 
by a 17-dimensional feature vector encoding bond type (single, double, 
triple, aromatic), conjugation, ring membership, and stereochemistry 
configuration.

The molecular graph is encoded through a multi-architecture graph 
neural network combining three convolutional structures at successive 
layers. For atom node 𝑣 at layer 𝑙, message passing and aggregation 
proceed as: 

𝐡(𝑙)𝑣 = 𝜙(𝑙)

(

𝐡(𝑙−1)𝑣 ,
⋃

𝜓 (𝑙) (𝐡(𝑙−1)𝑣 ,𝐡(𝑙−1)𝑢 , 𝐞(𝑣,𝑢)
)

)

(7)

𝑢∈ (𝑣)

4 
where  (𝑣) is the neighborhood of node 𝑣, 𝜓 (𝑙) is the message function, 
𝜙(𝑙) is the update function, and ⋃ is a commutative aggregation oper-
ator. GINConv [34] is applied at the first layer for its strong sensitivity 
to graph isomorphism, enabling precise discrimination of chemically 
distinct substructures including ring systems and branching patterns. 
GCNConv [35] captures global topological patterns at the second layer, 
providing a holistic view of atomic connectivity that reflects overall 
molecular shape. TransformerConv [36] at the third layer models long-
range atomic dependencies through attention mechanisms, particularly 
relevant for pharmacophoric features, such as spatially separated hy-
drogen bond donors and acceptors, which jointly determine binding 
specificity.

After 𝐿 layers of message passing, a graph-level substructure repre-
sentation is obtained through attention-weighted pooling: 

𝛼𝑣 =
exp

(

𝐰⊤𝐡(𝐿)𝑣

)

∑

𝑢∈ exp
(

𝐰⊤𝐡(𝐿)𝑢

) , 𝐡sub𝑖 =
∑

𝑣∈
𝛼𝑣 ⋅ 𝐡(𝐿)𝑣 (8)

where 𝛼𝑣 represents the attention weight of atom 𝑣 and 𝐰 is a learn-
able parameter vector. This mechanism adaptively amplifies atoms 
and functional groups that most distinctively characterize the drug’s 
chemical identity — such as reactive centers, aromatic systems, and 
stereocenters — while suppressing less discriminative structural re-
gions.

For a drug pair (𝑑𝑖, 𝑑𝑗 ), the pairwise chemical interaction representa-
tion 𝐡(2) is constructed via 𝑓 (2) applied to their single-drug embeddings, 
𝑖𝑗
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Table 1
Prompt-based Q&A template used to elicit clinically relevant interaction information between drug pairs 
for semantic representations.
 Type Prompt  
 Direct inquiry What is the interaction between {drug1} and {drug2}?  
 Describe the DDI between {drug1} and {drug2}.  
 What happens when {drug1} is taken with {drug2}?  
 Safety-related Is it safe to combine {drug1} with {drug2}?  
 What are the adverse effects of combining {drug1} and {drug2}?  
 What are the risks of concomitant use of {drug1} and {drug2}?  
 Mechanism-focused How does {drug1} affect the pharmacological action of {drug2}?  
 Explain the mechanism of interaction between {drug1} and {drug2}.  
 How does {drug2} alter the metabolism of {drug1}?  
 Clinical advice What should patients know when taking both {drug1} and {drug2}?  
 What are the clinical recommendations for combining {drug1} with {drug2}?  
 How should clinicians manage the coadministration of {drug1} and {drug2}?  
 Severity assessment How severe is the interaction between {drug1} and {drug2}?  
 What are the potential clinical consequences of {drug1}-{drug2} interaction?  
 Evaluate the clinical significance of the interaction between {drug1} and {drug2}. 
capturing structural complementarity between the two molecules at the 
functional group level.

3.5. Dual-level semantic encoding

3.5.1. Drug-pair level interaction semantics
To capture relational semantics between specific drug pairs, we 

construct prompt-based templates covering five clinical perspectives: 
direct inquiry, safety assessment, mechanism of action, clinical recom-
mendations, and severity evaluation, as summarized in Table  1. These 
templates are used to construct interaction-oriented natural language 
queries for semantic representation learning. For a drug pair (𝑑𝑖, 𝑑𝑗 ), 
a natural language query such as ‘‘What is the interaction between 𝑑𝑖
and 𝑑𝑗?’’ is constructed, then encoded by a fine-tuned BERT [37] model 
adapted to interaction-oriented text: 

𝐡pair𝑖𝑗 = BERTpair(Prompt(𝑑𝑖, 𝑑𝑗 )) ∈ R768 (9)

This embedding encodes higher-order pharmacological context in-
herent in drug co-administration, enabling the model to leverage tex-
tual interaction knowledge that transcends structural features.

3.5.2. Single-drug level attribute semantics
At the single-drug level, two complementary semantic sources are 

integrated. First, functional descriptive text 𝑇 (𝑑𝑖) is generated by
DeepSeek [38] to capture pharmacological properties, mechanisms 
of action, and clinical profiles. This text is encoded by a fine-tuned 
BERT model to obtain functional semantics 𝐡desc𝑖 ∈ R768. Second, the 
SMILES sequence 𝑆(𝑑𝑖) is encoded by ChemBERTa [39], a domain-
specialized model pre-trained on molecular corpora, to extract chemical 
language semantics 𝐡chem𝑖 ∈ R768 capturing fine-grained bonding 
patterns and atomic configurations. The two sources are fused through 
linear projection and layer normalization: 

𝐡sem𝑖 = 𝑓align
(

𝐡desc𝑖 ∥ 𝐡chem𝑖
)

(10)

where 𝑓align(⋅) denotes the alignment function incorporating linear 
projection and layer normalization. The comprehensive semantic rep-
resentation for a drug pair integrates both levels: 

𝐡(3)𝑖𝑗 = 𝐡pair𝑖𝑗 ‖𝐡sem𝑖 ‖𝐡sem𝑗 (11)

This hierarchical design captures interaction semantics at the macro 
level while preserving intrinsic pharmacological attributes at the mi-
cro level, forming a unified semantic embedding spanning multiple 
granularities.
5 
3.6. Molecular visual encoding

Stereochemical features, including chirality, conformational geom-
etry, three-dimensional pharmacophore arrangement, and spatial dis-
tribution of hydrogen bond donors and acceptors, are critical determi-
nants of drug-receptor complementarity and metabolic susceptibility. 
These features are largely inaccessible through two-dimensional graph 
representations, which capture atomic connectivity but cannot en-
code the three-dimensional geometry governing molecular behavior in 
biological environments. Molecular images of three-dimensional con-
formers provide an information-rich encoding of these stereochemical 
properties, complementing the topological and chemical information 
captured by the preceding modalities.

For each drug 𝑑𝑖, RDKit generates a 3D conformer from its SMILES 
sequence using MMFF94 [40] force field optimization to obtain a 
geometrically relaxed molecular structure. The conformer is rendered 
from four orthogonal viewpoints using a custom visualization pipeline 
based on RDKit and Matplotlib [41], with atoms represented as colored 
spheres and bonds as line segments connecting adjacent atoms, produc-
ing four RGB images per drug. Four viewpoints are selected to ensure 
comprehensive coverage of the molecular surface, capturing steric 
bulk distribution, ring conformational geometry, hydrophobic patch 
geometry, and the three-dimensional positioning of pharmacophoric 
elements governing drug-target complementarity. The resulting images 
are resized to the standard ImageNet input resolution and normalized 
with ImageNet statistics prior to feature extraction.

A ResNet50 [42] backbone with its classification head removed 
serves as the visual encoder. The 2048-dimensional feature from the 
final convolutional layer is projected to a 256-dimensional embedding 
through a linear layer followed by L2 normalization. The multi-view 
image representation for drug 𝑑𝑖 is obtained by averaging embeddings 
across all valid views: 

𝐡(4)𝑖 = 1
𝐾

𝐾
∑

𝑘=1
ResNet50

(

𝐼 (𝑘)𝑖

)

(12)

where 𝐾 ∈ {1, 2, 3, 4} is the number of valid views and 𝐼 (𝑘)𝑖  denotes the 
𝑘th view image. If no valid conformer can be generated, a learnable 
missing-image embedding is used as a fallback.

3.7. Multimodal fusion and prediction

Upon obtaining the four modality-specific pairwise representations, 
each is projected into a shared dimensionality 𝑑𝑝 = 512 through an 
independent linear layer with ReLU activation and layer normalization: 

𝐳(𝑚) = LayerNorm
(

ReLU
(

𝑊 (𝑚)𝐡(𝑚) + 𝑏(𝑚)
))

(13)
𝑖𝑗 𝑖𝑗
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Table 2
Details of the dataset.
 Dataset Drug number Entity number Relationship number Triple number 
 Part 1 572 825 235 6541  
 Part 2 572 583 1 70350  
 Part 3 572 572 65 74528  
 Part 4 572 20 13 11440  
Fig. 2. Overview of the proposed multimodal fusion framework for DDI 
prediction. M1, M2, M3, and M4 denote the multi-source knowledge graph 
structural, chemical substructure, dual-level semantic, and molecular visual 
modalities, respectively.

The aligned modality representations are subsequently integrated 
through a three-stage fusion module consisting of gated cross-modal 
interaction, dynamic modal attention, and a meta-gated fusion strategy, 
as illustrated in Fig.  2. Here, 𝑊 (𝑚) and 𝑏(𝑚) denote the learnable pro-
jection parameters for modality 𝑚. First, each aligned modality feature 
is refined by an independent gating unit to obtain gated modality 
representations. These representations are then fed into a dynamic 
modal attention module, which computes attention-enhanced modality 
features by modeling interactions across different modalities. Finally, 
the attention-enhanced representations are combined with the origi-
nal aligned features through a meta gate to produce the final fused 
representation 𝐡fusion𝑖𝑗 .

The fused representation is subsequently processed by a two-layer 
MLP with ReLU activation, batch normalization, and dropout (𝑝 = 0.3), 
followed by a softmax classifier for DDI type prediction. The model is 
optimized using the cross-entropy loss with Adam [43], a learning rate 
of 1 × 10−2, and a weight decay of 1 × 10−8.

4. Results

4.1. Datasets

To evaluate the effectiveness of DSMV-DDI, we constructed a real-
world drug dataset by integrating four complementary data sources. 
First, DDI event information was obtained from DrugBank (version 
5.1.7). Second, drug molecular representations derived from SMILES 
were incorporated by transforming them into knowledge graph struc-
tures, following the preprocessing strategy introduced in DDIMDL [26]. 
Third, DDI relationship matrices were further utilized and similarly 
converted into graph-based representations. Finally, MACCS (Molecular 
ACCess System) fingerprints were employed to characterize molecular 
structural properties, with 13 informative MACCS keys and 7 other 
molecular features adopted following established studies [44].

By integrating these diverse data sources, four distinct yet comple-
mentary knowledge graphs were constructed, allowing the model to 
capture drug information from multiple perspectives. Detailed statistics 
of the dataset are summarized in Table  2.

As illustrated in Fig.  3, the 65 DDI interaction types exhibit severe 
class imbalance: the top two categories together account for over 
50% of all samples, while the majority of rare interaction types each 
contribute less than 0.5%.
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Table 3
Experimental task setup.
 Task Description  
 Task 1 Predict interactions between known drugs  
 Task 2 Predict interactions between known drugs and novel drugs 
 Task 3 Predict interactions between novel drugs  

4.2. Evaluation metrics

To evaluate model performance in predicting drug–drug interac-
tions, we employed multiple metrics, including accuracy (ACC), preci-
sion (PRE), recall (REC), F1 score, area under the ROC curve (AUC), and 
area under the precision–recall curve (AUPR). For precision, recall, and 
F1 score, macro-averaging was used to provide balanced assessment 
across classes under imbalanced data distributions. For AUC and AUPR, 
micro-averaging was applied to reflect overall predictive performance 
by aggregating across all classes.

4.3. Experimental task setup

To validate the model’s generalization capability and robustness 
across different scenarios, we designed three experimental settings: (i) 
DDIs between known drugs (Task 1), (ii) DDIs between known and 
novel drugs (Task 2), and (iii) DDIs between novel drugs (Task 3). Task 
1 evaluates model performance in conventional DDI prediction. Task 2 
simulates a clinical scenario in which novel drugs are co-administered 
with known drugs, assessing generalization under partial cold-start 
conditions. Task 3 further examines the predictive capacity of DSMV-
DDI under complete cold-start conditions. The task setup is summarized 
in Table  3.

In this study, novel drugs refer to drugs whose DDI interaction 
records are excluded from the training set. Although DDI interac-
tions involving these drugs are not observed during training, auxiliary 
information such as molecular structures, semantic descriptions, molec-
ular images, and knowledge graph associations remains available for 
representation learning.

4.4. Baselines

To comprehensively evaluate the effectiveness of DSMV-DDI, we 
compared our framework with a wide range of representative baseline 
methods under the Task 1 setting. These methods can be broadly cate-
gorized into four groups, including traditional machine learning meth-
ods, drug feature representation-based methods, graph representation-
based methods, and hybrid representation-based methods. Detailed 
descriptions of the compared methods are provided below.

Traditional machine learning methods. Several conventional
classification algorithms were adopted as baseline models, includ-
ing DNN, RF, KNN, GNN [35], and LR [26]. These methods mainly 
rely on manually engineered drug features or shallow interaction 
representations for DDI prediction.

Methods based on drug feature representation. These methods 
primarily focus on extracting molecular structural descriptors, chemical 
properties, or multimodal drug attributes for interaction prediction.

• DeepDDI [11] learns latent structural patterns directly from 
SMILES sequences in an end-to-end manner for DDI prediction.
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Fig. 3. Class distribution of DDI interaction types. Fifteen representative types are sampled at regular intervals from 65 total categories, illustrating the severe 
imbalance between high-frequency and rare interaction types.
• MDF-SA-DDI [12] integrates multidimensional drug features with 
a self-attention mechanism to emphasize informative interaction 
patterns.

• MCNN-DDI [45] employs heterogeneous convolutional kernels 
within a multi-channel CNN framework to capture multi-granul-
arity drug representations.

• DDIMDL [26] combines multiple biomedical drug features under 
a multimodal deep learning framework for DDI prediction.

• MDDI-SCL [13] introduces structural contrastive learning to re-
fine multimodal drug representations and improve discriminative 
capability for complex interaction categories.

Methods based on graph representation. These approaches
mainly model molecular structures or biomedical relationships through 
graph neural networks and graph-based representation learning.

• MDNN [46] adopts a multi-branch deep neural architecture to 
encode heterogeneous graph-based drug features.

• CNN-Siam [47] utilizes a Siamese convolutional architecture 
with weight-sharing branches to model pairwise drug interac-
tions.

• CNN-DDI [48] applies convolutional neural networks to extract 
local structural patterns from molecular representations.

• DM-DDI [49] combines deep matrix factorization and multi-task 
learning for multi-type DDI prediction.

• NMDADNN [50] incorporates neighbor multi-view data augmen-
tation into deep neural networks to improve representation ro-
bustness.

• MOLGAECL [51] integrates graph autoencoders with contrastive 
learning to enhance molecular representation learning.

Methods based on hybrid representation. These methods inte-
grate multiple heterogeneous modalities, such as molecular structures, 
biomedical knowledge graphs, semantic information, and multimodal 
drug descriptors.

• MFDA [52] employs a dual-attention fusion mechanism to adap-
tively integrate heterogeneous drug modalities.

• MKG-FENN [16] constructs a multi-perspective drug knowledge 
graph and adopts a graph-enhanced neural framework for inter-
action prediction.
7 
• Lee et al. [53] combines chemical substructure similarity with 
protein target information to construct multi-view structural rep-
resentations.

• MSDF [54] jointly models structural, textual, and functional drug 
descriptors through multimodal fusion.

4.5. Comparison on known drugs

In Task 1, where all drugs in both the training and test sets are 
observed during training, we evaluate the performance of DSMV-DDI 
under the conventional DDI prediction setting. The quantitative results 
are summarized in Table  4.

To further evaluate the stability of DSMV-DDI, we conducted an 
additional five-fold cross-validation experiment and reported the mean 
and standard deviation of four representative evaluation metrics, as 
shown in Table  5. The results show that DSMV-DDI maintains com-
parable performance across different data splits, with relatively small 
standard deviations.

Several important observations can be derived from the experimen-
tal results. First, DSMV-DDI consistently achieves the best performance 
across all evaluation metrics, demonstrating the effectiveness of the 
proposed multimodal fusion framework under fully observed condi-
tions. In particular, the full model achieves the highest ACC (0.967) and 
AUPR (0.992), substantially outperforming existing baseline methods.

Second, even without molecular image features, the three-modality 
variant (w/o image) still surpasses all competing methods, indicating 
that the proposed dual-level semantic enhancement and structural en-
coding modules already provide strong discriminative capability for 
DDI prediction.

Third, traditional machine learning methods such as KNN and logis-
tic regression exhibit relatively limited performance, while multimodal 
and graph-based approaches achieve better results by leveraging richer 
structural and semantic representations. Among these methods, hy-
brid frameworks such as MKG-FENN and MSDF show competitive 
performance, confirming the importance of heterogeneous biomedical 
information for DDI prediction.

Finally, incorporating molecular image features further improves 
the overall performance, particularly in recall, which increases from 
0.916 to 0.935. This result suggests that molecular visual representa-
tions provide complementary stereochemical and spatial information 
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Table 4
Performance comparison between our method and baselines on Task 1.
 Type Method ACC AUPR AUC F1 PRE REC  
 

Traditional Methods

KNN 0.721 0.772 0.981 0.483 0.717 0.408 
 DNN 0.880 0.913 0.996 0.722 0.805 0.703 
 RF 0.778 0.835 0.996 0.594 0.789 0.516 
 LR 0.792 0.840 0.996 0.595 0.744 0.524 
 GNN 0.914 0.969 0.999 0.833 0.894 0.801 
 

Methods based on drug feature representation

DeepDDI 0.837 0.890 0.996 0.685 0.728 0.661 
 MDF-SA-DDI 0.930 0.974 0.999 0.888 0.909 0.876 
 MCNN-DDI 0.900 0.948 0.998 0.829 – –  
 DDIMDL 0.885 0.921 0.998 0.759 0.847 0.718 
 MDDI-SCL 0.938 0.978 0.998 0.876 0.880 0.877 
 

Methods based on graph representation

MDNN 0.918 0.967 0.998 0.830 0.862 0.820 
 CNN-Siam 0.924 0.963 0.999 0.924 0.924 0.924 
 CNN-DDI 0.887 0.925 0.998 0.750 0.856 0.722 
 DM-DDI 0.908 0.964 0.999 0.852 0.879 0.839 
 NMDADNN 0.898 0.959 0.999 0.807 0.875 0.781 
 MOLGAECL 0.930 – – 0.852 0.871 0.850 
 
Methods based on hybrid representation

MFDA 0.902 0.963 0.998 0.851 0.857 0.853 
 MKG-FENN 0.941 0.979 0.999 0.896 0.913 0.888 
 Lee et al. 0.909 0.956 0.996 0.839 0.851 0.834 
 MSDF 0.943 0.981 0.999 0.863 0.889 0.854 
 Proposed DSMV-DDI (w/o image) 0.961 0.989 0.999 0.929 0.945 0.916 
 DSMV-DDI (w/ image) 0.967 0.992 0.999 0.936 0.945 0.935 
Fig. 4. Performance comparison across three tasks. The bar chart shows ACC and F1 scores of DSMV-DDI on Task 1, Task 2, and Task 3, demonstrating the 
model’s robust performance across conventional and cold-start scenarios.
Table 5
Additional five-fold cross-validation stabil-
ity analysis of DSMV-DDI on Task 1.
 Metric Mean ± Std  
 Accuracy 0.9647 ± 0.0019 
 Macro-F1 0.9318 ± 0.0143 
 Macro-Precision 0.9394 ± 0.0204 
 Macro-Recall 0.9329 ± 0.0119 

that is difficult to capture using graph- or sequence-based represen-
tations alone. Overall, these results validate the effectiveness of inte-
grating structural topology, semantic knowledge, chemical substruc-
tures, and molecular visual representations for comprehensive DDI 
prediction.

4.6. Comparison on novel drugs

To further evaluate the generalization capability of DSMV-DDI un-
der realistic cold-start scenarios, experiments were conducted on Task 
8 
2 and Task 3, where one or both drugs in the test set are unseen during 
training. As illustrated in Fig.  4, DSMV-DDI maintains strong predictive 
performance across increasingly challenging settings. The quantitative 
results are summarized in Table  6.

DSMV-DDI consistently outperforms all competing methods under 
both partial and complete cold-start conditions, demonstrating superior 
robustness for unseen drug interaction prediction. Specifically, the 
full model achieves ACC scores of 0.903 and 0.858 on Task 2 and 
Task 3, respectively. Compared with the strongest baseline MKG-FENN, 
DSMV-DDI improves ACC by 22.2% on Task 2 and 40.3% on Task 
3, indicating a substantially stronger generalization capability when 
interaction topology information is limited or unavailable.

Most baseline methods exhibit severe performance degradation as 
the prediction scenario shifts from Task 2 to Task 3. For example, the 
ACC of MKG-FENN decreases from 0.681 to 0.455, whereas DSMV-
DDI only declines from 0.903 to 0.858. This observation suggests that 
many existing methods rely heavily on previously observed interaction 
patterns and biomedical associations, which become increasingly sparse 
under complete cold-start settings.
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Table 6
Performance comparison under cold-start settings (Task 2 and Task 3).
 Method Task 2 Task 3

ACC AUPR AUC F1 PRE REC ACC AUPR AUC F1 PRE REC  
MDDI-SCL 0.677 0.695 0.963 0.530 0.625 0.481 0.459 0.394 0.905 0.192 0.259 0.168 
MDF-SA-DDI 0.663 0.678 0.950 0.558 0.655 0.508 0.434 0.387 0.863 0.233 0.272 0.223 
DDIMDL 0.642 0.656 0.980 0.446 0.561 0.432 0.408 0.364 0.951 0.159 0.241 0.145 
NMDADNN 0.630 0.662 0.981 0.433 0.541 0.382 0.620 0.650 0.982 0.367 0.396 0.401 
Lee et al. 0.641 0.624 0.925 0.504 0.539 0.489 0.410 0.318 0.830 0.202 0.222 0.203 
DeepDDI 0.577 0.559 0.958 0.342 0.363 0.389 0.360 0.278 0.906 0.137 0.159 0.145 
DNN 0.624 0.636 0.980 0.300 0.424 0.284 0.409 0.378 0.955 0.115 0.184 0.109 
MKG-FENN 0.681 0.705 0.967 0.539 0.606 0.511 0.455 0.416 0.915 0.219 0.275 0.213 
DSMV-DDI (w/o image) 0.844 0.898 0.993 0.648 0.735 0.604 0.776 0.829 0.986 0.336 0.403 0.320 
DSMV-DDI (w/ image) 0.903 0.956 0.997 0.708 0.765 0.685 0.858 0.916 0.994 0.468 0.513 0.455 
ig. 5. Multi-view molecular conformer visualization for two representative DrugBank drugs. From left to right: 2D molecular structure, and four orthogonal 
iews at 0◦, 90◦, 180◦, and 270◦ around the 𝑌 -axis.
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Molecular visual representations contribute increasingly larger per-
ormance gains as structural interaction information becomes less ac-
essible. Compared with the w/o-image variant, the full model im-
roves ACC by 5.9% on Task 2 and 8.2% on Task 3. Similar trends 
an also be observed for F1 score and AUPR, highlighting the com-
lementary value of molecular visual information for unseen drug 
rediction.

.7. Molecular conformational analysis

To better understand the stereochemical information encoded by 
he molecular image modality, Fig.  5 visualizes the multi-view con-
ormer rendering pipeline for two representative DrugBank drugs, 
italopram and Isradipine. For each drug, the energy-minimized 3D 
onformer is rendered from four orthogonal viewpoints at 0◦, 90◦, 
80◦, and 270◦ around the 𝑌 -axis, corresponding to the same rendering 
rotocol used in the image encoding module.
Several observations support the chemical validity of the image 
odality. First, the orthogonal views reveal complementary stereo-
hemical characteristics that a single 2D representation cannot simul-
aneously capture. For Citalopram, the overall molecular shape and 
he spatial distribution of heteroatoms, including the nitrogen and 
luorine atoms, vary substantially across the four viewpoints, revealing 
hree-dimensional structural information that is absent from the planar 
D representation. For Isradipine, the distinct spatial arrangement of 
xygen-rich functional groups relative to the carbon scaffold becomes 
rogressively apparent as the viewing angle rotates, demonstrating 
t

9 
hat multiple orthogonal views together convey conformational in-
ormation that no single projection can fully represent. Second, the 
all-and-stick rendering explicitly preserves atomic positions and bond 
eometry in three-dimensional space, making the spatial relationships 
etween atoms and functional groups directly visible across different 
iewpoints—information that is abstracted away in two-dimensional 
raph representations. Third, the multi-view strategy ensures that the 
esNet50 encoder receives spatially comprehensive molecular informa-
ion, mitigating the loss of stereochemical detail that would occur if 
nly a single projection were used.
These visualizations qualitatively illustrate the stereochemical in-

ormation captured by the molecular image modality and provide an 
ntuitive interpretation of the proposed multi-view representation. To 
urther evaluate the effect of incorporating multiple molecular con-
ormers, we constructed a multi-conformer representation using an 
nergy-based conformer selection strategy. For each drug molecule, 
ultiple candidate conformations were generated using a standard 
onformer generation and energy minimization procedure. The Top-3 
owest-energy conformers were selected, and each conformer was ren-
ered from four predefined viewpoints. We then compared the single-
onformer representation with the multi-conformer representation. As 
hown in Table  7, the two configurations achieve comparable perfor-
ance across all evaluation metrics, with minor differences observed 
n individual metrics.

.8. Ablation study

To systematically evaluate the contribution of each modality, abla-
ion experiments were conducted under identical training and testing 
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Table 7
Performance comparison between single-conformer and multi-conformer 
molecular image representations.
 Method ACC AUPR AUC F1 PRE REC  
 Single 0.967 0.992 0.999 0.936 0.945 0.935 
 Top-3 0.966 0.991 0.999 0.937 0.943 0.935 

Fig. 6. Modality ablation under cold-start settings. M1, M2, M3, and M4 
denote the multi-source knowledge graph structural, chemical substructure, 
dual-level semantic, and molecular visual modalities, respectively.

settings. Fig.  7 presents the performance of different modality combina-
tions under the conventional setting (Task 1), Fig.  6 shows the modality 
ablation results under the two cold-start settings (Task 2 and Task 3), 
and Fig.  8 compares several pre-trained language models used as the 
semantic encoder.

The knowledge graph structural modality alone achieves 0.940 
ACC, confirming the effectiveness of topology-based representations for 
DDI prediction. Among additional modalities, the semantic modality 
provides the largest performance gain, highlighting the importance 
of dual-level semantic enhancement for capturing pharmacological in-
teraction information. The molecular image modality contributes the 
second-largest improvement, providing complementary stereochemical 
and spatial information beyond graph topology.

In contrast, the chemical substructure modality introduces relatively 
limited improvements, reflecting partial redundancy with the drug-
substructure channel already incorporated in the knowledge graph 
structural encoding. Nevertheless, the full four-modality framework 
still achieves the best overall performance, demonstrating the effective-
ness of multimodal feature integration.

To further evaluate the contributions of different modalities under 
cold-start settings, modality ablation experiments were additionally 
performed on Task 2 and Task 3, as shown in Fig.  6. The results show 
that the prediction performance consistently improves as additional 
modalities are incorporated under both tasks. Compared with the three-
modality configuration, incorporating the molecular image modality 
(M4) further improves all evaluation metrics in both Task 2 and Task 
3, demonstrating its consistent contribution under cold-start settings.

Since the semantic modality is identified as the most influential 
component, we further investigate the impact of different pre-trained 
language models. As shown in Fig.  8, BERT-base-uncased [37] achieves 
the best overall performance (ACC = 0.967), followed by BioBERT-
base-cased [55] and RoBERTa-base [56], while Qwen1.5-1.8B performs 
comparatively worse. This result indicates that interaction-oriented 
fine-tuning effectively adapts general-domain language representations 
to DDI semantics, whereas generation-oriented large language models 
are less suited to discriminative interaction feature extraction.

To further validate the proposed fusion strategy, we compared it 
with a simple feature concatenation baseline, as shown in Table  8. The 
proposed strategy consistently outperforms simple concatenation across 
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Table 8
Comparison of the proposed multimodal fusion strategy with simple feature 
concatenation.
 Method ACC AUPR AUC F1 PRE REC  
 Concat 0.963 0.991 0.999 0.933 0.942 0.921 
 Proposed 0.967 0.992 0.999 0.936 0.945 0.935 

all evaluation metrics, demonstrating the effectiveness of the proposed 
multimodal fusion mechanism.

Overall, the ablation results validate the complementary contribu-
tions of the proposed multimodal representations, the effectiveness of 
the dual-level semantic enhancement strategy, and the superiority of 
the proposed multimodal fusion strategy.

4.9. Parameter sensitivity analysis

To evaluate the robustness of DSMV-DDI, parameter sensitivity anal-
yses were conducted on two task-specific hyperparameters introduced 
by the proposed framework: semantic description token length and 
multimodal fusion projection dimension. Since the GNN architecture 
and the ResNet50 backbone were fixed throughout all experiments as 
predefined model components, they were not included in the sensitivity 
analysis. The corresponding results are shown in Fig.  9.
Token Length Sensitivity.

Fig.  9(a) shows that DSMV-DDI maintains relatively stable per-
formance across different token lengths, indicating that the proposed 
semantic representation framework is not overly sensitive to textual 
granularity. The best performance is achieved at 100 tokens, suggesting 
that moderate-length descriptions provide an effective balance between 
semantic informativeness and redundancy. When the token length in-
creases to 512, the performance slightly declines. Notably, the model 
remains highly competitive within the 64–256 range, demonstrating 
the robustness of the proposed dual-level semantic enhancement strat-
egy.

Projection Dimension Sensitivity.
Fig.  9(b) presents the impact of different projection dimensions on 

multimodal fusion performance. Compared with direct feature con-
catenation, projection-based fusion significantly improves F1-score and 
recall, highlighting the importance of modality-specific feature align-
ment. The performance steadily improves as the projection dimension 
increases from 128 to 512, while larger dimensions provide dimin-
ishing returns and slightly degrade performance at 2048. Overall, 
the 512-dimensional projection achieves the best trade-off between 
representation capacity, computational efficiency, and generalization 
ability.

Overall, the parameter sensitivity analyses demonstrate that DSMV-
DDI exhibits strong robustness and stable performance across different 
hyperparameter settings.

4.10. Case study on representative DDI types

To provide a more granular performance analysis beyond aggregate 
metrics, Table  9 reports the per-class prediction results on ten repre-
sentative DDI types. All 65 categories were first sorted in descending 
order by sample count and assigned sequential class IDs from 0 to 64. 
Representative types were then selected at regular intervals from this 
ranked list, ensuring comprehensive coverage across the full spectrum 
of data frequencies, from high-prevalence to extremely rare interaction 
types.

The selected types cover a wide range of sample frequencies, from 
metabolism decrease (𝑛 = 9810) to hyperglycemic activities increase 
(𝑛 = 5). On high-frequency types, the model achieves excellent perfor-
mance with F1 scores exceeding 0.97, demonstrating reliable prediction 
for common pharmacokinetic events such as metabolism alterations 
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Table 9
Performance of DSMV-DDI on representative DDIs in Task 1.
 DDI Type Precision Recall F1 Counts 
 The metabolism decrease 0.976 0.974 0.975 9810  
 The hypotensive activities increase 0.970 0.981 0.975 1086  
 The serotonergic activities increase 0.964 0.983 0.973 188  
 The sedative activities decrease 0.970 0.971 0.969 102  
 The risk or severity of hypotension increase 0.929 0.943 0.936 70  
 The anticoagulant activities decrease 0.964 0.981 0.972 55  
 The vasoconstricting activities decrease 0.950 0.950 0.951 40  
 The risk or severity of rhabdomyolysis increase 0.722 0.867 0.788 15  
 The hyponatremic activities increase 1.000 1.000 1.000 9  
 The hyperglycemic activities increase 0.833 1.000 0.909 5  
and serum concentration changes. Performance remains robust on mod-
erately frequent types, with F1 scores consistently above 0.93 across 
diverse pharmacological effects including hypotensive, serotonergic, 
sedative, and anticoagulant activities. For DDI types with limited train-
ing samples, the results exhibit greater variability. Some rare types 
achieve perfect precision and recall (hyponatremic activities increase, 
𝑛 = 9). Others show moderate performance (rhabdomyolysis increase, 
𝑛 = 15, F1 0.788), indicating that certain rare interactions share 
overlapping characteristics with more prevalent types, making them 
harder to distinguish without sufficient data.

The per-class results reveal consistent patterns across different 
pharmacological categories. High-frequency DDI types associated with 
metabolic alterations, such as metabolism decrease (F1 0.975), achieve 
the strongest predictive performance. For pharmacological activity 
modulation types, such as hypotensive activities increase (F1 0.975) 
and serotonergic activities increase (F1 0.973), strong performance is 
also maintained, reflecting the framework’s capacity to characterize 
diverse pharmacological interaction mechanisms beyond metabolic 
pathways. This consistency across pharmacological categories confirms 
that the multimodal fusion strategy effectively integrates complemen-
tary molecular representations for robust DDI prediction across a broad 
spectrum of interaction types.

Despite the overall strong performance across representative DDI 
types, prediction on low-frequency categories remains more challeng-
ing because of the highly imbalanced class distribution.
11 
To further investigate the impact of long-tail optimization on low-
frequency DDI prediction, we evaluated several representative loss 
functions, including Focal Loss (FL), Tailed Focal Loss (TFL), and Class-
Balanced Loss (CB). As shown in Fig.  10, the standard cross-entropy 
(CE) loss achieves the best overall performance under the current 
benchmark, while the alternative loss functions produce comparable 
but slightly lower results across the evaluated metrics.

4.11. Visual explanations for DSMV-DDI

To gain deeper insights into the learned representations, we per-
formed both qualitative and quantitative analyses under different
modality configurations. As shown in Fig.  11, panels (a)–(c) present 
the 2D PCA projections of the learned drug-pair representations for the 
M1-only, w/o M3, and full DSMV-DDI models, while panel (d) reports 
the average inter-class centroid distance and intra-class dispersion 
computed in the original embedding space. In the PCA visualizations, 
the top ten most frequent DDI types are highlighted with distinct colors, 
whereas all remaining classes are shown in gray.

As shown in Fig.  11(a)–(d), the M1-only model exhibits substan-
tial overlap among different DDI types, while removing the semantic 
modality (w/o M3) results in improved but still mixed class distri-
butions. In contrast, the full DSMV-DDI model presents more clearly 
separated clusters in the PCA visualization. The quantitative analysis 
further shows that the full model achieves a larger average inter-class 
Fig. 7. Modality contribution analysis. M1, M2, M3, and M4 denote the multi-source knowledge graph structural, chemical substructure, dual-level semantic, 
and molecular visual modalities, respectively.
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Fig. 8. Semantic encoder comparison. Performance of different pre-trained 
language models as semantic encoders under the full-modality setting.

Fig. 9. Parameter sensitivity analysis. (a) Effect of description token length 
on ACC and F1. (b) Effect of projection dimension on ACC and F1.

Fig. 10. Performance comparison of different loss functions for long-tail DDI 
prediction.

centroid distance together with a smaller average intra-class disper-
sion than the corresponding ablated configurations, providing comple-
mentary quantitative measurements of representation separability and 
compactness.

5. Conclusion and future work

DSMV-DDI demonstrates that integrating dual-level pharmacologi-
cal semantics with stereochemical molecular visual representations sub-
stantially improves drug–drug interaction prediction under both con-
ventional and cold-start settings. Experimental results demonstrate that 
12 
the proposed multimodal framework effectively leverages complemen-
tary structural, chemical, semantic, and visual information to achieve 
consistently superior predictive performance. Extensive analyses fur-
ther confirm the complementary contributions of different modalities 
and the effectiveness of the proposed multimodal representation learn-
ing framework. These findings highlight the importance of integrating 
complementary pharmacological and stereochemical information for 
reliable DDI prediction, particularly under realistic clinical scenarios 
involving previously unseen drugs.

Beyond improving DDI prediction performance, DSMV-DDI provides 
a unified multimodal representation learning paradigm that jointly 
models complementary pharmacological semantics and stereochemi-
cal molecular characteristics. This framework may also provide use-
ful insights for developing multimodal learning approaches for other 
biomedical prediction tasks involving heterogeneous molecular infor-
mation.

Although DSMV-DDI achieves strong performance under both con-
ventional and cold-start settings, several challenges remain. Prediction 
performance on extremely low-frequency DDI types can still be im-
proved. In addition, the current molecular image representation is 
based on a fixed conformer generation strategy and may not fully 
exploit the conformational diversity of flexible drug molecules.

Future work will investigate adaptive multi-conformer represen-
tation learning, more effective multimodal fusion and representation 
learning strategies, handling of long-tail and rare DDI types through 
imbalance-aware learning techniques, and evaluation on more diverse 
benchmark datasets and broader drug safety assessment tasks involving 
large-scale polypharmacy, thereby facilitating practical clinical deci-
sion support.
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Fig. 11. Qualitative and quantitative representation analysis of different modality configurations. Panels (a)–(c) show PCA visualizations, while panel (d) reports 
the average inter-class centroid distance and intra-class dispersion computed in the original embedding space.
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