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Abstract: The comprehensive knowledge about the simultaneous use of multiple drugs to treat a disease is essential for the medical
community to determine the best decisions for patient health. The use of various drugs at the same time to treat a disease can result in
drug–drug interaction, raising the possibility of serious side effects. This study conducted a systematic literature review that describes the
declarative information about drug–drug interactions, including the research papers from 2019 to 2025. The study focused on significant
areas that can enhance modern research in drug–drug interactions, which were not included in previous studies. It is composed of
artificial intelligence techniques, particularly those based on machine learning and deep learning for predicting drug–drug interactions.
The PRISMA-based flow chart concept is used in the literature review stage. After a thorough review of the research papers, 33 studies
were chosen. This work presents four research questions that were addressed and answered by the obtained results. The study found
that the drug–drug interaction trend increased starting from 2021. It also found that deep learning models and their hybrid frameworks
are the most commonly used. It was also observed that most studies used DrugBank and TWOSIDE data repositories. The findings
also reveal that the F1-score is the most frequent evaluation measure. It found that there is a bridge to validate the model’s performance
on a real-time clinical dataset, thereby assessing its true power. The research findings highlight significant study trends and knowledge
gaps in the medical industry.
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1. Introduction

The advancement of artificial intelligence (AI) approaches
to predict drug–drug interactions (DDIs) has recently garnered
interest in bioinformatics. The DDIs can develop when multi-
ple drugs are taken together [1]. Such interactions might increase
or decrease the effectiveness of medications, result in undesirable
drug responses that could be life-disastrous in certain situations
[2], and cause drug withdrawal from pharmacies [3]. According to
the US Centers for Disease Control and Prevention, over 10% of
people use five or more medicines concurrently. Even more con-
cerning, 20% of senior citizens use more than 10 different drugs,
which considerably increases the chance of harmful drug reactions
[4]. The chance of DDIs increases in proportion to the expansion
of the number of new permitted drugs [5]. Therefore, predicting
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DDIs in the early stages of drug development is both important
and challenging. Figure 1 shows the DDIs network.

There are various traditional approaches used to identify
DDIs, with in vitro and in vivo tests being the most common.
However, they are sometimes impossible due to the lab’s technical
or financial constraints in identifying DDIs [6]. These traditional
approaches to DDI prediction rely on manual expert knowledge
and experimental studies to protect patient safety and improve
treatment outcomes. Therefore, it becomes necessary to shift
toward AI techniques to address issues with DDI identification.
Two types of AI-based methods are now used to determine DDIs:
(1) DDIs can be extracted from written sources, computerized
medical records, and unprompted reports; and (2) DDIs can be
predicted using known DDIs.

1.1. Extraction of DDIs

Unstructured research encompasses many DDIs; however,
with the increasing volume of biomedical literature, it is currently
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Figure 1
Drug–drug interaction network

quite challenging to extract relevant data from the vast literature
and synchronize it within drug databases [7, 8].

Two types of methods are used to extract DDIs: (1) pattern-
based techniques and (2) characteristics-based machine learning
(ML). The existing pattern-based techniques are outdated because
they rely on manual categorization of DDIs, which requires
domain expertise. Using the annotated dataset has increased the
popularity of the ML approach to extracting DDIs [9]. Further-
more, the extraction of DDIs from textual data does not give an
early indication or discover unknown DDIs, but ML can predict
them successfully in advance [10–12].

1.2. Prediction of DDIs

To anticipate DDI and detect potential dangers related to the
concurrent use of various drugs, AI approaches are used [13]. Due
to the growing complexity of this research subject, there has been
a significant increase in interest in drug regimens in recent years,
highlighting the need to optimize patient safety and treatment
outcomes [14]. ML approaches in drug prediction utilize algo-
rithms that learn from historical data on drug interactions and
patient profiles to develop predictive models. These models can
analyze large datasets containing information about drug proper-
ties, molecular structures, pharmacokinetics, and clinical data to
identify patterns and relationships that contribute to DDI [15].

The ML systems analyze and learn patterns from numer-
ous data sources to anticipate DDIs. There is a need to first
distinguish between traditional and nontraditional ML’s meth-
ods for bioinformatics/network-based prediction problems. The
two categories of traditional ML methods are classification-based
and similarity-based. Nontraditional ML methods falls into four
major types:

1) Network propagation technique. According to various tech-
niques for network processing, the network propagation
technique is separated into graph embedding and link pre-
diction. The link prediction approach utilizes biological items

as nodes and their complex relationships as edges to pre-
dict unknown connections and identify false or insufficient
interactions. Embedding a graph involves transforming the
high-dimensional structure of the known graph into a lower-
dimensional space while preserving the information related to
the graph. The network propagation technique is based on the
guilt-by-association rule, where closely connected nodes share
similar functions or properties within a network [16].

2) Factorization of a matrix. The matrix of known drug interac-
tions is decomposed into N matrices of low dimension using
various decomposition techniques. These matrices are then
combined to create the matrix that predicts DDIs [17].

3) Ensemble approach. The ensemble approach integrates several
methodologies to estimate drug interactions, yielding more
accurate results [18].

4) Literature-based approach. This method uses natural language
processing to get drug interactions on unstructured data, and
unknown DDIs are predicted using extracted data [19].

Different ML models have frequently been used in DDI pre-
diction, each with strengths and characteristics. Decision trees
(DTs) are popular ML models used in DDI prediction [20]. They
consist of a hierarchical structure where decisions are made based
on the features of the data. The DTs can be well trained on the
molecular features, different drug properties, and other relevant
factors to predict the DDIs by recursively splitting the data based
on specific criteria.

Another effective ML approach to predict DDIs is the sup-
port vector machine (SVM) [21, 22]. It separates the different data
classes by identifying the optimal hyperplane. It maps the differ-
ent drug features to high-dimensional spaces. SVM identifies the
boundaries between non-interacting and interacting drug pairs,
thereby increasing the margin between the classes and accurately
predicting the DDIs.

Random forests (RFs) are one of the ensemble algorithms
that integrate multiple DTs to enhance the predictive performance
[23]. It uses a collection of the DTs, each trained on a different
subset of data, and averages their results to obtain reliable results.
Therefore, it reduces overfitting and captures complex interactions
to achieve robust prediction [14]. Naïve Bayes (NB) is a widely
used probabilistic classifier. NB assumes independence between
features, but in reality, this assumption cannot hold for all drug
interactions [24]. Despite this limitation, it can provide useful
insights by calculating the likelihood of drug interactions using the
conditional probabilities and the prior knowledge. However, NB
can be useful in such scenarios where a limited dataset is available.

Another ensemble algorithm is gradient boosting. Basically,
it combines multiple weak learners in an ensemble way to create
a strong predictive model [25]. It iteratively built DTs, each of
which attempted to address the errors in the previous tree [26, 27].
It improves the prediction accuracy by focusing on the misclassi-
fied instances. So, the healthcare professionals and researchers can
effectively predict DDIs using these ML models. They facilitate
better decision-making in reducing the risk of negative reactions
and in prescribing the correct medications.

Different deep learning (DL) approaches are also used to
predict the DDIs. They use multiple-layer artificial neural net-
works to extract information and automatically handle complex
DDI patterns. In DL, deep neural networks (DNNs), convolu-
tional neural networks (CNNs), graph neural networks (GNNs),
deep belief networks, recurrent neural networks (RNNs), and
autoencoders are commonly used to develop hierarchical rep-
resentations that capture the dependencies between medications

Pdf_Fol io:202



Artificial Intelligence and Applications Vol. 00 Iss. 00 2026

and complex interactions [28–33]. These DL models can handle
the scalability requirements and also enable the comprehen-
sive analysis of DDIs at scale by providing powerful tools for
processing large datasets comprising diverse drug properties,
patient characteristics, and molecular structures [34]. Moreover,
these techniques have the advantage of automatically perform-
ing feature engineering by extracting useful features from the
raw data. However, it is useful for DDI prediction, as it iden-
tifies the relevant features from the complex nature of drug
interactions.

Through pattern recognition and network analysis, these
models can identify recurring patterns, associations, and struc-
tural characteristics within DDI networks. It can help identify
potential negative or synergistic effects of drug combinations and
provide valuable insights into the underlying processes of DDI
[35, 36]. In summary, ML and DL techniques have the potential
to revolutionize DDI prediction by offering scalability, feature
extraction capabilities, adaptability, and the ability to uncover
hidden patterns and relationships within DDI networks [37]. The

network of the ML and DL models for predicting DDI is shown
in Figure 2 [38].

By leveraging these advanced AI approaches, researchers and
healthcare professionals can make more informed decisions about
drug prescriptions, optimize treatment plans, and mitigate the
risks of adverse drug interactions. Integrating AI-based drug-
prediction algorithms into the medical domain holds significant
promise for improving patient care and treatment outcomes [18].
Leveraging these algorithms can improve the precision of DDI
predictions using ML and DL techniques. With the capacity
to analyze vast amounts of data and identify intricate patterns,
these algorithms provide healthcare professionals with valuable
insights into potential interactions that may have been previ-
ously overlooked [23, 39]. Improved accuracy and understanding
of DDI can significantly aid in making more informed deci-
sions when prescribing medications, thereby reducing the risk of
adverse reactions and ultimately enhancing patient safety [25, 40].
Additionally, these algorithms can detect interactions early,
enabling proactive measures to mitigate potential risks before they

Figure 2
Workflow of the DL and ML models for predicting DDI
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manifest in clinical practice. Drug prediction in the medical
field can be revolutionized by AI techniques, leading to more
personalized and effective treatment strategies for patients.

1.3. Evaluation metrics

The literature has employed various evaluation metrics to
assess the performance of ML and DL-based models for predict-
ing DDI that capture different aspects of classification quality.
These include accuracy (ACC), F1-score, recall, precision, area
under the precision-recall curve (AUPRC), area under the receiver
operating characteristic curve (AUROC), and Matthews corre-
lation coefficient (MCC). Each offers different insights into the
classification purpose, based on the confusion matrix values, that
is, true negatives (TN), true positives (TP), false negatives (FN),
and false positives (FP) [41].

ACC measures the overall correctness of a model by quanti-
fying the proportion of correctly classified negative and positive
examples out of all predictions.

ACC = TP + TN
TP + TN + FP + FN

(1)

A high value of ACC represents that the model correctly pre-
dicts most of the examples, but it may not provide good results
for class imbalance cases.

Precision is based on the positive predictive values, and it
quantifies the reliability of positive predictions by computing the
portion of predictive positive examples that are TP.

Precision = TP
TP + FP

(2)

Recall, also known as sensitivity, is based on the TP rate, and
it quantifies the ability of the model to identify all actual positive
examples.

Recall = TP
TP + FN

(3)

The F1-score is basically the harmonic average of recall and
precision. The main aim of the F1-score is to balance the precision
and recall aspects into a single evaluation metric.

F1 − score = 2 × Recall × Precision
Recall + Precision

(4)

The F1-score is well-suited for situations where the class dis-
tribution is skewed, necessitating consideration of both FN and
FP simultaneously.

AUROC precisely measures the trade-off between recall and
FP rate among all possible classification thresholds.

AUROC = 1∫
0

(TP Rate)(FP Rate)𝜕(FP Rate) (5)

The value of AUROC is between 0 and 1. If the value is close
to 1, it indicates strong discriminative performance across the
threshold, and if the value is close to 0, it suggests poor discrim-
inative performance across the threshold. Meanwhile, an average
value of 0.5 indicates random discriminative performance.

AUPRC aggregates model performance over varying thresh-
olds by plotting precision against recall. It generally performs well
with class-imbalanced problems. It focuses on the performance

of the positive class and overlooks the optimistic evaluation that
may occur with the AUROC in cases of class imbalance.

AUPRC = 1∫
0

P(r)𝜕r (6)

Here, P(r) shows precision as a function of recall.
In MCC, all four categories of the confusion matrix are con-

sidered, providing a comprehensive and balanced measure for
binary classification.

MCC = TP × TN − FP × FN√(TP + FP)(TP + FN)(TN + FP)(TN + FN)
(7)

The value of MCC is between −1 and +1. If the value is −1,
it indicates total disagreement, and if the value is +1, it means
perfect classification. Meanwhile, zero suggests that performance
is random, relying solely on chance. For binary classification,
MCC is a robust and overall assessment metric, especially in class
imbalance scenarios, compared to ACC or F1-score.

It is a good approach to use a set of metrics that consists of
both threshold-independent measures (i.e., AUROC and AUPRC)
and threshold-dependent measures (i.e., ACC, recall, precision,
MCC, and F1-score) that enable a nuanced evaluation of ML and
DL-based models’ performance, especially in class-imbalanced
cases such as DDI prediction.

1.4. Data source for DDIs

Direct DDIs analysis integrates a broad range of influenc-
ing factors derived from different drug-related data repositories.
These data sources capture heterogeneous information, includ-
ing detailed protein structural data, mechanisms of action, and
pharmacogenomic effects. Therefore, the availability of a sub-
stantial amount of drug data has enabled researchers to classify
potential interactions among drugs and model the underlying
complexity of their interactions. It provides a deeper understand-
ing of the molecular and biological mechanisms that drive DDIs.
This study identifies several important chemical and bioinformat-
ics databases, as shown in Table 1. It presents the information,
including the publication year, and provides concise descriptions
of the features and their uses. With the rapid advancement of drug
discovery and analysis, Table 1 serves as a valuable reference, pre-
senting the features of each dataset to help researchers select one
that aligns with their specific needs.

1.5. Problem statement

DDIs present a serious clinical risk and challenges to
patient safety, especially in the context of polypharmacy [41–43].
Traditional rule-based and experimental approaches are time-
consuming, costly, and often insufficient for capturing the
nonlinearity and high dimensionality of pharmacological inter-
actions [44–47]. Consequently, AI-based approaches, particularly
ML and DL, have been broadly used for predictive DDIs over
the past decade due to their powerful model capability.

Several review studies have highlighted progress in AI-based
DDI prediction. Current systematic literature reviews (SLRs)
mainly focus on either selected data representation or ML mod-
els, particularly DL architectures, while representing a limited
combination across DDIs data sources, modeling paradigms,
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Table 1
Comprehensive overview of key data sources related to DDIs

Dataset (pub. year) Drugs/items
Interactions/-

pairs/entries Context URL

Protein Data Bank
1971

200,000 structures Molecule complexes Protein and ligand 3D
structures

https://www.rcsb.org/

KEGG
1995

11,147 324,183 Biological pathways
and interactions

https://www.kegg.jp/

Liverpool HIV DDI
DB

1999

300 + HIV drugs +
many co-administered
drugs

1,400 clinically
validated DDIs

This dataset focuses
on antiretrovirals,
providing manage-
ment guidance and
severity information

https://www.hiv-
druginteractions.org/

UniProt
2003

Millions of proteins Functional/in-
teraction
annotations

Central protein
database

https://www.uniprot.org/

PubChem
2004

Millions of compounds Assay/activity results Broad chemical
repository

https://pubchem.ncbi.nlm.
nih.gov/

DrugBank
2006

1706 191,808 DDIs Core DDI database
with transporters,
targets, and enzymes

https://go.drugbank.com/

SIDER
2008

1430 139,756 drug-side
effect pairs

Drug side effects are
linked to drugs

https://zenodo.org/records/
7877720

Bio2RDF
2008

Bio-entities as RDF
triples

Chemical/drug
relationships

Cross-linked
biomedical RDF
dataset

https://bio2rdf.org/

TWOSIDES
2012

645 4,649,441 DDIs Compiled adverse
pairwise interactions

https://tatonettilab.org/
offsides/

OFFSIDES
2012

1,332 18,842 drug-event
associations

Off-label side effects
mined from FDA
reports

https://tatonettilab.org/
offsides/

SemEval-2013/
DDIExtraction 2013

13029 4037 DDIs Text corpus of
abstracts and Drug-
Bank excerpts with
interaction labels

https://aclanthology.org/
S13-2056/

ChEMBL22
2016

1.69 million distinct
compounds and
11,224 targets

14.37 million
compound-target
activity values

It is a comprehensive
bioactivity dataset
with assay data,
chemical struc-
tures, and target
information

https://www.ebi.ac.uk/
chembl/

ZhangDDI
2017

Derived from
TWOSIDES /
OFFSIDES

– Used in computational
DDI prediction

https://github.com/
zw9977129/drug-drug-
interaction/tree/master/
dataset

BIOSNAP
2018

1332 41,520 DDIs Drug interaction
network for
FDA-approved
drugs

https://figshare.com/
articles/dataset/
BIOSNAP_DDI_and_genes
_data/23600565/1

TAC DDI Extraction
corpus

2018

– – NLP annotated cor-
pus, training/test
SPLs (8,000+ sen-
tences, 128 test
SPLs) with man-
ually corrected
interactions

https://bionlp.nlm.nih.gov/
tac2018druginteractions/

(Continued)
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Table 1
(Continued)

Dataset (pub. year) Drugs/items
Interactions/-

pairs/entries Context URL

DrugComb
2019

8397 21.5 million data
points

Large drug com-
bination activity
database

https://drugcomb.org/
download/

DDInter
2021

1833 236,834 interactions Bioinformatics drug
interaction database

https://ddinter2.scbdd.com/

HKG
2022

11,516 drug nodes
(linked to DrugBank
IDs)

20,988 total entity
nodes

It is a heteroge-
neous knowledge
graph constructed
from the Drug-
Bank dataset and
linked to biomedical
resources

https://github.com/tticoin/
HKG-DDIE.git

DDI interaction dataset
(Kaggle)

2024

– – Kaggle hosted dataset
(not standardized)

https://www.kaggle.com/
datasets/mghobashy/drug-
drug-interactions

MeTDDI
2024

1700 191,000 predicted
DDIs

Computationally pre-
dicted DDIs using
ML. It is suitable for
model training and
research, but not for
clinical validation

https://github.com/LabWeng/
MeTDDI

Note: “–” represents that the data source does not provide the information.

evaluation strategies, and future directions in this field. These
make it challenging to compare performance across studies, hin-
dering meaningful progress. For instance, a recent review study
highlighted ML-based models and drug-related features but does
not thoroughly analyze the comparative evaluation of ML and
DL approaches in terms of dataset usage trends and their evalu-
ation criteria [48]. An existing SLR focused on a broad overview
of AI applications in different biomedical interaction types and
concentrates on AI approaches and challenges. However, it did
not offer a DDI-based synthesis of AI models, evaluation met-
rics, and specific research gaps [46]. Moreover, there are other
recent review studies [44, 45, 47, 49–51] that focus on the utiliza-
tion of ML and DL models, along with their challenges and data
sources. However, there is a rapid growth of AI-based DDI pre-
diction studies, but still, there is a lack of a comprehensive and
PRISMA-guided SLR that jointly examines:

1) The AI-based research trends of DDIs from 2019 to 2025.
2) The most commonly used datasets for DDI prediction.
3) The evaluation metrics used to assess the performance of ML

and DL models for predicting DDI.
4) The research gaps and future research directions in the context

of DDI.

To the best of our knowledge, there is no current SLR that
presents an integrated and up-to-date synthesis of these aspects
within a single study. This lack of integration limits model com-
parisons and remains a significant challenge, such as data bias,
inconsistencies in evaluation metrics, explainability, and clinical
applicability. However, there is a need for a precise SLR that

follows PRISMA guidelines to combine recent research trends
and advances and support the development of interpretable and
reliable clinical AI-driven DDI prediction systems.

2. Methodology

The methodology of this study follows the SLR guidelines
proposed by Kitchenham [52]. It has been continuously adopted
across diverse domains [44, 50, 53]. The Kitchenham guidelines
offer a transparent, reproducible, and rigorous framework for
planning, conducting, and reporting SLR.

2.1. Search strategy and data sources

Several stages are included in the search review process, such
as database identification, keyword selection, and defining search
strings using specific criteria for the exclusion and inclusion of
the articles. Initially, a comprehensive search was conducted in
the Scopus database to identify the relevant articles on the use of
AI approaches to predict the DDIs. Scopus was selected as the
database for this SLR due to its extensive coverage of over 25,000
peer-reviewed journals. It also covers extensive multidisciplinary
articles from high-impact-factor journals in AI, biomedical sci-
ence, computer science, and pharmacology that are central to
DDI prediction research. It also provides advanced search capa-
bilities and standardized indexing that offer transparency and
reproducibility in SLR.

The search terms and keywords were carefully selected to
ensure the retrieval of articles specifically focused on the topic of
interest. The search string for this SLR is as follows:
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Table 2
Inclusion and exclusion criteria of this study

Collection criteria Inclusion criteria Exclusion criteria

Publication time period Articles published between 2019 and 2025 Articles published before the year 2019

Publication coverage All countries NA

Publication language English Articles that were written in languages other than
English

Method Machine learning and deep learning
techniques

Other than machine learning and deep learning
techniques

Target outcome Drug–drug interaction Other than drug–drug interaction

(“Drug-to-Drug Interaction” OR “DDI”) AND (“Artificial
Intelligence” OR “AI” OR “Machine Learning” OR “ML” OR
“Deep Learning” OR “DL”)

2.2. Eligibility criteria

The searches are not limited to a particular study design
or country. Only studies published between 2019 and 2025 were
selected. The articles were excluded if the ML or DL models were
not used. Studies focusing on DDIs were selected. However, only

those articles written in English were selected for consideration.
Table 2 shows the inclusion and exclusion criteria of this study.

2.3. Study selection

The PRISMA flow chart in Figure 3 shows the results of
the study’s search string and selection process, which included the
articles in this study. The search process yielded a total of 651
articles. These articles underwent a screening process based on
predefined inclusion and exclusion criteria, ensuring that only the
most pertinent information was included, and suitable studies were

Figure 3
PRISMA flow chart showing the review process with the study selection at the various stages

Records identified from:
Scopus (n = 651)

Other sources (n = 0)

Records screened
(Title) (n = 411)
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Reports excluded with 
reasons (n = 107):
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selected for the review. After the initial screening, 411 articles were
selected for further evaluation.

Multiple stages were involved in finalizing the selected stud-
ies. First, both authors separately extracted the data using the
same search string. To ensure consistency and accuracy in the
data extraction, the discrepancies were resolved through mutual
agreement. Second, retrieved records from the search string were
screened based on titles, and then the abstracts were again
reviewed against the inclusion and exclusion criteria of this study.
This primary screening of the records was performed indepen-
dently by both authors of this study. Lastly, the full texts of the
shortlisted articles were read by the same authors to assess their
eligibility for this SLR. Any disagreements regarding the inclusion
or exclusion of articles were resolved through discussion among
the authors.

The selected articles underwent a careful assessment to
determine their relevance to the study objectives. Based on this
assessment, the 33 articles were deemed highly relevant and
included in a final review. The chosen articles cover the vari-
ous methodologies and approaches used in the GNNs, CNNs,
DNNs, ensembles, and attention-based models to predict the
DDIs. These methodologies provide insights into the advance-
ments, challenges, and recent progress in using DL and ML to
predict the DDIs. Overall, the systematic review methodology
employed in this research ensures a comprehensive and rigorous
selection of the relevant articles and provides a solid foundation
for analyzing the current state of research in DDI prediction.

2.4. Research question formulation

This SLR focuses on identifying the AI approaches for
predicting the DDI. The study explores the effectiveness and

potential of these techniques in accurately predicting the DDIs.
This research aims to identify different approaches, data sources,
and evaluation metrics. It also aims to identify research gaps and
future directions in this domain by analyzing the relevant articles.
This study will enhance our understanding of the capabilities of
AI in the domain of DDIs. It ultimately improves patient care
and drug safety. The focus of this study will be conducted using
the following research questions (RQs):

1) RQ1: What are the AI-based research trends of the DDIs from
the year 2019 to 2025?

2) RQ2: What are the most commonly used datasets for the DDI
prediction?

3) RQ3: What are the most common evaluation metrics used
to assess the performance of the ML and DL models for
predicting the DDI?

4) RQ4: What are the research gaps and the future research
directions in the context of the DDI?

3. Results

The information extraction phase of the study focused on
identifying the relevant details for predicting the DDIs using
AI methods. It involved identifying datasets and methodologies
and assessing the evaluation metrics for selected articles. Table 3
presents a summary of all articles included in this SLR.

This study utilized descriptive statistics to evaluate the
selected articles. The descriptive analysis shows different trends
in DDI using AI approaches. The year-wise trend is shown in
Figure 4.

The yearly distribution of the published articles on AI-based
DDI prediction reports an upward trend from 2019 to 2025.

Table 3
Summary of the included articles of this study

S. No. Author Dataset Method/technique Evaluation metrics
Target

outcome

1 Tahir et al. [54] SemEval-2013 CNNs ACC, precision, recall, and
F1-score

DDI

2 Li et al. [55] DrugBank The article used
attention-based
(AB) with GNNs

ACC, precision, F1-score, and
AUROC

DDI

3 Luo et al. [56] DrugBank,
ZhangDDI, and
TWOSIDES

Hybrid (GNNs-AB) F1-score and AUROC DDI

4 Sun and Zheng
[57]

DrugBank and
TWOSIDES

Hybrid (GNNs-AB) ACC, F1-score, AUROC, and
AUPRC

DDI

5 Islam et al. [58] DrugBank, Pro-
tein Data Bank,
SIDER, and
UniProt

DNNs ACC, precision, recall, F1-score,
and AUROC

DDI

6 Jia et al. [59] DrugBank, DDI
extraction 2013,
and TAC 2018
DDI Extraction
corpus

AB Precision, recall, and F1-score DDI

7 Halder et al. [60] DrugBank and DDI
interaction dataset
(Kaggle)

Hybrid (RNNs-AB) ACC, precision, recall, and
F1-score

DDI

(Continued)
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Table 3
(Continued)

S. No. Author Dataset Method/technique Evaluation metrics
Target

outcome

8 Feng and Huang
[61]

DrugBank, KEGG,
and PubChem

DNNs ACC, precision, recall, and
F1-score

DDI

9 Im and Ko [62] DrugBank Hybrid (DNNs-AB) ACC DDI

10 Xiong et al. [63] DrugBank,
ZhangDDI,
BIOSNAP, and
MeTDDI

GNNs ACC, F1-score, AUROC, and
AUPRC

DDI

11 Zhao et al. [64] DDInter database Hybrid (GNNs-AB) ACC, precision, recall, F1-score,
AUROC, and MCC

DDI

12 Li et al. [65] DrugBank Hybrid
(CNNs-GNNs-AB)

ACC, precision, recall, F1-score,
and AUROC

DDI

13 Zhu et al. [66] DrugBank and
TWOSIDES

Hybrid
(CNNs-GNNs-AB)

ACC, precision, recall, F1-score,
and AUROC

DDI

14 Asfand-e-yar
et al. [67]

DrugBank Hybrid
(CNNs-DNNs)

ACC, F1-score, AUROC, and
AUPRC

DDI

15 Kha et al. [68] DrugBank XGBoost Precision, recall, and F1-score DDI

16 Han et al. [69] TWOSIDES The study used tensor
factorization (TF)
with DNNs

ACC, precision, recall, F1-score,
and AUROC

DDI

17 Pham et al. [70] Liverpool HIV DDI
DB

Ensemble DNNs ACC, precision, recall, and
F1-score

DDI

18 Wang et al. [71] DrugBank and
TWOSIDES

GNNs ACC, F1-score, AUROC, and
AUPRC

DDI

19 Kpanou et al.
[72]

DrugBank and
ChEMBL22

Hybrid
(CNNs-DNNs)

ACC, precision, recall, F1-score,
AUROC, and AUPRC

DDI

20 Qiu et al. [73] DrugBank and
BIOSNAP

Hybrid (RNNs-AB-
DNNs)

F1-score, AUROC, and AUPRC DDI

21 Kumari et al.
[74]

DrugBank, Pub-
Chem, and
SIDER

The study used sim-
ilarity network
fusion (SNF) with
CNNs

ACC, precision, recall, F1-score,
and AUROC

DDI

22 Vo et al. [75] DrugBank Ensemble DNNs ACC DDI

23 Yang et al. [76] DrugBank The study used
CNNs-Siamese with
multimodal fusion

ACC, precision, recall, F1-score,
AUROC, and AUPRC

DDI

24 Asada et al. [77] HKG Hybrid (KGE-AB) F1-score DDI

25 Wang et al. [18] DrugComb Ensemble DNNs AUROC and AUPRC DDI

26 Hao et al. [78] DrugBank, and
Bio2RDF

The study used
knowledge graph
embedding (KGE)
with three-way
decision (3WD)

ACC, F1-score, AUROC, and
AUPRC

DDI

27 Feng and Zhang
[15]

DrugBank Hybrid (GNNs-AB) ACC, precision, recall, F1-score,
AUROC, and AUPRC

DDI

28 Al-Rabeah and
Lakizadeh [79]

DrugBank and
KEGG

Hybrid
(GNNs-DNNs)

ACC, precision, recall, F1-score,
AUROC, and AUPRC

DDI

29 Zhang et al. [80] DrugBank CNNs ACC, precision, recall, F1-score,
AUROC, and AUPRC

DDI

(Continued)
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Table 3
(Continued)

S. No. Author Dataset Method/technique Evaluation metrics
Target

outcome

30 Mei and Zhang
[81]

DrugBank Logistic regression
(LoR)

ACC, F1-score, AUROC,
AUPRC, and MCC

DDI

31 Schwar et al. [82] TWOSIDES Hybrid (DNNs-AB) AUROC and AUPRC DDI

32 Monteiro et al.
[14]

DrugBank, UniProt,
PubChem

Hybrid
(CNNs-DNNs)

ACC, recall, F1-score, AUROC,
and AUPRC

DDI

33 Zheng et al. [83] DrugBank, and
TWOSIDES

SVM Precision, recall, and F1-score DDI

Figure 4
Year-wise publication trend on DDI using AI-based techniques

Initially, in 2019 and 2020, only one study was published in
both years that reflects the early adoption phase of ML and DL
approaches within DDI research. However, from 2021 onward,
there was an increasing publication count from year to year, and
2025 had the highest number of articles (i.e., 12). This growth
aligns with the review studies that documented the expanding
application of AI-based approaches in DDI prediction, particu-
larly ML and DL models that have matured with the passage of
time to address the complexity of DDI more reliably and effec-
tively than traditional methods [44, 45, 50, 51]. So, these studies
demonstrate advances in methodology and increasing research
interest in using AI to predict the DDIs.

The distribution of AI approaches across the selected arti-
cles shows a preference for DL over ML in the domain of DDI
prediction. Figure 5 shows that only three articles employed ML
methods, whereas 30 articles used DL techniques. This discrep-
ancy highlights the field’s shift toward DL-based mechanisms,
which are well-suited to capture the nonlinear, hidden, and com-
plex patterns in high-dimensional drug data. In contrast to ML
models such as the LR, DT, RF, or SVM, neural networks,
including the RNNs, CNNs, DNNs, and GNNs, have shown
superior capabilities for modeling the underlying relationships
among drugs [54, 58, 63, 73]. This trend aligns with the recent
studies indicating that DL not only enhances the DDI predic-
tion but also facilitates the integration of heterogeneous datasets,
such as the real-world healthcare records, drug interaction sets,
and knowledge graphs [63, 73, 78]. The dominance of the DL
in the selected articles for this SLR reveals both methodological
advancements and the rising consensus that DL techniques offer

Figure 5
Comparison trend of the different AI techniques in the context of

the DDI

superior scalability and flexibility for complex prediction tasks in
pharmacoinformatics.

The analysis of the methodological approaches used in the
selected articles reveals a clear preference for hybrid model-
ing strategies to predict the DDIs. Figure 6 shows that hybrid
approaches combining two models yielded the highest numbers.
A total of 16 articles used a hybrid approach that combines
the two models, followed by the 13 articles using a single-model
approach. Moreover, only four studies used a hybrid approach
that integrates three models, which remain comparatively limited.

Figure 6
Comparison trend of the different AI approaches (architectures)

in the context of the DDI
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Figure 7
Comparison trend of the AI models in the context of the DDI

This distribution suggests that the researchers are increas-
ingly favoring the combination of different modeling approaches
to enhance the predictive robustness and capture the diverse and
hidden pharmacological properties. The single-model approach
is still used, but it is less dominant, which reflects the increasing
recognition of its limitations in modeling the diverse nature and
complex drug interactions data. Moreover, the relatively lower
adoption of the three-model hybrid approach suggests that while
it offers good performance, it may introduce challenges such as
reduced interpretability, increased computational cost, and diffi-
culties with model optimization due to its complex architecture.
However, these findings reveal that most studies have adopted a
balanced hybrid AI-based approach to predict the DDI.

The distribution of the AI-based models across the selected
articles shows a clear preference for advanced DL approaches
for the prediction of DDIs. Figure 7 shows the distribution of
the different models for the reviewed studies in this SLR. The
CNNs, GNNs, and DNN models, each reported with moder-
ate frequency, indicate their extensive adoption for capturing the
complex drug-related features and interaction patterns from the
high-dimensional and diverse drug data. CNN models are fre-
quently used for their ability to hierarchically extract features
from the chemical representations, such as the SMILES strings.
It achieves good predictive accuracy in the DDI task, as reported
in recent studies [54, 80].

The GNN variants are also prominently represented in
reported studies that align with the trend toward using topological
networks and relational information about drugs to improve the
interaction inference [63, 71]. The DNNs and ensemble DNNs
further highlight the importance of diverse learning paradigms
in capturing the nonlinear, hidden, and complex relationships
in the drug pairs [18, 58, 61, 70, 75]. Hybrid models that com-
bine neural architectures, such as GNN-AB and CNN-DNN, are
the most common and indicate that multi-model frameworks are
increasingly favored to leverage the strengths of different models
and improve the overall performance [14, 15, 56, 57, 64, 67, 72].
This trend is consistent with recent review studies highlighting
the growing application of hybrid and DL-based techniques in
DDI-related research [45, 47].

Traditional ML models, including the SVM, LR,
and XGBoost, remain widely used [68, 81, 83]. They are

underrepresented compared to the DL models. It indicates a
shift toward models capable of handling the diverse biomedical
datasets and capturing the hidden interactions among drugs that
traditional ML models may overlook. The dominance of DL and
hybrid models in the reported studies indicates methodological
advancement in the DDI field.

Figure 8 shows that the benchmark data sources used in the
AI-based DDI prediction research exhibit substantial heterogene-
ity. DrugBank is the most frequently used data source among
the different data sources considered in this SLR. It shows that
it is the main repository for supporting binary and multiclass
DDI prediction tasks. Its dominance is evident in the studies
reported in this SLR, where it is extensively used to predict the
DDIs using various ML and DL frameworks. The TWOSIDES
dataset appears seven times; it is the most frequent after the Drug-
Bank. Several mid-tier data repositories, such as SemEval-2013,
ChEMBL22, and PubChem, are also used in tasks requiring the
DDI prediction. Figure 8 shows that other datasets are also used
but are not frequently employed. This pattern reveals broader
trends in the DDI field, in which researchers combine biomedi-
cal and chemical knowledge repositories to improve the predictive
performance. It often leverages knowledge graphs or diverse
data representations to address the characteristic limitations of
individual datasets.

Overall, the dominance of the DrugBank and TWOSIDES
data sources in DDI prediction demonstrates their consistent rel-
evance and makes them the benchmark datasets. Moreover, the
proliferation of novel and niche data repositories underscores
the ongoing efforts to enhance dataset reliability, coverage, and
clinical relevance.

Figure 9 demonstrates the distribution of the evaluation met-
rics used in the reported studies of this SLR and shows distinct
preferences for assessing performance. The F1-score was the most
frequently used evaluation metric and appeared 29 times. It is
followed by ACC, AUROC, recall, and precision.

The frequent use of the F1-score underscores its importance
in handling the class imbalance. It is a common issue in DDI-
related datasets. A recent study supports the statement that the
F1-score is a robust metric for providing a more realistic and accu-
rate evaluation of imbalanced binary classification tasks in the
DDI prediction [80]. Furthermore, the frequent use of AUROC
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Figure 8
Data sources analysis for the DDI prediction

Figure 9
The evaluation metrics used in the AI-based models for predicting the DDI

in the selected studies underscores the assessment of classifica-
tion thresholds’ discriminative capability. It aligns with trends in
DL-based research that prioritize threshold-agnostic metrics for
evaluating the model performance and generalizability [18].

AUPRC is also commonly used because it provides improved
insights into the model performance under severe imbalance.
Moreover, MCC remains underutilized despite its theoretical
advantages for binary classifiers, particularly in cases with skewed
class distributions. However, these results indicate a strong
preference for the evaluation metrics that balance specificity
and sensitivity. It supports a detailed assessment of model
performance in high-imbalance and complex DDI prediction
tasks.

4. Discussion

This SLR provides a comprehensive and balanced synthesis
of the latest advances in the AI-based DDI prediction. It high-
lights various methodological limitations, critical research gaps,
and emerging challenges that permit further investigation. The
increasing number of published articles since 2021 shows a grow-
ing research momentum and the maturity of the AI models.

However, the findings also reveal a structural imbalance in the
use of data repositories, model design, evaluation metrics, and
clinical relevance. It hinders the translational impact of current
AI-based DDI prediction methods.

A primary research gap found in this study is the overre-
liance on a few benchmark datasets, such as the DrugBank and
TWOSIDES. Meanwhile, these data sources provide high-quality
drug interaction data and facilitate methodological benchmark-
ing. However, their frequent use raises concerns about the
data homogeneity and limited clinical and external validity.
The underrepresentation of the real-world clinical datasets (i.e.,
pharmacovigilance reports, electronic patient health records, and
post-marketing surveillance data sources) indicates a disconnect
between model performance and real-world applicability. This
research gap is very critical, as clinically relevant DDIs often come
from complex patient-oriented factors that are not adequately
captured in these available data repositories.

Another critical gap is identified in the evaluation metrics
used in the reported articles of this study. To assess the clini-
cal utility or decision reliability, the frequent use of measures
such as F1-score, ACC, and AUROC remains largely unexplored.
The infrequent use of the MCC and the absence of clinical
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utility-based measures highlight an evaluation gap that may lead
to presenting an optimistic interpretation of the model perfor-
mance and generalization in highly imbalanced drug-related data.
This gap limits the model comparisons and the assessment of their
readiness for clinical decision support systems.

Moreover, the DL and hybrid models dominate the AI-
based DDI prediction literature. However, their interpretability
and explainability remain insufficiently addressed [54, 59, 62, 65,
68, 73, 77, 79, 81, 82]. This gap creates a significant hurdle to clin-
ical adoption, as trust, reliability, and transparency are essential
for integrating it into healthcare.

While many of the studies acknowledge this issue, few adopt
systematic mitigation strategies such as resampling, cost-sensitive
learning, or uncertainty-aware modeling. As a result, reported
performance gains may not generalize to rare or clinically critical
interaction types.

The reported articles of this study have several limitations
that affect methodological generalizability. First, imbalanced
classes in the DDI datasets remain a pervasive issue, with most
data sources having a smaller number of confirmed DDI as com-
pared to noninteractive drug pairs. Some studies acknowledge
this challenge, and a few of them use data balancing techniques
to overcome this issue [61]. However, their model’s performance
is not generalizable to clinically critical interaction types. It is
also noticed that external validation is rarely performed in the
selected studies. Most studies rely solely on train–test splits within
the same dataset. However, for the deployment of the model in
industry, it is important to test the model’s performance on a
cross-dataset that may enhance the reliability and generalizability
of the model.

The dominance of DL and their hybrid models introduces
methodological trade-offs; they also show strong predictive per-
formance. However, it may increase architectural complexity,
especially in multi-component hybrid models, which often lead
to higher computational costs, reduced interpretability, and diffi-
culty in hyperparameter optimization. The limited utilization of
the three-model hybrid system in the selected studies reveals that
these critical challenges may restrict researchers.

Compared with earlier reviews on DDI prediction, this study
extends existing knowledge in several important ways. Previous
SLRs largely emphasized traditional ML methods, similarity-
based approaches, and rule-based systems. However, this review
highlights a clear shift toward the DL, graph-based, and hybrid
AI models. In contrast to earlier reviews that focused primarily
on algorithmic categories, this work provides a quantitative syn-
thesis of datasets, evaluation metrics, and modeling strategies that
enable a more granular assessment of methodological trends and
gaps.

This SLR extends existing knowledge in several important
ways compared to recent review studies on the DDI prediction.
As the existing reviews did not provide a DDI-based synthesis
of recent ML and DL models, details of the data reposito-
ries, evaluation measures, and the associated research gaps were
lacking [44–47, 49–51]. Additionally, the previous review stud-
ies have often discussed the performance of ML and DL models
separately. However, this study systematically provides details
regarding recent trends, trending models, frequently used data
repositories, and commonly adopted evaluation measures. It
offers a more comprehensive understanding of the AI-based DDI
research within a single study. By doing so, this study provides
explainability, differentiates future directions, and highlights the
areas where future research efforts may be concentrated.

The findings of this discussion suggest that future research
on the AI-based DDI prediction should focus on:

1) Broder integration of the multimodal and the real-world
clinical datasets

2) Incorporation of the latest DL models and specifically utilizing
them in a hybrid framework

3) Standardized with a clinical point of view evaluation
framework

4) Accurate external validation strategies

5. Conclusion

This study provides a structured and comprehensive overview
of the recent advances in the AI-based DDI predictions, with an
emphasis on key trends, the latest methodological modifications,
dominant datasets, evaluation metrics, and emerging challenges in
the field. The analysis shows growth in research since 2021, along
with the latest methodological shifts toward the DL frameworks
that can capture nonlinear, hidden, and complex relationships
in pharmacological datasets. The frequent use of the benchmark
data repositories, such as the DrugBank and TWOSIDES, along
with the evaluation metrics like FI-score and AUROC, indicates a
growing consensus on consistent evaluation practices for the DDI
prediction tasks, particularly those involving imbalanced data.

Despite these advances, this study identifies several limita-
tions, including heavy reliance on two benchmark datasets, limited
use of real-world clinical data sources, insufficient validation of
model performance across datasets, and inadequate evaluation
metrics. Furthermore, the explainability, interpretability, and clin-
ical relevance of existing AI-based DDI prediction models remain
underexplored, which potentially limits their translational impact.
The complex architecture of hybrid DL models also raises con-
cerns about their generalizability and feasibility in real-world
clinical settings.

Moreover, the SLR is constrained by the articles reported in
the Scopus database and the defined inclusion and exclusion cri-
teria. It may have excluded some relevant literature. The rapidly
advancing nature of the AI field implies that very recent enhance-
ments may not be adequately captured at analysis time. Finally,
this study does not conduct a quantitative meta-analysis to pre-
dict the real-world performance due to inconsistencies in the
evaluation settings across the selected studies.

In conclusion, this study highlights the growing importance
of AI approaches for DDI prediction, while underscoring the
need for future research to shift from performance-centric model-
ing toward clinically meaningful, interpretable, and generalizable
solutions. Addressing evaluation standardization, data diversity,
explainability, and the real-world clinical validation will be essen-
tial to advancing AI-based DDI prediction, with practitioners and
researchers serving as the guides for future development.
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