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Machine learning models for drug-drug
interaction prediction from computational
discovery to clinical application
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Drug–drug interaction (DDI) poses a major challenge in clinical pharmacology, often compromising
therapeutic efficacy or causing serious adverse events. Traditional detection methods, heavily
dependent on experimental assays and expert knowledge, are constrained by high costs and limited
scalability. This work explores emerging machine learning (ML)-based strategies for predicting DDIs
by leveraging the rapidly expanding biomedical data landscape. Recent advances in deep learning
architectures, graph neural networks and sophisticated feature engineering have markedly improved
predictive performance, offering scalable and data-efficient alternatives to conventional approaches.
We further highlight real-world clinical applications where ML-based models have enhanced drug
safety monitoring and informed therapeutic decision-making. Finally, we discuss critical challenges
like model interpretability, generalizability and integration with clinical workflows, and outline future
directions toward building robust, explainable and clinically actionable DDI prediction systems. This
work provides a comprehensive perspective on how AI-driven methodologies are reshaping
pharmacovigilance and precision therapeutics.

Drug-drug interaction (DDI), defined as the pharmacological or clinical
modifications inducedby the co-administrationofmultiple drugs, represent
a critical and often underestimated determinant of therapeutic efficacy and
patient safety1. DDIs are traditionally categorized into pharmaceutical (PC),
pharmacokinetic (PK), and pharmacodynamic (PD) interactions2.
Although combination therapies are frequently employed to enhance
clinical outcomes, particularly in complex diseases such as cancer and
cardiovascular disorders3–5, the concurrent use of multiple agents expo-
nentially increases the risk of adverse DDIs6,7. Notably, conventional
detection strategies including Phase IV trials and post-marketing surveil-
lance, often fail to capture the full spectrum of clinically relevant DDIs prior
to drug approval8, underscoring an urgent need for more proactive and
systematic identification approaches. Additionally, experimental methods,
including in vitro enzyme inhibition assays and in vivo PK studies, remain
the gold standard for DDI detection9,10. However, these methods are
inherently constrained by limited throughput, high costs and substantial
time investment11–13. Moreover, given the rapid expansion of available
therapeutic agents, exhaustive experimental validation of all potential DDIs
is increasingly impractical14–17.

In this context, computational modeling has emerged as a compelling
alternative, offering scalability, speed and the ability to prioritize high-risk

interactions18. Artificial intelligence (AI) has further revolutionized DDI
prediction by leveraging large-scale biomedical data to enable graph-based
reasoning, natural language processing and deep learning, outperforming
traditional methods in cost-efficiency and scalability19–24. These advance-
ments align with recent progress in computational drug development,
where standardized evaluation frameworks have been developed to assess
the quality and clinical applicability of predictive resources25. AI meth-
odologies have already demonstrated remarkable success across multiple
pharmacological domains, including antiviral drug discovery, optimization
of therapeutic regimens, de novo drug design and prediction of protein-
ligand binding affinities26–30, further underscoring their transformative
potential. These advancements have expanded the scope of computational
approaches, which now fall broadly into two categories: text mining-based
methods, which extract DDI knowledge from structured or unstructured
biomedical data31, and machine learning (ML)-based methods, which pre-
dict novel interactions through statistical learning frameworks.

Among these, ML-based strategies have demonstrated remarkable
advances in predictive performance and translational potential. By lever-
aging extensive pharmacological, chemical and clinical datasets, ML algo-
rithms can uncover complex nonlinear dependencies that often elude
traditional heuristics32,33. Current ML paradigms for DDI prediction
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encompass diversemethodological families, including graph- and network-
based models34, classification algorithms35, similarity-driven approaches36,
multi-task learning frameworks37, structure-based predictions38, matrix
factorization techniques39 and deep learning architectures such as con-
volutional neural networks (CNNs) and graph neural networks (GNNs)40.
Eachmethodology offers distinct advantages in capturing specific aspects of
drug interactions, from chemical structure to clinical outcomes. While
substantial progress has been made, several key challenges continue to
hinder further advancement. For example, existing models often face lim-
itations in interpretability, generalizability across diverse clinical settings
and integration with multi-omics and real-world evidence41. Moreover,
while ML has significantly expanded the frontier of DDI prediction, sys-
tematic evaluation of these models under clinically meaningful conditions
remains limited42. Addressing these challenges is crucial for translating
computational predictions into actionable clinical insights.

Presently, we provide a comprehensive study ofML-based approaches
for DDI prediction, with an emphasis on recent methodological innova-
tions, comparative performance metrics and clinical applicability. We sys-
tematically analyze the strengths and limitations of prevailing techniques,
discuss exemplar case studies that illustrate the clinical relevance of DDI
prediction, andpropose futuredirections, including the integrationof causal
inference, explainable AI and real-world data analytics. By synthesizing
current knowledge and outlining emerging opportunities, this work aims to
accelerate the translation of ML-driven DDI prediction into safer, more
effective therapeutic strategies.

The general process of machine learning in drug-drug
interactions
ML has emerged as a powerful tool for predicting DDIs by learning from
large-scaledrug-relateddatasets andautomatically extracting latentpatterns
to enable efficient predictions43. In DDI research,MLmethods are uniquely
capable of handling complex, multidimensional data, encompassing che-
mical structures,molecular properties, biological activities, pharmacological
mechanisms and clinical information. This ability to process diverse data
types significantly enhances the accuracy, interpretability and reliability of
DDI predictions44. Compared with traditional experimental approaches,
ML not only accommodates larger and more complex datasets but also
reveals intricate relationships between drugs, which is crucial for mitigating
clinical risks associated with adverse drug interactions45.

A standardizedMLworkflowhas beenwidely adopted inDDI research
to translate these capabilities into actionable predictions. Theoverall process
for ML-based DDI prediction is illustrated in Fig. 1A. It involves four key
stages: data acquisition, model construction, performance evaluation and
experimental validation. First, comprehensive datasets are curated from
public biomedical databases,with each repository providing specializeddata
types: (1) DrugBank46–48 for targets and drug-target interactions, (2)
PubChem49–52 for chemical structures, bioactivity and chemical molecules,
(3) KEGG53–55 for genomics, biology and metabolic pathways, and (4)
dedicated DDI databases (e.g., TWOSIDES56, DDInter57,58) for known
interaction pairs and their clinical effects, etc.

The acquired data serve dual purposes in model development. These
datasets provide the foundational features for model development. Subse-
quently, a range of ML techniques including random forests (RF), support
vectormachines (SVM) andGNN, are employed to learn complex patterns
underlying drug interactions.Model performance is systematically assessed
using multiple benchmark datasets and comparative analyses with tradi-
tional methods are conducted. Finally, predicted DDIs are subjected to
experimental validation through in vitro assays (e.g., cell- and animal-based
studies) and clinical data analysis to confirm their reliability and transla-
tional relevance59–61. This rigorous evaluation phase ensures generalizability
before proceeding to biological validation. The commonly used biomedical
databases and the schematic diagram of drug interaction are depicted in
Fig. 1B, C, respectively.

The efficacy of this workflow hinges on two critical components:
high-quality data and adaptable algorithms. High-quality data form the

cornerstone of ML-based DDI prediction. Comprehensive databases con-
taining detailed drug information like chemical structures, molecular
descriptors, pharmacological mechanisms, as well as the types, intensities
and clinical impacts of known DDIs, are essential for training robust
models62. A thorough understanding of major biomedical databases, their
content, and their specific applications in DDI research is vital for the
effective development and validation of predictive models63.

Within this workflow, certain ML approaches have emerged as parti-
cularly effective for DDI prediction, including SVM64,65, RF66 and different
forms of neural networks. These algorithms analyze drug interactions from
multiple perspectives, leveraging features derived frommolecular structure,
pharmacological properties, and clinical observations. In particular, the
advent of deep learning, especially CNNs and GNNs67,68, has markedly
advanced the field. Deep learning models excel in automatically extracting
high-dimensional, complex features from raw data, significantly improving
prediction performance69.

Despite these advances, several challenges persist. Imbalanced datasets
can bias model training, reducing prediction reliability. Limited model
interpretability often impedes mechanistic understanding of predicted
interactions. Moreover, generalization across different datasets remains
difficult70. Addressing these challenges has prompted the development of
novel algorithms and optimization strategies aimed at improving predictive
accuracy, robustness, and model transparency71.

The application of machine learning in drug-drug interactions
To provide a comprehensive overview of current strategies, we system-
atically summarize the major ML-based DDI prediction methods, which
can be categorized into four primary types: (1) learning paradigms-based
methods; (2) representation-level-based methods; (3) specific model
families-based methods; (4) modeling strategies and training paradigms-
based methods. A detailed summary of these approaches is presented in
Table 1, facilitating an integrated understanding of methodological
advances in the field.

Method based on learning paradigms for predicting drug-drug
interactions
The academic community has developed various traditionalMLmethods to
address the increasingly challenging prediction of DDIs72, each with unique
advantages and considerations. These methods integrate diverse features
and data sources to predict potential drug interactions73,74, thereby
improving patient safety and clinical efficacy. These methods integrate
diverse features and data sources to predict potential drug interactions,
thereby improving patient safety and clinical efficacy. Themost widely used
methods among them are multi-task learning-based methods, and tradi-
tional ML classifiers with handcrafted features-based methods. These tra-
ditionalMLmethods have unique advantages in handling diverse data types
and revealing potential associations between drugs75, providing important
support for drug safety and pharmacovigilance work.

In detail, method based on multi-task learning leverages the shared
knowledge across related tasks, such as predicting different types of drug-
drug interactions or jointly predicting DDIs, to enhance the generalization
and robustness of the primary DDI prediction task76. This paradigm
addresses the common issue of data sparsity in DDI prediction by utilizing
auxiliary information from related domains, allowing the model to learn
more informative and transferable drug representations. By sharing
underlying feature representations and learning a common latent space,
multi-task learning-based methods can uncover complex, non-linear rela-
tionships that might be overlooked in single-task models77. This approach
provides a powerful framework for predicting diverse and high-risk drug
combinations, especially when labeled data for specific interaction types is
limited. The ability to simultaneously model multiple related pharmacolo-
gical outcomes makes multi-task learning an increasingly vital strategy for
comprehensive drug safety assessment and polypharmacy management.

Asmentioned earlier, drug combinations are traditional ML classifiers
with handcrafted features-basedmethods through the extraction of features
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from large datasets to identify potential DDIs78. This approach provides a
reliable means for predicting high-risk drug combinations, especially in
cases where clinical trial data is scarce or unavailable. However, when drugs
with similar chemical structures are used in combination, traditional ML
classifiers with handcrafted features-based methods may generate com-
parable reactions79. This method can comprehensively evaluate drug
interactions by integrating multidimensional drug similarity indicators,
such as molecular structure, biological targets, and side effects80. By incor-
porating ML algorithms to capture the complexity of drug interactions, the
prediction accuracy of traditional ML classifiers with handcrafted features-
based methods has been significantly improved.

These two methods, i.e., multi-task learning and traditional ML clas-
sifiers with handcrafted features, complement each other to construct a
complete framework for predicting DDIs. They not only lay the foundation
for more advanced technologies, but also provide important support for
research to improve drug safety and efficacy. In the next section, we will
delve into the application of each method in the field of DDIs.

Method based on multi-task learning
DDI refers to the phenomenon where two drugs synergistically or antag-
onistically influence each other’s activity when administered in combina-
tion. Although some DDIs can be retrieved from existing databases, a
substantial portion of information remains embedded within the vast body
of biomedical literature81. Thus, there is an urgent need to develop auto-
mated methods capable of extracting potential DDI information from

textual sources82. The workflow for DDI prediction based on multi-task
learning is illustrated in Fig. 2A, demonstrating how different tasks syner-
gistically contribute to DDI prediction.

A notable contribution in this area is the work of Zhou et al.83, who
proposed anovel position-awaredeepmulti-task learningmodel specifically
designed for DDI extraction from biomedical texts. In their approach,
sentences are represented as sequences of word embeddings combinedwith
position embeddings. An attention-based bidirectional long short-term
memory (BiLSTM) network is used to encode the contextual features of
each sentence. The relative positional information of words with respect to
the target drug entities is incorporated into the BiLSTM hidden states to
generate position-aware attention weights. Furthermore, within the multi-
task learning framework, two related tasks—predicting whether two drugs
interact and classifying the specific typesof interactions—are jointly learned.
Experimental results demonstrated that theirmodel achieved an interaction
type identification accuracy of 72.99%, surpassing the state-of-the-art
method by 1.51%. These findings underscore the effectiveness of incor-
porating positional information andmulti-task learning for DDI extraction
from biomedical text.

Potential adverse DDIs can significantly increase the risks asso-
ciated with combination therapies; however, existing computational
methods often fail to detect them effectively. To address this limitation,
Wang et al.84 proposed an ensemble-based multi-task neural network,
termed DEML, designed for the simultaneous optimization of five
synergy regression prediction tasks, a synergy classification task, and a

Fig. 1 | Prediction process and data resources of drug-drug interaction. A The workflow of DDI prediction by machine learning method. B Commonly used biomedical
databases. C Schematic diagram of drug interaction.
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Table 1 | Classification of methods and models for predicting drug-drug interactions

Taxonomy Method Description Reference

Method based on learning
paradigms

Position-aware deep multi-task
learning

A position-aware deep multi-task learning approach for extracting drug-
drug interactions from biomedical texts, combining word and position
embeddings with an attention-based BiLSTM network, achieving state-
of-the-art performance in both binary DDI classification and interaction
type identification.

83

DEML DEML is an ensemble-based multi-task neural network that optimizes
multiple tasks, including synergy prediction and DDI classification, using
chemical and transcriptomics data, and achieves superior performance in
synergy predictionwhile alleviating themulti-task learning “seesaweffect”
for cancer treatment strategies.

84

LCM-DS A local classification-basedmodel (LCM-DS) for predicting potential DDIs
of new drugs, combining it with a Dempster-Shafer fusion algorithm to
improve training efficiency, memory usage, and prediction performance.

87

link prediction as a binary classification
task on networks

This method uses link prediction techniques, framed as a binary
classification task, to predict unknown drug-drug interactions (DDIs) in
large-scale databases.

88

Method based on
representation-level

Similarity-based machine learning
support vector machine predictor

A machine learning model using support vector machines (SVMs) to
predict drug-drug interactions by integrating five similarity measures (2D
molecular, 3D pharmacophoric, interaction profile fingerprint, target, and
adverse drug effect) from established databases, using a pairwise kernel
for SVM input.

92

A Probabilistic Approach for Collective
Similarity

A probabilistic method for using Probabilistic Soft Logic to infer unknown
drug-drug interactions from a network of drug similarities and known
interactions, outperforming existing methods by over 50% in AUPR and
identifying five novel interactions validated by external sources.

93

DDI-IS-SL DDI-IS-SL is amethod for predicting drug-drug interactions by integrating
drug chemical, biological, and phenotype similarities with semi-
supervised learning.

94

DDI-SSL DDI-SSL is a drug-drug interaction prediction method that leverages
substructure signature learning, deep clustering, and a collaborative
attention mechanism to improve prediction accuracy by aggregating
similar substructures and mitigating noise from drug heterogeneity.

96

SSI–DDI SSI-DDI is a deep learning framework that directly operates on raw
molecular graphs to extract richer features and predicts drug-drug
interactions by identifying pairwise interactions between drug
substructures.

97

MSResG MSResG is a deep learning framework that integrates multi-source drug
features with a Graph Auto-Encoder and residual graph convolution
networks to predict drug-drug interactions, demonstrating advanced
performance and high accuracy.

98

StructNet-DDI StructNet-DDI is a deep learning framework using SMILES
representations and a modified ResNet18 architecture to extract key
molecular features for accurate drug-drug interaction prediction,
addressing training challenges and achieving superior performance.

99

Method based on specific model
families

BRSNMF BRSNMF is a method that predicts drug-drug interactions by detecting
drug communities and using drug-binding protein features to handle cold
start issues.

110

MRMF MRMF is a drug-drug interaction prediction method that treats DDI
prediction as a matrix completion task, utilizing manifold regularization to
incorporate various drug features, improving prediction accuracy.

111

ISCMF ISCMF is amethod that integratesmultiple drug similarity data types using
nonlinear fusion and Gaussian interaction profiles to predict drug-drug
interactions.

112

TMFUF TMFUF is a unified framework based on triple matrix factorization that
improves drug-drug interaction prediction by capturing pharmacological
changes and enhancing the prediction of enhanced and weakened DDIs,
offering support for clinical applications.

113

GRPMF GRPMF is a method that predicts drug-drug interactions by incorporating
expert knowledge through a graph-based regularization term, enhancing
matrix factorization for more accurate predictions.

114

Wasserstein Adversarial Autoencoder-
based knowledge graph embeddings

A new KG embedding framework using adversarial autoencoders (AAEs)
withWasserstein distances andGumbel-Softmax relaxation for drug-drug
interaction (DDI) tasks, achieving improved performance by generating
high-quality negative samples and addressing vanishing gradient issues.

116

Predicting rich DDI information through
graph embedding

It uses graph embedding and biomedical text integration to predict drug-
drug interactions (DDIs), overcoming data incompleteness and sparsity
through a link prediction process.

117
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DDI classification task. DEML integrates chemical features and tran-
scriptomics data as inputs. A novel hybrid ensemble layer structure is
employed to construct higher-order representations from different
perspectives, while a task-specific fusion layer with a gating mechanism
links representations for each task. For the Loewe synergy prediction
task, DEML achieved a 7.8% reduction in root mean squared error and a
13.2% improvement in the R² correlation coefficient compared to the
previous best-performing method. By combining drug synergy predic-
tion and DDI classification within an ensemble multi-task learning
framework, DEML significantly enhances prediction accuracy. Never-
theless, while DEML exhibits stable performance across multiple tasks,
further refinements—such as improving DDI subtype classification and
enhancing adaptability to cross-domain datasets—represent promising
directions for future research.

Method based on traditional machine learning classifiers with
handcrafted features
TraditionalML classifiers with handcrafted features-based approaches have
emerged as a common and effective strategy in DDI prediction research.
Although DDIs may occur incidentally during co-administration, their
detection through clinical trials remains limited due to small sample sizes85.
Consequently, most DDIs are only identified post-marketing, often after
causing serious adverse drug reactions86. Traditional ML classifiers with
handcrafted features-basedmethodsoffernot onlyhighpredictive efficiency
but also the ability to uncover potential drug interactions by leveraging
diverse feature extraction techniques. These methods enable researchers to
screen high-risk drug combinations from large datasets, thereby sig-
nificantly contributing to drug safety research. In recent years, the

application of traditional ML classifiers with handcrafted features-based
methods in DDI prediction has gained increasing attention. An overview of
the general workflow for traditional ML classifiers with handcrafted
features-based DDI prediction is illustrated in Fig. 2B.

To address the growing complexity of DDI prediction, Shi et al.87

proposed anovel local classification-basedmodel (LCM),whichoffers faster
training speed, lower memory requirements, and mitigates biases inherent
in previous approaches. Building on this foundation, they developed a
supervised fusion algorithm based on Dempster-Shafer (DS) theory of
evidence, termedLCM-DS. This framework integrates three components to
make final predictions: the LCM output, the closeness between the LCM
output and a reference output, and a quality classifier assessing the reference
output. Experimental results demonstrated that LCM-DS significantly
outperformed three state-of-the-art baseline methods as well as classical
fusion algorithms inDDIprediction tasks. By integratingmultiple classifiers
and employing DS evidence theory, LCM-DS enhances prediction perfor-
mance and robustness. Nevertheless, as the number of drugs increases, the
model’s computational and storage demandsmay become a limiting factor.
Additionally, further improvements in fusion method selection and simi-
larity matrix construction could enhance performance. Future research
directions include optimizing model scalability, refining fusion strategies,
addressing class imbalance issues, and improving interpretability to expand
the model’s practical utility.

In contrast, Kastrin et al.88 adopted a different approach by for-
mulatingDDI prediction as a binary link prediction taskwithin potential
DDI networks. They applied link prediction techniques to infer
unknown interactions across five large-scale DDI databases—Drug-
Bank, KEGG, NDF-RT, SemMedDB, and Twosides. Their study

Table 1 (continued) | Classification of methods and models for predicting drug-drug interactions

Taxonomy Method Description Reference

RaGSEs RaGSECo is a novel DDI prediction method that combines relation-aware
graph structure embedding with co-contrastive learning, using multi-
relational DDI and drug–drug similarity graphs to learn and propagate
effective drug embeddings for more accurate predictions.

118

SmileGNN SmileGNN is a drug–drug interaction prediction model that integrates
SMILES-based structural features and knowledge graph topological
features through graph neural networks, demonstrating superior
prediction performance and credibility.

120

ACDGNN ACDGNN is an attention-based cross-domain graph neural network for
DDI prediction that integrates drug-related biomedical entities and uses
cross-domain transformation to handle entity heterogeneity, achieving
superior performance in both transductive and inductive settings.

121

reverse GNN Reverse GNN is a model that learns high-quality graphs from the intrinsic
space of original data points and addresses out-of-sample extension,
improving feature learning and enabling both supervised and semi-
supervised learning.

122

SGFNNs By introducing signed GNNs to model assortative and disassortative
relationships in drug pairs, using two spectral filters on signed graphs and
an end-to-end framework with SGFNNs and a discriminators are used to
improve DDI prediction.

123

AutoDDI AutoDDI is an automated DDI prediction method that leverages
reinforcement learning to optimize GNN architectures, adapting the depth
of layers and capturing interaction information for improved prediction
accuracy.

124

Method based on modeling
strategies and training paradigms

MMADL MMADL model integrates multi-source drug features and a multi-view,
multichannel attention mechanism to enhance drug-drug interaction
prediction by adaptively learning the importance of different drug
attributes and entity information.

126

MDF-SA-DDI MDF-SA-DDI is a novel method that predicts drug-drug interactions by
fusing multi-source drug and feature data through Siamese networks,
convolutional neural networks, and autoencoders, with transformer self-
attention for enhanced feature integration and prediction accuracy.

127

CNN-Siam CNN-Siam is a novel convolutional neural network based on a Siamese
architecture that learns feature representations of drug pairs from
multimodal data to predict drug interactions, optimized with RAdam and
LookAhead algorithms.

130
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evaluated predictive performance using both unsupervised and super-
vised learning methods, with features derived from topological and
semantic similarities. Supervised learning models—including classifi-
cation trees, k-nearest neighbors, SVM, RF, and gradient boosting
machines—consistently outperformed unsupervised approaches. The
findings underscore the potential of supervised link prediction as a

powerful tool for identifying novel DDIs and advancing clinical
research. Although the method demonstrates strong practicality and
innovation, its robustness could be further improved through the use of
cross-validation and multiple evaluation metrics. Furthermore, incor-
poratingmodel interpretability techniques such as LIMEwould enhance
transparency and trustworthiness, especially in clinical settings.

Fig. 2 | Prediction of drug-drug interaction flow chart based on multi-task
learning and traditional machine learning classifiers with handcrafted features.
A Flow chart for predict drug-drug interaction based on Multi-Task Learning.

B Flow chart of drug-drug interaction prediction based on Traditional Machine
Learning Classifiers with Handcrafted Features.
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Method based on representation-level for predicting drug drug
interactions
Beyond the selection of learning paradigms, the effectiveness of DDI pre-
diction critically depends on how drug information is computationally
represented. The representation-level approach focuses on transforming
raw drug data-such as molecular structures, biological targets, and phar-
macological properties—into structured mathematical forms that ML
models canprocess. The design of these representations directly influences a
model’s ability to capture complex drug–drug relationships and underlying
interaction mechanisms. The most widely used methods among them are
similarity-based methods, and structural characteristics-based methods.
Similarity-based representations leverage the fundamental principle that
similar drugs are likely to share similar interaction profiles, integrating
multiple pharmacological and molecular data sources to construct holistic
similarity measures89. In contrast, structural characteristics-based repre-
sentations directly encode the intrinsic physicochemical and topological
information of a drug molecule, from atomic composition and functional
groups to complete molecular graph structures. Both approaches provide
complementary perspectives for quantifying and comparing drug profiles,
serving as essential input features for a wide range of ML algorithms. The
computational techniques, and application scenarios of these two key
representationmethods inDDIpredictionwill be examined in the following
sections.

Method based on similarity
The core idea of traditional similarity-based approaches for DDI prediction
is that if drugA interactswithdrugB toproducea specific effect, thendrugA
(or drug B)may exhibit similar effects when combinedwith other drugs. By
integrating multiple drug similarity features, these methods facilitate the
prediction of potential interactions involving novel drugs90. DDI remains a
major contributor to adverse drug reactions in clinical practice91. Particu-
larly, similarity-based methods have been developed with good predictive
accuracy, and ML techniques have further extended their applicability.
However, the performance of some ML-based models has not met expec-
tations, largely due to limited training datasets and suboptimal similarity
measures. An overview of the similarity-based DDI prediction workflow is
provided in Fig. 3A.

In recent years, ML methods have shown significant promise in
improving the prediction of DDIs, which is critical for pharmacovigilance
and drug safety. Various strategies have been proposed to enhance the
accuracy and efficiency of DDI prediction by incorporating diverse drug
similarity and interaction features. For instance, Song et al.92 developed a
SVM-based model utilizing an extensive set of similarity measures derived
from well-established databases such as DrugBank and SIDER. The simi-
larity metrics included 2D molecular structure similarity, 3D pharmaco-
phoric similarity, interaction profile fingerprint similarity, target similarity,
and adverse drug effect (ADE) similarity. A pairwise kernel was constructed
based on these five similarity measures and used as the input vector for the
SVM classifier. Ten-fold cross-validation demonstrated excellent predictive
performance, achieving an area under the receiver operating characteristic
curve (AUROC) greater than 0.97—substantially outperforming previous
models withAUROCs around 0.67. This study highlighted the effectiveness
of integrating multiple drug similarity features in enhancing DDI predic-
tion. The similarity-based SVM approach offers a robust tool for pharma-
covigilance by providing comprehensive and accurate predictions of
potential DDIs.

Building on the integration of drug similarity information, Sridhar
et al.93 proposed a probabilistic framework for predicting unknownDDIs by
leveraging multiple networks of drug similarity and known interactions.
They employed probabilistic soft logic (PSL), a highly scalable and exten-
sible probabilistic programming framework, to develop a joint inference
model. By combiningmultiple similarity sourceswith domain knowledge of
network structures, the PSL-based model significantly outperformed
existing similarity-based approaches. Evaluation across two datasets con-
taining three types of drug interactions showed that the collectivePSLmodel

achieved superior performance on key link prediction metrics, including
area under the precision-recall curve (AUPR) and AUROC, exceeding the
performance of advanced systems such as INDI by over 50% in AUPR.
Furthermore, the model successfully identified five novel DDIs. Although
the results are promising, future improvements could focus on enhancing
the model’s capability to predict rare or unlabeled interactions and incor-
porating additional multidimensional data sources—such as patient char-
acteristics—to improve the model’s generalization ability and practical
applicability.

In another study, Yan et al.94 introduced a novel method called
DDI-IS-SL, which predicts DDIs by integrating similarity information and
semi-supervised learning. DDI-IS-SL combines chemical, biological, and
phenotypic drug data to calculate feature similarities using cosine similarity.
It also constructs Gaussian interaction profile kernel similarities based on
known DDIs. A semi-supervised learning algorithm, the Regularized Least
Squares classifier,was thenemployed topredict interaction likelihood scores
between drug pairs. Across 5-fold and 10-fold cross-validation studies, as
well as de novo drug validation tasks, DDI-IS-SL consistently outperformed
comparative methods in prediction performance. While the approach
demonstrates strong predictive capabilities, there remains room for further
advancement, particularly in improving adaptability to complex real-world
scenarios, enhancing prediction accuracy, and increasing the interpret-
ability of the model’s outputs.

Method based on structural characteristics
In the development of prediction models, the extraction of structural
characteristics often constitutes a critical step95. Structural characteristic-
based prediction methods involve extracting salient features from the data
and constructing feature vectors that serve as the foundation for subsequent
model training. These features can include numerical, textual, or image-
derived information from the original data, as well as abstract features
obtained through transformation or dimensionality reduction techniques.
Methods based on structural characteristics place particular emphasis on
capturing the internal structures and relationships within the data, lever-
aging complex topological features such as graphs and networks to predict
potential associations. The key advantage of these methods lies in their
ability to uncover latent patterns and ruleswithin complex datasets, thereby
enhancing prediction accuracy. The workflow of DDI prediction based on
structural characteristics is summarized in Fig. 3B.

DDIs arise from interactions between various chemical substructures
(functional groups) of different drugs. In existing DDI prediction methods
based on substructures, each node is typically treated as the center of a
substructure pattern, and adjacent nodes are viewed as centers of similar
substructures. However, this often introduces redundancy, and significant
structural and functional heterogeneity among compounds can result in
unrelated pairings, complicating information integration and potentially
undermining prediction performance. To address these challenges, Yuan
Liang96 proposed a novel DDI prediction method based on Substructure
Signature Learning (DDI-SSL). This approach extracts meaningful infor-
mation from local subgraphs surrounding each drug and effectively utilizes
substructures to assist in predicting drug side effects. Furthermore, a deep
clustering algorithm aggregates similar substructures, enabling the recon-
struction of individual subgraphs based on a set of global substructure
signatures. A layer-independent collaborative attention mechanism is also
introduced to model the mutual influence between drugs, generating signal
strength scores for each drug class tomitigate noise caused by heterogeneity.
Experimental evaluation on a comprehensive dataset demonstrated that
DDI-SSL outperformed existing state-of-the-art methods in DDI predic-
tion. Notably, the introduction of substructure signature learning
and collaborative attention mechanisms significantly improved prediction
performance and robustness. Nevertheless, there remains room for
improvement in terms of model interpretability, data diversity, computa-
tional efficiency, and robustness. Future efforts aimed at optimizing these
aspects could further enhance the practical value and applicability of the
DDI-SSL model.
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Most existing methods focus on predicting interactions based on
chemical substructures rather than considering the full chemical structures
of drugs. Additionally, many rely on manually designed molecular repre-
sentations, which are inherently limited by domain knowledge and often
lack universality and flexibility. In response, Nyamabo et al.97 proposed the
Substructure–Substructure Interaction–Drug–Drug Interaction (SSI-DDI)

framework, a knowledge-driven deep learning approach that directly
operates on raw molecular graph representations for richer feature extrac-
tion. Crucially, SSI-DDI decomposes the DDI prediction task into identi-
fying pairwise interactions between substructures of two drugs. Evaluation
on real-world datasets showed that SSI-DDI improved DDI prediction
performance compared to state-of-the-art methods. However, a noted

Fig. 3 | Prediction of drug-drug interaction flow chart based on Similarity and Structural Characteristics. A Flow chart for predict drug-drug interaction based on
Similarity. B Flow chart of drug-drug interaction prediction based on Structural Characteristics.
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limitation is that changes in the ordering of drug pairs during training can
affect performance, possibly due to the leakage of noise during substructure
extraction.Despite this, the approachhighlights the importanceofmodeling
fine-grained interactions between drug substructures.

While traditional experimental methods can predict DDIs, they are
often time-consuming and costly, underscoring the need for more efficient
computational approaches. In this context,Guo et al.98 proposedMSResG, a
deep learning framework that integrates multi-source drug features with a
GraphAuto-Encoder forDDIprediction. Specifically,MSResGobtains four
types of drug feature representations—chemical substructure, target,
pathway, and enzyme information—fromdatabases and calculates pairwise
Jaccard similarities. These similarities are then integrated by averaging to
balance feature contributions. A comprehensive similarity network, com-
bined with a drug interaction network, is encoded and decoded using a
graph auto-encoder built upon a residual graph convolutional network. The
encoding phase learns potential drug feature vectors that capture both
similarity and interaction information, while the decoding phase recon-
structs the network to predict unknown DDIs. Experimental results
demonstrated that MSResG outperformed previous state-of-the-art meth-
ods. By integrating diverse feature types and utilizing a residual graph
convolutional structure, MSResG significantly enhanced prediction per-
formance. However, further optimizations, particularly in feature selection
and similarity calculation strategies, are needed to improve the model’s
ability to capture complex drug interactions. Additionally, increased
experimental validation and testing on larger datasets would help enhance
the model’s generalization and robustness.

Similarly, Wang et al.99 proposed StructNet-DDI, a deep learning
framework based on SMILES representations of chemical structures for
DDI prediction, but utilizing a distinct methodology. Their model extracts
Morgan fingerprints and key molecular descriptors, converting them into
raw graphical features that are input into amodified ResNet18 architecture.
By leveraging a deep residual network enhanced with regularization tech-
niques, the model effectively addresses training challenges such as gradient
vanishing and explosion, resulting in superior predictive performance.
StructNet-DDI demonstrated excellent results across multiple metrics,
including AUC, accuracy, and AUPR. By combining SMILES strings,
Morgan fingerprints, and molecular descriptors, StructNet-DDI offers a
simple yet robust tool for DDI prediction. Nevertheless, a potential lim-
itation is its reliance on SMILES representations, which may overlook cri-
tical three-dimensional structural information. Future research could
consider integrating 3D molecular structures or incorporating GNNs to
further improve accuracy and generalizability.Moreover, targeted strategies
for addressing data imbalance could further enhance model performance.

Methodbasedonspecificmodel families forpredictingdrugdrug
interactions
The advancement of DDI prediction has been significantly driven by the
development of specialized computational frameworks that are particularly
suited for handling complex pharmacological data structures. In recent
years, matrix factorization has attracted much attention for its ability to
extract potential patterns from sparse drug interaction matrices100. Even in
the absence of clear interaction data, these methods can predict unknown
interactions by revealing implicit associations between drugs. The matrix
factorization technique has shown excellent performance in improving the
performance of drug interaction prediction models. The ability to model
complex, high-dimensional drug data makes matrix factorization an ideal
tool for solving drug development and disease treatment challenges.

To further investigate the application of deep learning approaches in
DDI prediction, several innovativemethods have beendeveloped, including
those based on deep graph embedding, GNNs, as well as attention
mechanisms and siamese networks. Thesemethods are designed to leverage
the capabilities of advanceddeep learning techniques to address the inherent
challenges associated with DDI prediction, such as data sparsity, the com-
plexity of biological networks, and the demand for improved predictive
accuracy101,102.

Deep graph embedding methods aim to map the nodes or edges of a
graph into a low-dimensional vector space103. These vectors preserve the
structural information of the graph, enabling them to be used effectively in
prediction tasks. By transforming the structural data into continuous vec-
tors, this approach addresses the computational inefficiencies associated
with traditional graph algorithms when handling large-scale graphs.

On the other hand, GNNs extend the concept of deep graph embed-
ding. GNNs learn representations of graph-structured data by aggregating
and propagating information across nodes104. By leveraging the character-
istics of neighboring nodes, GNNs update the node representations to
capture complex nonlinear relationships. This process allows GNNs to
model higher-order dependencies and intricate interactions between nodes,
thereby improving prediction accuracy105.

In the following sections, a detailed exploration will be conducted into
three distinct approaches for DDI prediction: methods based on matrix
factorization, those leveraging graph embedding, and methods based on
GNN. Each of these approaches is recognized for offering unique advan-
tages and addressing specific problems within the field.

Method based on matrix factorization
With the rapid development of the biomedical field, the complexity of drug
development and disease treatment is continually increasing106. As one of
the key factors affecting drug efficacy and safety, DDIs have become amajor
focus in pharmacological research107. Traditional DDI prediction methods
typically rely on experimental data or expert knowledge. However, these
approaches are often limited by the availability of data and the high cost of
experiments. In recent years, ML and data mining techniques, particularly
matrix factorization methods, have emerged as important tools for DDI
research.

Matrix factorization can effectively extract latent rules and relation-
ships from extensive drug interaction data, thereby enhancing prediction
accuracy and efficiency. By representing DDI data as amatrix and applying
matrix factorization techniques—such as singular value decomposition
(SVD)108 and non-negative matrix factorization (NMF)109-potential links
between drugs can be identified, enabling the prediction of unknown
interactions. Consequently, matrix factorization offers a new perspective
and an efficient solution for DDI prediction. The overall flowchart of DDI
prediction based on matrix factorization is summarized in Fig. 4.

To address challenges in DDI prediction, Shi et al.110 proposed a
method based on Balanced Regularized Semi-Nonnegative Matrix Factor-
ization (BRSNMF), aiming to enhance DDI prediction in scenarios invol-
ving drug community detection and cold-start problems. By introducing a
weak equilibrium relationship, BRSNMF effectively partitions drugs into
communities of reasonable size and pharmacological significance. These
communities exhibit weak equilibrium characteristics, aiding in the
understanding of high-order DDIs. Moreover, for new drugs without
known interactions, BRSNMF leverages drug-binding protein features to
associate them with existing drugs. Experimental results demonstrated that
BRSNMF achieves high performance, with 94% accuracy in predicting the
top 50 enhanced DDIs and 86% accuracy for the last 50 inhibitory DDIs.
Although BRSNMF significantly improves prediction accuracy and
applicability, further optimizationmay be necessary to better addressmulti-
drug interaction scenarios in complex disease treatments.

Building on matrix factorization, Zhang et al.111 introduced Manifold
Regularized Matrix Factorization (MRMF) for DDI prediction. This
method treats DDI prediction as amatrix completion task, projecting drugs
into a low-dimensional interaction space. MRMF incorporates multiple
drug features—such as substructures, targets, enzymes, transporters, path-
ways, indications, side effects, and unexpected side effects—and embeds
them as manifolds within the feature space. By introducing manifold reg-
ularization based on drug characteristics, MRMF effectively enhances the
predictive capability of matrix factorization. Experiments demonstrated
thatMRMFachieved anAUPRof 0.7963, outperformingother state-of-the-
art methods in cross-validation and case studies, with manifold regular-
ization playing a critical role in accuracy improvement.

https://doi.org/10.1038/s41746-026-02400-3 Review

npj Digital Medicine |           (2026) 9:198 9

www.nature.com/npjdigitalmed


Similarly, Rohani et al.112 proposed Integrated Similarity Constrained
MatrixFactorization (ISCMF) forDDIprediction. ISCMF integratesmultiple
drug similarity features, including substructure, targets, side effects, pathways,
transporters, enzymes, and indications, and incorporates Gaussian interac-
tion profiles to capture interactive information. Through a nonlinear simi-
larity fusion approach, ISCMF enhances feature expression and projects
drugs into a low-rank space for interaction prediction. Although the com-
ponents of ISCMF had been explored individually in previous studies, their
integration for DDI prediction represents a novel contribution. ISCMF
achieved substantial improvements, increasingAUPRandF-measureby10%
and 18%, respectively. Further case studies confirmed the accuracy of high-
confidence predictions. However, ISCMFmay face computational efficiency
challenges when scaling to large drug pair datasets. Future improvements
could involve optimizing the model’s algorithmic efficiency or adopting
parallel computing techniques to accelerate training.

To comprehensively predict enhanced andweakenedDDIs, Shi et al.113

proposed a Triple Matrix Factorization Unified Framework (TMFUF).
Unlike traditional binary DDI prediction approaches, TMFUF captures
pharmacological changes resulting fromdrug interactions. By utilizing drug
side effect information, TMFUF achieved anAUCof 0.842 and anAUPRof
0.526, with AUC and AUPR improvements of ~7% and 20%, respectively,
over leading existing methods. Furthermore, TMFUF demonstrated strong
performance in variousDDI screening tasks, particularly in identifying drug
pairings associated with significant side effects, thereby facilitating clinical
validation.

TMFUF not only predicts binary DDIs but also captures the phar-
macological impact of DDIs, offering a unified solution for multi-drug
prescriptions and prediction between drugs lacking prior interaction
records. Its strength lies in revealing drug characteristics significantly
influencing DDI formation, providing valuable insights for clinical

Fig. 4 | Prediction of drug-drug interaction flow chart based on Matrix Factorization. a SVD schematic diagram. b NMF schematic diagram.
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applications. Nonetheless, opportunities remain for further improvement,
suchas enhancingdatadiversity, improvingmodel interpretability, boosting
generalization ability, and strengthening predictive capabilities for novel
drug combinations.

In addition, Jain et al.114 proposed the Graph Regularized Prob-
abilisticMatrix Factorization (GRPMF)method. Thismethod integrates
expert knowledge into thematrix factorization paradigm by introducing
a novel graph-based regularization term. The regularization term is
designed to enforce expected (dis)similarities between drug pairs based
on prior knowledge, enhancing the prediction of DDIs. The approach
formulates the DDI prediction as a matrix completion problem, where
the goal is to predict missing interactions between drugs based on
observed ones. GRPMF optimizes this formulation using an efficient
alternating optimization algorithm, which solves the non-convex pro-
blem effectively. Experimental results on the DrugBank dataset show
that GRPMF outperforms state-of-the-art techniques, demonstrating its
potential for accurate and scalable DDI prediction. This method is
particularly valuable for drug development and repurposing, providing a
computational tool for identifying potential adverse drug reactions and
interactions at a large scale.

Method based on deep graph embedding
Deep graph embedding methods aim to project a graph into a low-
dimensional spacewhile preserving its structural information. In this lower-
dimensional space, node representations are learned automatically, making
them suitable for subsequent predictive tasks. Compared to shallow
embedding techniques, deep graph embeddings have demonstrated
superior capability in modeling complex biological data and networks,
thereby providing more accurate prediction outcomes115. The complete
workflow of DDI prediction using deep graph embedding methods is sys-
tematically illustrated in Fig. 5A, which outlines the key steps from graph
construction to final interaction prediction.

In recent years, knowledge graph (KG) embedding methods have
attracted considerable attention in DDI prediction, as they project drug
interactions into a low-dimensional feature space for more effective pre-
diction. However, existing approaches often suffer from oversimplification,
which limits their ability to train accuratemodels. To address this limitation,
Dai et al.116 proposed a a deep learning-based approach leveraging auto-
encoders to generate high-quality negative samples. The autoencoder’s
hidden vectors serve as plausible candidatedrugs, and adiscriminator learns
embeddings of drugs and interactions based on both positive and negative

Fig. 5 | Prediction of drug-drug interaction flow chart based on Deep Graph Embedding method and Graph Neural Network method. A Flow chart for predict drug-
drug interaction based on Deep Graph Embedding method. B Flow chart of drug-drug interaction prediction based on graph neural network method.
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triplets. To mitigate the vanishing gradient problem in discrete repre-
sentations, they incorporated Gumbel-Softmax relaxation andWasserstein
distance, which stabilize the training process. Compared to traditional
reinforcement learning (RL) strategies and gradient-based methods, this
approach proves more effective in optimization tasks and can be applied to
enhance the performance of existing models without significant modifica-
tions. The deep KG embedding framework introduced by Dai et al.
improves performance in DDI tasks by addressing the vanishing gradient
issue in generative models and showing significant advancements in link
prediction and DDI classification. However, challenges related to insuffi-
cient sample diversity persist, and future work could explore more sophis-
ticated negative sample generation techniques or integrate domain-specific
knowledge to enhance model generalization and accuracy.

In a similar vein, Wang et al.117 introduced an innovative graph
embedding-based method for DDI prediction that addresses data incom-
pleteness and sparsity. This approach enables multi-label predictions for
drug pairs by constructing a large-scale drug KG from diverse sources and
integrating biomedical text into a shared low-dimensional space. The
resulting embeddings areused for efficient computationofDDI information
through link prediction. Thismethod not only resolves challenges related to
data sparsity and computational complexity but also enables the prediction
of a range of pharmacological mechanisms and side effects. Extensive
experiments on real-world datasets demonstrate that this framework out-
performs existing baseline methods in both performance and accuracy.
However, themodel still faces issueswithdatanoise, especiallywhenapplied
to large-scale datasets. Future research could focus on improving the
model’s ability to generalize and handle outliers to enhance its reliability in
clinical applications.

Additionally, Jiang et al.118 proposed a novel DDI prediction method,
RaGSECo, which utilizes relation-aware graph structure embedding with
co-contrastive learning. They constructed two heterogeneous graphs—a
multi-relational DDI graph and a multi-attribute drug similarity graph—
andused these graphs to learn andpropagate relation-aware graph structure
embeddings (RaGSEs) for drugs. This approach ensures that new drugs can
also benefit from effective RaGSEs. The co-contrastive learning module
developed in this method learns feature representations for drug pairs from
two distinct views (interaction and similarity), promoting mutual super-
vision between the views to obtain more discriminative drug pair repre-
sentations. RaGSECo’s multi-graph structure and co-contrastive learning
provide an effective solution for the new drug prediction problem.
Experimental results show that it outperforms existing methods, although
maintaining efficiency and accuracy in large-scale and complex drug net-
works remains a challenge.

Method based on graph neural network
As specialized deep learning architectures for graph-structured pharma-
cological data, GNNs extend the concept of CNNs to non-Euclidean spaces,
providing a more natural and efficient framework for modeling graph-
structured data. Unlike static embedding methods, GNNs dynamically
update node representations by iteratively aggregating neighborhood
information, thereby eliminating the need for tedious manual feature
engineering. In recent years, the application of GNNs at themolecular level
has achieved significant progress and demonstrated excellent performance
in various drug-related tasks119. The complete workflow of DDI prediction
based onGNNs is visualized in Fig. 5B, illustrating the key steps from graph
construction to interaction prediction.

A notable advancement in this field is the work by Han et al.120, who
proposed a DDI prediction model named SmileGNN. This model aggre-
gates both the structural features of drugs derived from SMILES data and
the topological features obtained from KGs using GNNs. Experimental
results showed that SmileGNN, by integrating multiple data sources,
outperformed existing DDI prediction models in prediction performance.
Among the top ten predicted novel DDIs, five were verified using the latest
databases, highlighting the model’s credibility. Although SmileGNN
demonstrates promising results in integrating multi-source data and

enhancing performance, there is still room for improvement, such as better
predicting rare drug interactions, expanding to larger drug libraries, and
optimizing computational efficiency and interpretability for broader clin-
ical applications.

Currently, most computer-aided DDI prediction methods primarily
rely on drug-related features or DDI networks, often neglecting the
potential information contained in biological entities such as targets and
genes. Furthermore, models based on DDI networks alone tend to perform
poorly when predicting interactions for drugs without knownDDI records.
To address these limitations, Yu et al.121 introduced the attention-based
cross-domain graph neural network (ACDGNN) for DDI prediction.
ACDGNNconstructs a biological heterogeneous network that incorporates
various drug-related entities and propagates information across domains.
Unlike previous approaches, it employs cross-domain transformations to
eliminate the heterogeneity between different types of entities, enabling
effective integration of biomedical entity information. ACDGNN can be
applied in both transductive and inductive settings. Extensive experiments
on real-world datasets demonstrated that ACDGNN outperforms several
state-of-the-artmethods, effectively addressing the limitations of traditional
models and improving prediction accuracy, especially for drugs without
prior DDI records.

Another challenge in existing GNN-based methods is that their
training processes often fail to directly generate predictive models, resulting
in poor performance on unseen data. To overcome this, Peng et al.122 pro-
posed a novel reverse GNN model. This model learns graphs from the
intrinsic space of original data points and introduces an innovative out-of-
sample extensionmethod. By doing so, the reverseGNNcan generate high-
quality graphs, enhancing feature learning effectiveness. More importantly,
the out-of-sample extension allows the model to perform strongly across
both supervised and semi-supervised tasks. Experimental results on real-
world datasets showed that the reverse GNN achieved competitive perfor-
mance in semi-supervised node classification, out-of-sample extension,
robustness against randomedge attacks, link prediction, and image retrieval
tasks. Nonetheless, further improvements are needed in areas such as
robustness, computational efficiency, and generalization to make the
method more practical.

Taking a different approach, Chen et al.123 proposed the use of
signed GNNs to model both assortative and disassortative relationships
between drug pairs. Because negative links prevent the direct application
of spectral filters designed for unsigned graphs, the authors divided the
signed graph into two unsigned subgraphs, each with its specialized
spectral filter to capture the commonalities and differences between
drug pairs. For drug representation, they developed two signed graph
filtering-based neural networks (SGFNNs) that integrate both the
signed graph structures and drug node attributes. An end-to-end fra-
mework jointly trains the SGFNN and a discriminator under a task-
specific loss function. The signed GNN framework effectively distin-
guishes between homogeneous and heterogeneous drug relationships,
overcoming the limitations of traditional unsigned models. Although
this approach improves DDI prediction performance, further work is
needed to handle larger-scale drug networks, enhance computational
efficiency, and improve model interpretability, particularly to facilitate
clinical application.

Additionally, Gao et al.124 proposesAutoDDI, an automatedmethod
for DDI prediction using GNNs. AutoDDI addresses the challenge of
manually designing GNN architectures for DDI prediction by using RL
to automatically search and optimize the architecture. The method
involves creating a search space for the drug dataset, which adapts the
depth of GNN layers and captures the interaction information between
drug pairs. AutoDDI outperforms previous handcrafted GNN archi-
tectures in DDI prediction tasks on real-world datasets, demonstrating
superior performance and providing an effective solution for auto-
matically designing GNN architectures for DDI prediction, ultimately
enhancing the accuracy and reliability of drug interaction predictions in
clinical applications.
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Methodbasedonmodelingstrategies and trainingparadigms for
predicting drug-drug interactions
Besides, the modeling strategies and training paradigms employed in
the learning process play an equally crucial role in determining the
performance and robustness of DDI prediction systems. These
approaches encompass the high-level design principles and optimi-
zation frameworks that govern howmodels are structured, trained, and
regularized, often enabling them to better capture complex interaction
patterns, improve generalization, and overcome data-related chal-
lenges such as sparsity or class imbalance. Among the most prominent
and effective of these advanced strategies are those based on attention
mechanisms and Siamese networks. The integration of attention
mechanisms and Siamese networks has been demonstrated to provide
a promising avenue for DDI prediction. In these models, the relevance
of different drug features and interactions is captured through the
assignment of adaptive weights to various aspects of the data, resulting
in predictions that are both more accurate and interpretable. These
techniques are considered to provide complementary insights when
combined with graph-based methods, thereby contributing to the

advancement of DDI prediction and the improvement of therapeutic
decision-making processes.

Method based on attention mechanisms and siamese networks
Faced with the challenges of limited data and high complexity in predicting
drug interactions, attention mechanisms and siamese networks based on
deep learning models have emerged. These methods demonstrate great
potential in extracting effective features and efficiently modeling multi-
modal drug data. Among them, the attention mechanism significantly
improves prediction accuracy by dynamically focusing on key drug attri-
butes and dynamically adjusting feature importance125. Twin networks, on
the other hand, provide an ideal framework for identifying interactions
between drug combinations through feature contrastive learning. The
overall flowchart of DDI prediction using attention mechanisms and sia-
mese networks is summarized in Fig. 6.

To overcome this limitation,Huang et al.126 proposed amulti-view and
multichannel attention deep learning (MMADL)model.MMADLnot only
extracts rich drug features—including both intrinsic drug attributes and
drug-related entity information from multiple databases—but also

Fig. 6 | Prediction of drug-drug interaction flow chart based on Attention Mechanisms and Siamese Networks. a Attention mechanisms diagram. b Siamese networks
diagram.
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considers the consistency and complementarity of various drug feature
representations to enhance DDI prediction. A single-layer perceptron
encoder is used to project multi-source drug information into a common
linear space, yieldingmulti-view drug representation vectors. Subsequently,
a multichannel attention mechanism is introduced to adaptively learn the
contribution of each feature, generating attention weights that guide the
final prediction. These weighted representation vectors are then fed into a
deep neural network to predict potential DDIs. Experimental results
demonstrated that MMADL effectively integrates multi-source drug
information, improving both the accuracy and robustness of DDI predic-
tion. Future work could focus on validating the generalization ability of the
model across broader drug datasets to enhance its applicability.

In addition,Huang et al.127 presents anovelmethod,MDF-SA-DDI, for
predicting DDI events usingmulti-source drug fusion, multi-source feature
fusion, and a transformer self-attention mechanism. The approach com-
bines two drugs in four different ways and utilizes various fusion networks,
including Siamese networks, CNNs, and two autoencoders, to obtain latent
feature vectors for drug pairs. These feature vectors are then fused using
transformer blocks with a self-attention mechanism. The method is eval-
uated on two datasets across three tasks, demonstrating superior perfor-
mance compared to existing state-of-the-art methods, achieving high
precision and recall scores. Additionally, the case studies on specific DDI
events also show promising results.

Given the impracticality of experimentally characterizing the vast
number of potentialDDIs and the superior performanceof deep learningon
large-scale, high-dimensional datasets128,129, computational approaches
based on deep learning are increasingly recognized as essential. In this
context, Yang et al.130 introduced CNN-Siam, a deep learning-based model
employing a Siamese CNN architecture to learn feature representations
frommultimodal drug data—including chemical substructures, targets, and
enzymes—and predict interaction types. The CNN-Siam model utilizes a
dual-network structure, enabling the simultaneous extraction and com-
parison of drug feature representations, optimized using advanced opti-
mization algorithms such as RAdam and LookAhead.

Experimental evaluations demonstrated that CNN-Siam significantly
improves precision–recall (AUPR) and overall prediction accuracy on
benchmark datasets, outperforming existing state-of-the-art methods.
Ablation studies further confirmed the robustness of CNN-Siam and the
effectiveness of the adopted optimizers. The Siamese network design proved
particularly advantageous for learning drug pair features compared to tra-
ditional single-network architectures. However, CNN-Siam also exhibits
certain limitations, such as prolonged training times, limited generalization
capabilities in some scenarios, and suboptimal classification performance
for specific interaction types. Future improvements could focus on accel-
erating training, enhancingmodel generalization, and refining class-specific
prediction accuracy.

Recent advances for DDI prediction
In recent years, the field of DDI prediction has witnessed significant
advancements, particularly with the advent of large models and diffusion-
like generativemodels. Thesemodels have introduced novel approaches for
capturing complex patterns and relationships within vast amounts of
multimodal data, such as chemical structures, genomic information, and
clinical data131. These innovations not only improve prediction accuracy but
also address challenges related to data sparsity and the inherent complexity
of DDI networks. As these models continue to evolve, they offer great
potential for revolutionizing drug discovery, helping to identify safer and
more effective drug combinations and reducing the risk of adverse drug
reactions in clinical settings132.

The following sectionwill explorehowthese advancedAI techniques—
Large Language Models in DDI and Diffusion-like Generative Models in
DDI—are revolutionizing the field of drug interaction prediction. Through
the integration of these innovative approaches, the future of DDI prediction
looks increasingly promising, with the potential for more personalized and
precise medicine.

Large language models in DDI
Large language models (LLMs) have emerged as powerful tools in DDI
prediction due to their ability to process and understand vast amounts of
unstructured data. These models, originally developed for natural language
processing tasks, are now being adapted to the biomedical domain to ana-
lyze textual data from scientific literature, clinical notes, drug databases, and
other health-related sources133. By fine-tuning LLMs on specialized datasets
related to drug interactions, researchers can harness their ability to identify
subtle patterns and relationships betweendrugs thatmight be overlookedby
traditional methods. LLMs can be particularly effective in extracting
knowledge from clinical case reports, drug labels, and scientific papers,
providing insights into potential DDIs that are not readily available in
structured databases134. The ability of LLMs to handle large-scale, multi-
modal data also allows for more comprehensive and accurate predictions,
ultimately contributing to better-informed drug development and safer
treatment regimens. As LLMs continue to evolve, their integration with
otherML techniques holds the potential to transform the landscape of DDI
prediction and drug safety monitoring.

Accurate prediction of DDIs is essential to ensure the safety and effi-
cacy of drugs. Therefore, Li et al.135 introduces a novel model called LLM-
DDI, designed to enhanceDDIpredictionusing a combinationof LLMsand
GNNs. LLM-DDI integrates generative pre-trained transformer (GPT)
embeddings to capture diverse molecular information from the biomedical
knowledge graph (BKG), then applies a message-passing GNN framework
to propagate and refine these embeddings. This approach effectively
incorporates both local and global molecular features, leveraging semantic
relationshipswithin the BKG for accurateDDI predictions. Themodel aims
to overcome limitations in current DDI prediction methods by offering a
comprehensive framework that integrates multiple molecular data types,
achieving significant improvements in prediction performance on real-
world datasets.

With the rapid growth of data in the field of biomedicine, accurate
prediction of DDI is crucial to ensure the safety and effectiveness of drugs.
However, traditional prediction methods face certain limitations when
dealing with complex biomedical data. In order to solve this challenge, Qi
et al.136 proposes a novel model called DDI-JUDGE for DDI prediction,
which leverages LLMs enhanced with in-context learning (ICL) and a
judging mechanism. This model integrates cosine similarity-based
exemplar retrieval for effective ICL and combines multiple LLM predic-
tions through an ensemble discriminator, such as GPT-4, to improve
robustness. The DDI-JUDGE model outperforms existing methods in
both zero-shot and few-shot settings, demonstrating superior predictive
capabilities. It incorporates a modular prompt structure that facilitates
better generalization and adaptation to complex biomedical data, offering
a scalable approach for DDI prediction and other knowledge-intensive
biomedical applications.

Diffusion-like generative models in DDI
Diffusion-like generative models in DDI prediction aim to model the
complex relationships between different drugs and their potential interac-
tions. These models leverage the principles of diffusion processes, where
information spreads through a network or graph structure, capturing how
drug properties and their effects propagate and influence one another137. By
employing these models, it is possible to simulate and predict how two or
more drugs might interact based on their molecular features, known
pharmacological effects, and existing interactions. This approachhas gained
significant attention due to its ability to handle large, sparse datasets typical
in DDI research and its potential to uncover novel, previously unknown
drug interactions. Diffusion-like models can be particularly useful in drug
repurposing, safety profiling, and personalized medicine, offering a pro-
mising tool for enhancing drug development and therapeutic decision-
making. As a result, diffusion-like generativemodels are not only advancing
the state of DDI prediction but also paving the way for more efficient and
precise drug safety monitoring, clinical decision-making, molecule design,
and the identification of new therapeutic avenues138.
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Benchmark datasets and evaluation metrics of machine
learning models
The following section will explore the importance of benchmark datasets in
evaluating MLmodels for DDI prediction and in-depth comparison of ML
models in the field of DDIs described in this article.

Benchmark datasets
In the field of DDI prediction, benchmark datasets are essential for evalu-
ating the performance of ML models. These datasets contain a variety of
drug interaction information and serve as the foundation for training and
testing models. They are usually curated from diverse sources, including
scientific literature, clinical trials, and PC databases139. The use of standar-
dized benchmark datasets allows for the comparison of different ML algo-
rithms under consistent conditions, providing valuable insights into their
strengths and limitations140.

Several biomedical databases are commonly used in DDI prediction
tasks, eachofferingunique features anddata structures that cater to specific
aspects of drug interaction research141,142,14. These datasets vary in terms of
the type of drug interaction data they provide, the size of the dataset, and
the methods used for data curation. Some of the most widely used bio-
medical databases forDDI prediction tasks are systematically summarized
in Table 2, with their contents and characteristics being comprehensively
documented to serve as a selection resource for researchers seeking
appropriate data sources.

When leveraging these benchmark datasets, it is critical to address
the inherent challenges of data noise and imbalance, which can sig-
nificantly affect the performance of ML models, and they can lead to
reduced accuracy and generalization capabilities of the models143. Data
noise refers to errors or inconsistencies in the data that may be caused by
experimental bias, literature labeling errors, or inaccuracies in the data
collection process, among other reasons. In DDI prediction, the com-
plexity and uncertainty of drug interactions may cause some interaction
relationships to present inconsistent labeling in different sources, which
threatens the quality of training data. Noisy data makes the patterns
learned by the model fuzzy, thus affecting the effectiveness of the model,
especially when processing new samples, noisy data may cause the model
to make wrong predictions144.

On the other hand, data imbalance is another key factor affecting ML
models, especially in drug interaction prediction tasks145. There is no
interaction between most drugs, while only a small number of drug pairs
have potential interactions. The data imbalance is manifested by a severe
imbalance in the proportion of positive and negative samples, where
negative samples (i.e., drug pairs without interaction) are usually far more
than positive samples (drug pairs with interaction). In this case, traditional
ML algorithmsmay be biased towards predicting negative samples, because
most of their data belongs to this class, resulting in the model’s insufficient
learning of a few classes (positive samples)146. This bias not only reduces the
model’s ability to recognize rare drug interactions, butmay also lead to false
negative results, that is, the prediction that there is an interaction between
drugs is missed.

Solving data noise and imbalance problems usually requires the
adoption of some special techniques and strategies. In terms of data
noise, commonly used methods include data cleaning, data augmenta-
tion, and noise robust algorithms147. These methods can help remove or
reduce the impact of noisy data onmodel training. For example, by using
statistical basedmethods to identify and eliminate obvious outliers, or by
enhancing the data (such as generatingmore samples) to compensate for
the bias caused by noise. Common solutions to imbalanced data pro-
blems include oversampling, undersampling, and using weighted loss
functions. The oversampling method balances the dataset by increasing
the number of positive samples, while the undersampling method
reduces the number of negative samples. The weighted loss function
enhances the model’s focus on minority class samples by assigning
different weights to samples of different classes, thereby improving the
predictive ability of rare drug interactions. Overall, data noise and

imbalance are key issues that need to be addressed in ML, especially in
predicting drug drug interactions. Effective preprocessing techniques
and model optimization strategies can significantly improve prediction
accuracy148, especially when dealing with complex and rare drug
interactions.

Evaluation metrics of machine learning models
The predictive performance of differentDDI predictionmodels across three
key metrics (AUPR, AUC, and F1-score) is systematically evaluated in
Table 3. Througha comparative analysis of theperformance data of theDDI
prediction models introduced in this paper, we can clearly observe the
differences in performance and the respective strengths of various metho-
dological categories. GNN-based methods demonstrate the most out-
standing overall performance,withACDGNNand SGFNNs achieving high
AUPR scores of 0.9881, while AutoDDI reaches an even more impressive
AUPR of 0.9952 and AUC of 0.9953. This fully showcases the powerful
capabilities of deep learning in handling complex DDI relationships. In
contrast, traditional similarity-based and matrix factorization methods,
although still competitive in certain scenarios—such as GRPMF achieving
anF1-score of 0.9622—generally exhibit lowerAUPRvalues, reflecting their
limitations in balancing precision and recall. Notably, models based on
attention mechanisms and Siamese networks, such as MMADL andMDF-
SA-DDI, excel in AUC metrics, reaching 0.9980 and 0.9996, respectively,
highlighting the advantages of these architectures in overall ranking
performance.

From the perspective ofmethodological advancements, improvements
in model performance show a clear positive correlation with architectural
innovations. Early classification- and similarity-based methods, such as
Link prediction and Similarity-basedmachine, achievedAUCvalues of 0.93
and 0.97 but performed modestly in AUPR, indicating their shortcomings
in handling class-imbalanced data. With the introduction of matrix fac-
torization methods, such as ISCMF and RaGSEs, AUPR was elevated to
0.864. However, the true breakthrough camewith the application of GNNs.
SSI-DDI demonstrated the immense potential of structural feature mod-
eling with an AUPR of 0.999 and AUC of 0.9986, while AutoDDI further
pushed performance to new heights through the combination of auto-
encoders and transfer learning. These technological advancements are not
only reflected in numerical improvements but also signify a paradigm shift
from shallow feature matching to deep relational modeling.

Emerging LLMs approaches, such as LLM-DDI and DDI-JUDGE,
have yet to reach the top-tier performance of traditional methods but
have already shown unique developmental potential. LLM-DDI, with an
AUC of 0.9571 and F1-score of 0.8542, demonstrates the feasibility of
language models in DDI prediction. The emergence of these LLM-based
methodsmarks a transition inDDI prediction research frompurely data-
driven approaches to a new phase combining knowledge guidance with
data-driven strategies. The key challenge for future development lies in
better integrating the semantic understanding capabilities of language
models with domain-specific knowledge while addressing the current
shortcomings in AUPR performance. This may require more refined
prompt engineering designs and more effective domain knowledge
integration strategies.

Clinical application of drug-drug interactions
In clinical treatment, DDIs are critical factors that influence both patient
safety and therapeutic efficacy149,150. With the advancement of modern
medicine and therapeutic strategies—particularly the widespread adoption
of multi-drug combination therapies151—the complexity of DDIs has
markedly increased, presenting substantial challenges for physicians in
prescription decision-making and for ensuring patient medication safety.

In recent years, AI and ML technologies have introduced innovative
approaches for DDI prediction152,153. By analyzing large volumes of drug-
related data154, clinical case reports, patient-specific variables, and phar-
macological characteristics, these technologies are capable of extracting
potential interaction patterns and predicting DDIs with greater accuracy.
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Compared to traditional experience-based or rule-based methods,
data-driven predictive models offer enhanced precision, scalability, and
adaptability, thereby providing clinicians with more scientific, real-time
decision support.

Importantly, in practical clinical applications, ML models not only
assist in identifyingwell-knownDDIs but also uncover novel andpreviously
underreported interaction risks155,156. This capacity significantly enhances
the clinician’s ability to anticipate and prevent adverse drug reactions,
contributing to improved patient outcomes and medication safety.

The following section will delve into the specific manifestations of
DDIs in clinical practice and discuss how advanced ML methods can be
leveraged for more accurate DDI prediction and management. In addition,
several typical case examples of drug interactions will be presented to
illustrate how AI technologies contribute to clinical decision-making,
optimize therapeutic efficacy, and safeguard patient health.

Pharmacokinetic interaction
In clinical practice, DDIs are frequently manifested through various
mechanisms, with PK interactions being among the most critical157,158. PK
refers to themovement of drugswithin the body, encompassing absorption,
distribution,metabolism, and excretion (ADME) processes159,160. Each stage
of the PK pathway plays a pivotal role in determining the efficacy and safety
of therapeutic agents161,162.

When two or more drugs are co-administered, they may alter the
normal PK processes, leading to changes in drug concentrations that can
cause adverse reactions or therapeutic failure163,164. A thorough under-
standing of PK interaction mechanisms is therefore essential for

clinicians to anticipate, manage, and mitigate potential risks associated
with polypharmacy165–167.

In recent years, the application of advanced ML techniques has
enabled more accurate prediction and identification of PK-related
DDIs, offering valuable insights into how drugs may influence each
other’s PK behavior168.

The following section will focus on the clinical implications of DDIs
occurring at different stages of the PKprocess (ADME). It will examine how
drug interactions at each stage affect patient safety and therapeutic out-
comes. By exploring these mechanisms, a deeper understanding can be
gained of the intricate nature of DDIs and how ML-based approaches can
facilitate their management. Furthermore, the clinical applications of DDIs
in PK—including the action mechanisms of specific drugs at each ADME
stage—are summarized in Fig. 7, providing a visual overview to enhance
understanding.

Absorption stage
DDIs at the absorption stage are often mediated by alterations in drug
solubility, which directly affect the absorption efficiency. A classic
example involves the interaction between antacids (e.g., aluminum
hydroxide) and drugs such as ketoconazole169,170. Ketoconazole, a weakly
basic drug with a pKa of ~3.0, exhibits higher solubility in acidic envir-
onments, such as gastric juice, and significantly reduced solubility when
the pH exceeds 4.0.

When antacids are administered, they raise the gastric pH above 4.0,
resulting in incomplete dissolution of ketoconazole in the stomach. Con-
sequently, the drug may not fully dissolve before reaching the small

Table 3 | Performance of different models in drug-drug interaction prediction

Model AUPR AUC F1 value

Position-aware deep multi-task learning83 0.526 0.894 multi-class classification 0.7299

DEML84 0.52 0.97 0.48

LCM-DS87 0.7117 — —

link prediction as a binary classification task on networks88 0.93 0.96 0.82

Similarity-based machine learning support vector machine predictor92 0.68 0.97 —

A probabilistic approach for collective similarity93 0.34 0.96 0.40

DDI-IS-SL94 0.9745 — 0.830

DDI-SSL
(Taking DrugBank dataset as an example)96

— 0.991 ± 0.002 0.731 ± 0.002

SSI-DDI97 0.999 0.9986 0.9237

MSResG98 0.798 0.958 0.732

StructNet-DDI99 0.9627 0.997 0.944

BRSNMF110 — — —

MRMF111 0.78 0.97 0.70

ISCMF112 0.864 0.899 0.885

TMFUF113 0.526 0.842 —

GRPMF114 0.4975 0.9385 0.9622

Wasserstein Adversarial Autoencoder-based knowledge graph embeddings116 0.5455 0.9527 —

Predicting rich DDI information through graph embedding117 0.3642 — —

RaGSEs118 0.864 0.899 0.885

SmileGNN120 0.9642 0.9995 —

ACDGNN121 0.9881 0.9835 0.9411

reverse GNN122 0.9328 0.9790 0.8926

SGFNNs123 0.9881 0.9835 0.9411

AutoDDI
(Taking DrugBank dataset as an example)124

0.9952 ± 0.0005 0.9953 ± 0.0004 0.9763 ± 0.00004

LLM-DDI135 0.7346 0.9571 0.8542

DDI-JUDGE136 0.788 0.801 —
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intestine, leading to impaired absorption—a phenomenon known as
dissolution-limited absorption. Studies have demonstrated that co-
administration of antacids with ketoconazole can significantly reduce its
area under the concentration–time curve (AUC), with reductions of up to
66%, thereby slowing both the rate and extent of drug absorption110.

Thus, by altering gastric pH and drug solubility, antacids can mark-
edly decrease the absorption of drugs, particularly those with pH-
dependent solubility profiles171. Conversely, some weakly acidic drugs,
which exhibit poor solubility in acidic conditionsbut improved solubility at
higher pH levels, may experience enhanced absorption when co-
administered with antacids.

Therefore, in clinical practice, careful consideration should be given to
potential interactions between antacids and other medications to prevent
compromised therapeutic efficacy.

Distribution stage
DDIs at the distribution stage are exemplified by the interaction between
quinidine and digoxin, which primarily affects both the distribution and
clearance of digoxin172,173. Quinidine administration leads to an increase in
serum digoxin concentration by reducing its volume of distribution, a
phenomenonobserved inbothhealthyvolunteers andpatients174.A reduced
volume of distribution implies that the drug occupies a smaller distribution
space within the body, resulting in elevated plasma concentrations.

However, the elevation in plasma digoxin levels is not solely due to
changes in distribution volume. Quinidine also impairs digoxin clearance,

particularly by inhibiting its non-renal elimination pathways, such as
metabolism and biliary excretion175. The interaction between quinidine and
digoxin significantly decreases the total body clearance of digoxin, with a
pronounced reduction in non-renal clearance mechanisms. This effect is
especially notable in patients with renal insufficiency, who relymore heavily
on non-renal routes for digoxin elimination176.

Thus, although quinidine decreases the distribution volumeof digoxin,
the predominant clinical mechanism involves inhibition of digoxin clear-
ance rather thanmerely altering distribution177. Overall, quinidine increases
digoxin serumconcentrationsprimarily by reducing its non-renal clearance,
thereby elevating the risk of digoxin toxicity178. Consequently, therapeutic
drug monitoring and dose adjustment of digoxin are critical during co-
administration with quinidine to ensure patient safety.

Metabolic stage
DDIs at the metabolism stage are critical contributors to adverse clinical
outcomes. To further investigate the safety concerns associated with drug
combinations, Li et al.179 conducted a large cohort study to assess whether
co-administration of statins (such as rosuvastatin, pravastatin, or fluvasta-
tin) and the antibiotic clarithromycin increases the risk of serious adverse
events in the elderly population.Clarithromycin is awell-known inhibitor of
cytochrome P450 3A4 (CYP3A4) and may also inhibit hepatic organic
anion transporting polypeptides (OATP1B1 and OATP1B3).

Using a large health database, the researchers analyzed data from
elderly patients between 2002 and 2013, comparing those who received

Fig. 7 | The clinical application of drug-drug interaction in pharmacokinetics.
A The interaction diagram of antacids (such as aluminum hydroxide) and ketoco-
nazole in the absorption stage. B The interaction diagram of quinidine and digoxin
in the distribution stage.C The interaction diagram of statins (such as Rosuvastatin,

Pravastatin or Fluvastatin) and antibiotic clarithromycin in the metabolic stage.
D The interaction diagram of Probenecid and penicillin in excretion stage.(Created
with bioicons.com, https://smart.servier.com/ is licensed under CC-BY 3.0
Unported https://creativecommons.org/licenses/by/3.0/).
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both clarithromycin and statins (n = 51,523) with those who received
azithromycin, an antibiotic that does not inhibit CYP3A4 or OATP
transporters (n = 52,518). The results showed that, compared with the
control group, patients co-treated with clarithromycin and statins
exhibited significantly increased risks of hospitalization within 30 days,
specifically for acute kidney injury (adjusted relative risk (RR = 1.65),
hyperkalemia (RR = 2.17), and all-cause mortality (RR = 1.43)).
Additionally, the risk of hospitalization for myolysis (myoglobinuria)
was modestly elevated (RR = 2.27). Although the absolute risk
increases were relatively small (generally less than 1%), the study
demonstrated a clear association between clarithromycin–statin co-
administration and an elevated risk of adverse outcomes, particularly
in elderly patients.

Mechanistically, as an inhibitor of CYP3A4, clarithromycin affects
not only the cytochrome-mediated metabolic pathways but also the
hepatic uptake of statins via inhibition of OATP1B1 and OATP1B3
transporters. Although the statins investigated (e.g., rosuvastatin and
pravastatin) are not primarily metabolized by CYP3A4, clarithromycin
may still alter their PKs by affecting OATP-mediated transport, leading
to impaired distribution, excretion, or metabolism of the drugs. Con-
sequently, this interaction increases the risk of adverse events such as
acute kidney injury and hyperkalemia.

These findings highlight that drug interactions are not confined to
classic metabolic pathways (such as CYP3A4 inhibition) but can also occur
through transporter-mediated mechanisms. Therefore, when prescribing
clarithromycin to elderly patients taking statins, clinicians should exercise
heightened vigilance for potential adverse reactions related to kidney
function and electrolyte disturbances.

Excretion stage
DDIs affecting the excretion stageplay a crucial role in alteringdrugPKsand
clinical outcomes. A classic example is the combined use of probenecid and
penicillin, where probenecid significantly impacts the excretion of penicillin
by inhibiting its renal tubular secretion, thereby prolonging its half-life
in vivo180. Specifically, probenecid competes with penicillin for the organic
anion transport system in the renal tubules, leading to amarked reduction in
the renal clearance of penicillin181.

Under normal physiological conditions, penicillin is predominantly
excreted through active secretion in the renal tubules. However, probe-
necid effectively blocks this excretory pathway, resulting in a significant
decrease in tubular excretion, leaving glomerular filtration as the primary
route for penicillin elimination. In addition to affecting renal clearance,
probenecid also inhibits the active transport of penicillin across the
choroid plexus, thereby increasing its concentration in the cerebrospinal
fluid182. Through these mechanisms, probenecid enhances the systemic
exposure and prolongs the efficacy of penicillin, which is particularly
beneficial in infections such as meningitis where sustained high drug
concentrations are required183.

There is also evidence suggesting that probenecid may slightly
increase the serum concentration of penicillin by reducing its volume of
distribution, although this effect is less clinically significant. It is impor-
tant to recognize that while prolonging the half-life of penicillin can
enhance therapeutic efficacy, especially for β-lactam antibiotics, it may
also increase the risk of adverse drug reactions if not properly
monitored184.Moreover, the use of probenecid is not universally beneficial
across all drugs. For instance, in the case of nitrofurantoin, which relies
heavily on renal tubular secretion for elimination, co-administrationwith
probenecid can reduce therapeutic effectiveness and heighten the risk of
side effects185.

In summary, the co-administration of probenecid and penicillin
mainly enhances drug efficacy by inhibiting renal tubular secretion, thereby
extending the duration of effective drug concentrations in the body. How-
ever, careful evaluation is required to balance the therapeutic advantages
against the potential for adverse effects, particularly when applied to other
medications.

Pharmacodynamic interaction
Following PK interactions, another critical aspect of DDIs is PD
interactions186. PDs refers to the effects of drugs on the body, including how
therapeutic actions are produced through mechanisms such as receptor
binding, enzyme inhibition, or other biological processes187. When two or
moredrugs interact at thePD level, they can either enhanceordiminish each
other’s effects, potentially modifying the expected therapeutic outcomes188.
Such interactions canprofoundly impact efficacy, safety profiles, and overall
patient management.

PD interactions are generally categorized into two types: synergistic
and antagonistic effects. A synergistic interaction occurs when the com-
bined effect of two drugs exceeds the sum of their individual effects,
potentially enhancing therapeutic efficacy189. In contrast, antagonistic
interactions arise when one drug reduces or inhibits the effect of another,
which may compromise therapeutic goals or even lead to treatment failure.

The following sections will explore these two types of PD interactions
in greater detail. A comprehensive understandingof the clinical applications
of synergy and antagonism can significantly aid in predicting, managing,
and preventing potential risks associated with drug combinations. More-
over, the use of advanced ML techniques holds promise for the early
identification of PD interactions, thereby improving clinical decision-
making and enhancing patient safety. The mechanisms of PD interactions
are systematically illustrated in Fig. 8, providing an intuitive framework for
understanding drug interaction pathways in therapeutic contexts190.

Pathway synergism: dual antiplatelet therapy
Building on previous research in antiplatelet therapy, Sinnaeve et al.191

explored strategies for dual antiplatelet therapy (DAPT) following percu-
taneous coronary intervention or acute coronary syndrome (ACS), with
particular focus on de-escalation strategies. The study discussed the con-
ventional use of standard DAPT—combining aspirin with a P2Y12 inhi-
bitor (such as clopidogrel, prasugrel, or ticagrelor)—but noted that
prolonged DAPT is associated with an increased risk of bleeding, especially
in the era of newer-generation stents that have reduced the risk of stent
thrombosis.

Several DAPT de-escalation strategies have been proposed: one
approach involves switching from potent P2Y12 inhibitors (such as tica-
grelor or prasugrel) to a less potent agent like clopidogrel while continuing
aspirin; another involves monotherapy, discontinuing either aspirin or the
P2Y12 inhibitor. Multiple clinical trials have demonstrated that these de-
escalation strategies can effectively reduce bleeding riskwithout significantly
increasing the incidence of ischemic events. The study found that switching
from potent P2Y12 inhibitors to clopidogrel significantly reduced cardio-
vascular death, emergency revascularization, stroke, and major bleeding
events within one year, with no substantial difference in ischemic outcomes.

Furthermore, trials such as TROPICAL-ACS and POPular Genetics
tested platelet function- or genotype-guided de-escalation strategies. Their
results indicated that using genetic testing and platelet function assays to
tailor antiplatelet therapy could further optimize treatment by reducing
bleeding risks, although the impact on ischemic events was minimal.

Overall, this evidence highlights that DDIs play a critical role in the
synergistic effects observed in PDs, particularly in optimizing antiplatelet
therapy strategies. Specifically, the use of P2Y12 inhibitors (clopidogrel,
prasugrel, and ticagrelor) allows for individualized treatment adjustment
based on patient-specific risk profiles, utilizing genetic testing or platelet
function testing. Strategic DDI management and dosage modifications—
such as switching from more potent to less potent P2Y12 inhibitors—can
effectivelyminimize bleeding riskswhile preserving antithrombotic efficacy.

Competitive antagonism: opioid receptor cases
Naloxone, an opioid antagonist, is widely employed to investigate the role of
endogenous opioids in various physiological and pharmacological
processes192. Its primary mechanism involves antagonizing the effects of
opioid drugs, such as morphine, by competitively inhibiting opioid recep-
tors. Research has demonstrated that naloxone not only counteracts the
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analgesic and other pharmacological effects of morphine193, but in certain
circumstances, it also exhibits agonistic effects similar to those of opioids.
The antagonistic effects of naloxone typically require a higher dose194, which
is attributed to the diversity of opioid receptors, as different receptor sub-
types exhibit varying sensitivities to naloxone.

Moreover, naloxone has been shown to produce similar effects to
morphine in some behavioral and in vitro experimental models, even
demonstrating comparable analgesic effects. Notably, naloxone may also
influence non-opioid drugs in certain cases, likely due to interactions with
endogenous opioid systems or mechanisms that are unrelated to opioid
receptors195. Although naloxone is extensively used in the study of opioid
receptors, its complex pharmacological profile suggests that the antagonism
it induces is not sufficient on its own todefinitively establish the involvement
of endogenous opioids in a given physiological process.

To clarify the role of endogenous opioids, additional evidence is
required, such as cross-resistance to morphine, similar responses to other
opioid antagonists, and the combined use of endogenous opioid peptide
degradation inhibitors196. These complementary approaches can provide a
more comprehensive understanding of the mechanisms underlying the
involvement of endogenous opioids in specific pharmacological processes.

Dual-effect interaction: β-blockers+ calcium channel blockers
β-Blockers and calcium channel blockers (CCBs) are both commonly
used in the management of hypertension, but their PD interactions are

of particular interest when considering the co-administration
of these drugs197,198. Both drug classes can affect the heart and vas-
cular tone, but they do so through different mechanisms. β-Blockers
work by blocking β-adrenergic receptors, thereby reducing heart rate,
myocardial contractility, and the release of renin, which collectively
decrease blood pressure.

In contrast, CCBs inhibit the influx of calcium ions through
L-type calcium channels, which leads to vasodilation, reduced myo-
cardial contractility, and decreased heart rate. When these two classes
are combined, there is a potential for synergistic effects on heart
rate and blood pressure. However, the combination may also
cause adverse effects, especially in patients with pre-existing heart
conditions. For instance, while β-blockers decrease the heart rate,
CCBs can also have a similar effect, potentially leading to bradycardia,
which in severe cases could result in heart block or other cardiac
arrhythmias.

Additionally, there is a concern about hypotension, as both medi-
cations can lower blood pressure, potentially leading to dizziness,
fainting, or even shock in some patients. Despite these risks, in certain
clinical situations, such as in the treatment of angina or heart failure, this
combination may be beneficial as it can provide complementary effects,
improving both symptoms and outcomes. However, careful monitoring
of heart rate, blood pressure, and ECG is essential to prevent any adverse
cardiovascular events.

Fig. 8 | The clinical application of drug-drug interaction in pharmacodynamics.
A The interaction diagram of aspirin and P2Y12 inhibitors such as clopidogrel,
prasugrel or ticagrelor in the pathway synergistic. B The interaction diagram of
naloxone and opioid drugs (such as morphine) in the competitive antagonism.

CThe interaction diagram of β-Blockers and calcium channel blockers in dual-effect
interaction. D The interaction diagram of diuretic and ACE inhibitor in com-
plementary interaction. (Created with bioicons.com, https://smart.servier.com/ is
licensed under CC-BY 3.0Unported https://creativecommons.org/licenses/by/3.0/).
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Complementary interaction: diureticandACE inhibitor synergy in
therapy
Diuretics and angiotensin-converting enzyme (ACE) inhibitors are both
widely used in the treatment of hypertension and heart failure, but their PD
interactions can have significant implications when used together199.
Diuretics work by increasing urine output, thereby reducing blood volume
and decreasing blood pressure. They primarily target the kidneys, pro-
moting the excretion of sodium and water, which helps to lower blood
pressure and reduce fluid buildup in the body, making them especially
effective in conditions like hypertension and edema200.

On the other hand, ACE inhibitors block the ACE, which plays a
critical role in the renin-angiotensin-aldosterone system (RAAS). By inhi-
biting this enzyme, ACE inhibitors reduce the production of angiotensin II,
a potent vasoconstrictor, leading to vasodilation and a subsequent reduction
in blood pressure. ACE inhibitors also reduce aldosterone secretion, which
helps prevent sodium and water retention, further contributing to blood
pressure lowering.

When diuretics and ACE inhibitors are used together, their effects on
the RAAS and fluid balance can complement each other. Diuretics can
enhance the blood pressure-lowering effects of ACE inhibitors by reducing
fluid volume, while ACE inhibitors prevent compensatory mechanisms,
such as increased aldosterone secretion, which could counteract the
diuretic’s effect. However, this combination also carries a risk of hypovo-
lemia and electrolyte imbalances, particularly potassium. Diuretics can
cause potassium loss, whereas ACE inhibitors can lead to potassium
retention, potentially resulting in hyperkalemia. Close monitoring of elec-
trolyte levels and kidney function is crucial when these drugs are co-
administered.

Moreover, in patients with renal impairment, the combination of
diuretics and ACE inhibitors can lead to further renal stress, increasing the
risk of acute kidney injury. Therefore, while this combination is effective in
managing hypertension and heart failure, it requires careful dosing and
monitoring to avoid complications like dehydration, electrolyte dis-
turbances, or kidney dysfunction.

Pharmaceutical interactions
The combination of carbenicillin and gentamicin is commonly used in
clinical practice to enhance antibacterial efficacy201, particularly in the
treatment of severe bacterial infections. This combination therapy is espe-
cially effective against Gram-negative bacteria, such as Pseudomonas
aeruginosa202,203. The pharmacological mechanisms of carbenicillin and
gentamicin differ significantly. Carbenicillin is a β-lactam antibiotic that
works by inhibiting bacterial cell wall synthesis, leading to bacterial cell
death204,205. Gentamicin, an aminoglycoside antibiotic, interferes with pro-
tein synthesis bybinding to the 30S ribosomal subunit of bacteria, disrupting
their normal physiological processes and causing bacterial death206,207. Since
their mechanisms of action do not directly conflict, the two antibiotics can
be used in combination to produce a synergistic antibacterial effect208. A
flowchart summarizing the clinical application of DDIs in pharmaceutics is
provided in Fig. 9A for a clearer understanding of the process.

However, this combination therapy may also lead to potential drug
interactions. First, carbenicillin can alter renal excretion mechanisms,
resulting in increased blood concentrations of aminoglycosides like genta-
micin,whichmayelevate the riskof nephrotoxicity209.Gentamicin can cause
renal and cochlear toxicity at high concentrations, leading to renal
impairment and hearing loss210,211. As a result, when carbenicillin and
gentamicin are used together, it is essential to closelymonitor renal function
and blood drug concentrations to prevent excessive drug accumulation.
Second, carbenicillin may compete with gentamicin for entry into the
bacterial cell membrane. Although their mechanisms of action are distinct,
this competition could affect drug penetration and the overall antibacterial
efficacy, particularly at sites with high bacterial concentrations. Moreover,
carbenicillin may enhance the sensitivity of bacteria to gentamicin by
altering the structure of the bacterial cell wall, thus improving the synergistic
effect of the combined therapy212.

In conclusion, while the combination of carbenicillin and gentamicin
offers powerful antibacterial effects in clinical practice, it is crucial to be
cautious of potential drug interactions, especially in patients with renal
insufficiency. Careful use, along with monitoring drug concentrations and
adverse reactions, is essential to ensure both the efficacy and safety of the
treatment213.

Drug-food interaction
The interaction between grapefruit juice anddrugs214,215 is primarily due to
the chemical compound furanocoumarins found in grapefruit juice. These
compounds are metabolized by the CYP3A4 enzyme, forming reactive
intermediates that covalently bind to the enzyme’s active site, resulting in
irreversible inhibition of the enzyme (mechanism-based inhibition). This
inhibition reduces CYP3A4 activity in the small intestine until newly
synthesized enzymes restore the activity to its original level. This process
helps explain the significant effect of grapefruit on the PK of drugs, par-
ticularly the peak concentration (Cmax) and the area under the plasma
concentration-time curve (AUC). These changes indicate an increase in
the oral bioavailability of the drug, while the systemic elimination half-life
remains unchanged216. A flowchart summarizing the clinical application
of DDIs in drug-food science is provided in Fig. 9B to offer a clearer
overview of the process.

It is important to note that this interaction is specific to orally admi-
nistered drugs and does not significantly affect intravenous drugs. All forms
of grapefruit, including freshly squeezed juice, frozen concentrated juice,
and whole fruit, can have this effect by reducing the activity of CYP3A4.
Even the consumption of one complete grapefruit or 200ml of grapefruit
juice is sufficient to cause a significant increase in systemic drug con-
centrations, potentially leading to adverse reactions217,218. In addition to
grapefruit, Sevilla orange (commonly used in jams), lime, and pomelos can
also trigger similar interactions, while sweet oranges (e.g., navel and
Valencia oranges) do not contain furanocoumarins and thus do not cause
this interaction219–222.

The interaction between grapefruit and drugs is drug-specific, and
not all drugs are affected. Drugs most commonly affected are those with
low to medium oral bioavailability (ranging from less than 10% to 70%)
and those metabolized by CYP3A4196. Additionally, the timing and
amount of grapefruit consumed can affect drug PKs. Typically, drug
concentrations are most influenced within 4 h of grapefruit intake223. The
susceptibility of patients to this interaction can also vary. For instance,
individuals with high expression of CYP3A4 in their intestines may be
more susceptible to grapefruit’s effects, and adjusting the drug dose may
be necessary to achieve the desired therapeutic outcome. Therefore, in
clinical practice, it is important to consider whether patients are at risk for
grapefruit-related interactions based on these factors and adjust the
treatment plan accordingly.

Pharmacological contraindications
Pharmacological contraindications refer to specific circumstances or con-
ditions where the use of a particular medication could cause harm to the
patient. These contraindications arise from potential interactions between
the drug and the patient’s existing health conditions, other medications, or
physiological states. Identifying and understanding these contraindications
is essential forhealthcare providers tomake informeddecisions aboutwhich
drugs are appropriate for individual patients, ensuring both the efficacy of
the treatment andpatient safety224. Contraindications are generally classified
into two categories: absolute and relative, eachwith distinct implications for
patient care.

Absolute contraindications are situations where a particular drug
should never be used under any circumstances because its administration
would pose a significant risk to the patient’s health. These contraindications
are considered critical and non-negotiable. For example, a drug that can
cause severe, life-threatening allergic reactions should be absolutely con-
traindicated for patients with a known history of hypersensitivity to that
drug225. Similarly, certainmedications may be absolutely contraindicated in
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patients with specific medical conditions, such as a medication that should
not be used in patients with a history of severe liver or kidney failure, as it
could further damage these organs226. In these cases, there is no safe alter-
native for the patient, and using the drug would almost certainly result
in harm.

Relative contraindications, on the other hand, refer to circumstances
where the use of a drug is not automatically forbidden but should be
approached with caution. These contraindications arise in situations where
the benefits of the drug may outweigh the risks, but careful consideration
and close monitoring are required. For instance, a medication that may
cause certain side effects in patients with a pre-existing condition like high
blood pressure might still be prescribed, but the patient must be carefully
monitored throughout the treatment. In cases of relative contraindications,
healthcare providers may adjust the dosage, monitor the patient more fre-
quently, or choose a different treatment if the risks are deemed too high227.
Ultimately, the decision is made on a case-by-case basis, considering the
patient’s overall health and the therapeutic goals.

In both cases, understanding contraindications—whether absolute or
relative—ensures that medications are prescribed safely and effectively,
minimizing the risk of adverse outcomes. Furthermore, the clinical appli-
cations of pharmacological contraindications—including absolute contra-
indications and relative contraindications—are systematically illustrated in
Fig. 9C, D, providing a visual framework to enhance understanding of these
critical safety considerations.

Absolute contraindications: MAOIs + sympathomimetic amines
Monoamine oxidase inhibitors (MAOIs) are a class of drugs used primarily
for the treatment of depression and certain other psychiatric disorders. They
work by inhibiting the enzyme monoamine oxidase (MAO-A/B), which is
responsible for breaking down neurotransmitters such as serotonin, nor-
epinephrine, and dopamine228. However, when MAOIs are combined with
sympathomimetic amines—drugs that stimulate the sympathetic nervous
system—there is a significant risk of severe, life-threatening reactions. These
include hypertensive crises and serotonin syndrome, both of which can be
fatal if not promptly treated.

The interaction between MAOIs and sympathomimetic amines leads
to a dangerous increase in the levels of neurotransmitters, particularly
norepinephrine. This can trigger a hypertensive crisis, marked by a sudden
and severe increase in blood pressure,which can lead to headache, sweating,
palpitation, tachycardia, bradycardia, nausea, vomiting or dilated pupils.
Additionally, the elevated serotonin levels can result in serotonin syndrome,
a potentially fatal condition characterized by symptoms such as agitation,
hyperthermia, tremors, sweating, and confusion. If left untreated, serotonin
syndrome can lead to organ failure or death.

Due to the severity of these reactions, the combination of MAOIs and
sympathomimetic amines is considered an absolute contraindication.
Healthcare providers must carefully review a patient’s current medications
to prevent such dangerous interactions. If a sympathomimetic drug is
necessary, alternatives that do not interact with MAOIs should be

Fig. 9 | The clinical application of drug-drug interaction in pharmaceutical,
drug-food, and pharmacological contraindications. A The interaction diagram of
carbenicillin and carbenicillin in pharmaceutical interaction. B The interaction
diagramof grapefruit in drug-food interaction.CThe interaction diagramofMAOIs

and sympathomimetic amines in absolute contraindications. D The interaction
diagram of clarithromycin and amlodipine in relative contraindications. (Created
with bioicons.com, https://smart.servier.com/ is licensed under CC-BY 3.0
Unported https://creativecommons.org/licenses/by/3.0/).
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considered to minimize the risk of these severe adverse reactions, including
serotonin syndrome and hypertensive crises.

Relative contraindications: clarithromycin + amlodipine
The pharmacological interaction between clarithromycin and amlodipine
primarily occurs through hepatic metabolism. Clarithromycin, as a potent
inhibitor of the CYP3A4 isoenzyme, significantly reduces the metabolic
clearance of amlodipine, a CCB that undergoes extensive CYP3A4-
mediatedoxidation229. Thismetabolic interference leads to elevated systemic
exposure to amlodipine, with plasma concentrations increasing ~2–3 fold
compared to amlodipine administration alone.

The altered PK profile manifests clinically through amplified PD
effects of amlodipine. The drug’s characteristic vasodilatory action
becomes exaggerated, resulting in prolonged reduction of peripheral
vascular resistance. This manifests most notably as an increased
incidence and severity of hypotension, particularly in elderly patients
or those with compromised renal function. The interaction also
extends amlodipine’s elimination half-life, potentially necessitating
dosage adjustments to maintain therapeutic efficacy while minimizing
adverse effects.

From a clinical management perspective, this interaction war-
rants consideration of alternative therapeutic strategies. Azithromycin
presents a pharmacologically preferable macrolide option in patients
requiring concomitant CCB therapy, as it lacks significant CYP3A4
inhibition properties. When clarithromycin use is unavoidable, close
monitoring of blood pressure and renal function is essential, parti-
cularly in vulnerable populations such as the elderly or those with renal
impairment.

Current challenges and future directions
This paper reviews the current research methods and model construction
for DDI prediction. Although significant progress has been made in DDI
prediction, demonstrating strong predictive capabilities, reliable results, and
broad application prospects, several limitations and challenges remain that
need to be addressed.

Optimization of modeling method
As drug development and clinical applications grow more complex, pre-
dicting DDIs becomes increasingly difficult and crucial. The occurrence of
DDIs can lead to severe adverse reactions, potentially threatening patients’
lives. While existing ML models have addressed many of these challenges,
several issues remain unresolved. For instance, traditional similarity indi-
cators may be less effective when dealing with larger, more complex
molecules. To address this, alternative or supplementary indicators should
be explored, especially for macromolecules, which have not yet been fully
examined.

Another challenge lies in extending the attentionmechanism tomulti-
hop structures, which would allow for a more global determination of each
entity’s acceptance domain. Additionally, the aggregator currently based on
linear changes could be expanded to non-linear structures, enriching
neighborhood representations and improving model performance.

Prediction accuracy is also compromisedby imbalanceddata andnoise
within the original datasets. To enhance the robustness of predictionmodels
in such conditions, it is necessary to developmethods that reduce the impact
of data imbalances and noise.

Moreover, variations in drug order during the occurrence of DDIs can
affect model performance, even in the training phase. The substructure
extraction phase also faces challenges due to noise information leakage,
which can undermine the performance of the model under certain condi-
tions, requiring further improvement.

In conclusion, optimizing modeling methods is a multifaceted chal-
lenge that encompasses aspects such as accuracy, efficiency, and interpret-
ability.With the continuous development of algorithms and advancements
in hardware technology, improvingmodeling techniques will remain a vital
research focus in the future.

Enhancement of model interpretability
ML models, particularly those based on deep learning, have become
essential tools in DDI prediction due to their impressive predictive cap-
abilities and ability to handle large-scale, complex data. However, one of the
significant challenges remains the “black box” nature of these deep learning
models, where the decision-making process remains unclear. This lack of
interpretability not only undermines the credibility of the model but also
complicates the verification and pharmacological interpretation of drug
interactions, particularly in contexts related to drug safety and clinical
applications. To address this, researchers have developed interpretable AI
techniques such as GNNExplainer and SHAP-GNN230,231, which provide
insights into the decision-making process of GNNs by identifying critical
subgraphs or quantifying feature importance through Shapley values. For
instance, GNNExplainer generates explanations by highlighting the most
influential subgraph structures and node features that contribute to a DDI
prediction, while SHAP-GNN leverages game theory to attribute prediction
outcomes to specific molecular features, enhancing transparency and trust
in model outputs.

Over the past three years, several interpretable DDI predictionmodels
have emerged, each with unique strengths and limitations. DABI-DDI
integrates a dual-stage attention mechanism with LSTM networks and
Bayesian calibration232, capturing temporal dependencies and reducing false
positives. Its active learning strategy improves sample efficiency, but the
model’s complexity may hinder real-time deployment. GGI-DDI employs
granular computing to identify key molecular substructures responsible for
DDIs233, offering biologically interpretable insights by aligning predictions
with human cognition patterns. However, its reliance on predefined gran-
ulation strategies may limit adaptability to novel drug combinations.
KnowDDI enhances interpretability by learning knowledge subgraphs from
biomedical KGs, providing explaining paths forDDI predictions234.While it
effectively compensates for sparse DDI data, its performance heavily
depends on the quality of external knowledge sources, whichmay introduce
biases. Lastly, MVA-DDI introduces a multi-view attention network that
combines sequence and graph representations of drugs235, improving pre-
diction accuracy through an interpretable self-attention mechanism. This
approach allows clinicians to understand how different molecular per-
spectives contribute to DDI risks, but its dual-encoder design increases
computational overhead.Collectively, these studies demonstrate progress in
interpretable DDI prediction, yet challenges remain in balancing model
complexity, real-time applicability, and domain-specific explainability.
Future work should focus on developing hybrid models that integrate
structural, temporal, and knowledge-based explanations while maintaining
computational efficiency.

For DDI prediction, understanding the decision-making process is
vital, as it directly impacts the safety evaluation and practical application of
drug combinations. In the future, expanding research in this direction will
enable DDI prediction models to not only provide accurate results but also
offer greater transparency in terms of interpretation and validation. By
enhancing interpretability, drug developers and clinicians will gain a clearer
understanding of drug interactions, enabling them to identify potential risks
early andmakemore informed, scientifically grounded treatment decisions.
This, in turn, will improve the reliability of drug safety assessments and
foster greater trust in clinical applications.

Multimodal learning and cross-domain integration
DDI prediction plays a crucial role in drug development and clinical
practice, with the potential to identify risks associated with drug combi-
nations and enhance drug safety. However, one of the major challenges in
this field is the integration of cross-domain data. DDI prediction involves
various types of data, including molecular structure, genomic data, clinical
information, pharmacological data, and laboratory test results. These data
sources often differ in formats, scales, and characteristics, making effective
integration a significant technical hurdle in current research.

Traditionalmethods for predicting drug interactions typically rely on a
single data source, which can limit the ability to capture the complexity of

https://doi.org/10.1038/s41746-026-02400-3 Review

npj Digital Medicine |           (2026) 9:198 23

www.nature.com/npjdigitalmed


drug interactions.Multimodal learning presents a promising solution to this
challenge. By integrating data from various domains, such as images, text,
and tables, multimodal learning enables the model to understand the rela-
tionships between different types of data, thereby enhancing the ability to
recognize drug interactions. This approach allows models to process and
fuse diverse data types, enabling them to complement each other and
mitigate the limitations of any single data source.

Moreover, cross-domain model integration offers another valuable
approach forDDIprediction. By combiningmodels fromdifferent domains
—such as pharmacological, genomic, and clinical prediction models—a
more robust and comprehensive prediction framework can be created. This
integration improves the model’s adaptability and generalization across
varied data environments. Cross-domain integration not only addresses the
challenge of handling diverse data types but also overcomes the hetero-
geneity between data sources. Ultimately, through such integrated
approaches, drug safety assessments and personalized treatment strategies
can be more accurate, providing patients with safer and more effective
treatment options.

Transformation from research to clinical application
The application ofML inDDI prediction heavily relies on a large volume of
biological and chemical data. The quality, source, and standardization of
these data are critical factors influencing the reliability of predictive models.
However, many existing databases suffer from issues such as incomplete
data, excessive noise, and inconsistent formats, which can undermine the
accuracy and credibility ofMLmodels in real-world applications.Moreover,
predicting DDIs involves not only identifying simple interactions between
drugs but also understanding complexphysiologicalmechanisms, including
factors such as drug metabolism, PKs, and PDs. These complexities pose
significant challenges for achieving high prediction accuracy.

While ML models have demonstrated their potential in laboratory
settings, translating them into clinical practice requires rigorous validation
and standardized processes. This transformation is not only a technical
challenge but also involves navigating ethical, legal, and regulatory concerns.
Specifically, regulatory frameworks such as the European Union’s Artificial
Intelligence Act (EUAI Act) and the U.S. Food and Drug Administration’s
Software as aMedicalDevice (SaMD)guidelines provide critical compliance
requirements for the development and deployment of ML-based medical
tools. These frameworks emphasize the need for transparency, account-
ability, and riskmanagement inAI systemsused in healthcare, ensuring that
they meet stringent safety and efficacy standards before clinical adoption.

In DDI prediction, the model must account for individual patient
differences, such as genetic background, pathological conditions, and con-
current medications. These variables make the prediction task more com-
plex anddiverse, emphasizing the need formodels that are not only accurate
but also highly interpretable. Clinicians need to trust themodel’s output and
understand the reasoning behind its predictions to confidently integrate
them into clinical decision-making. Additionally, data privacy is a para-
mount concern. The model’s reliance on sensitive patient information
necessitates strict adherence to data protection laws, such as the General
Data ProtectionRegulation in Europe, whichmandates robustmeasures for
data security, consent management, and patient rights.

Furthermore, in clinical settings, patient conditions and drug regimens
can change rapidly, necessitating that DDI prediction systems respond
quickly to these changesandupdate predictions in real time.This introduces
a need for greater flexibility and dynamic adaptability in the models. Most
current ML models are static, with their predictive abilities fixed once
training is completed.Given the dynamic nature of clinical drug use, there is
a pressingneed formodels to continuously learn andadapt tonewdata. This
will require ongoing retraining and optimization, as well as integration of
real-time data, which in turn demands significant technical resources and
infrastructure.

Achieving this transition from research to clinical application will
require interdisciplinary collaboration and strong policy and regulatory
support. Compliance with established regulatory frameworks, such as the

EU AI Act and FDA SaMD guidelines, alongside robust data privacy pro-
tections, will be essential to ensure the smooth and responsible imple-
mentation of predictive models in healthcare.

Conclusion
ML has become an indispensable tool in the prediction of DDIs, offering
powerful capabilities to extract meaningful insights from increasingly
complex and large-scale biomedical datasets. In this study, we summarized
the major methodological advances, including graph-based models, deep
learning frameworks, similarity-drivenapproaches, andmulti-task learning,
all of which have significantly improved the accuracy and efficiency of DDI
prediction.

While these advances have broadened the horizon of DDI research,
key challenges remain. Limitations inmodel interpretability, difficulties
in integrating multimodal and cross-domain data, and barriers to
clinical translation continue to constrain the full realization of ML-
driven DDI prediction. Addressing these challenges will require the
development of more transparent models, robust multimodal fusion
techniques, and adaptive systems capable of dynamic learning in real-
world clinical environments.

Looking ahead, the convergence of ML, systems pharmacology, and
real-time clinical data holds the promise of reshaping how DDIs are pre-
dicted, validated, and managed. Future efforts should emphasize not only
technical innovation but also interdisciplinary collaboration and regulatory
alignment to bridge the gap between computational prediction and clinical
application. As ML technologies continue to evolve, their integration into
the drug discovery pipeline and clinical decision-making processes is poised
to advance personalizedmedicine and enhance drug safety on a global scale.
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