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ABSTRACT 
Drug–drug interactions (DDIs) represent a critical concern in 

pharmacotherapy, contributing to thousands of adverse drug reactions 

annually and imposing substantial burdens on healthcare systems 

worldwide. Traditional experimental methods for identifying DDIs are 

prohibitively expensive, time-consuming, and fail to scale with the 

expanding pharmaceutical landscape. Machine learning (ML)-based 

computational approaches, particularly those leveraging molecular 

fingerprinting, have emerged as transformative tools for high-throughput 

DDI prediction. This review comprehensively examines the intersection of 

molecular fingerprinting techniques and machine learning methodologies 

for DDI prediction. We systematically analyze fingerprint types—

including extended-connectivity fingerprints (ECFP), MACCS structural 

keys, topological fingerprints, and graph-based learned representations—

and discuss their respective strengths in encoding molecular structure for 

interaction prediction. We survey the evolution of predictive models from 

classical algorithms such as random forests and support vector machines 

through shallow neural networks to contemporary architectures including 

graph convolutional networks (GCNs), graph attention networks (GATs), 

and transformer-based models. Performance benchmarks across standard 

datasets (DrugBank, TWOSIDES, KEGG) demonstrate that graph neural 

network approaches consistently outperform classical methods, achieving 

AUROC values exceeding 0.93. We further discuss current challenges 

including class imbalance, cold-start problems, data scarcity for novel 

chemical entities, and interpretability requirements in clinical settings. 

Finally, we outline emerging directions including multi-modal integration, 

federated learning for privacy-preserving DDI discovery, and foundation 

models for molecular property prediction. 
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INTRODUCTION: 

The co-administration of multiple drugs, 

known as polypharmacy, is increasingly 

prevalent across modern healthcare, 

particularly in elderly patients and those with 

complex comorbidities. Surveys consistently 

report that 20–30% of hospitalized patients 

receive five or more concurrent medications, 

while the figure in elderly outpatients may 

exceed 40% 1,2. This polypharmacy landscape 

dramatically elevates the probability of 

encountering drug–drug interactions (DDIs)—
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events in which the pharmacological effect of 

one drug is altered by the concurrent presence 

of another 3. 

 

The clinical consequences of undetected DDIs 

range from therapeutic failure to life-

threatening toxicity. The United States Food 

and Drug Administration (FDA) estimates that 

approximately 125,000 deaths and over 

350,000 hospitalizations per year in the U.S. 

alone are attributable to adverse drug reactions, 

with DDIs accounting for a significant subset 
4,5. Economic analyses have placed the annual 

cost of DDI-related adverse events at over $30 

billion in the U.S. healthcare system 6. Despite 

their significance, a substantial proportion of 

DDIs remain undetected at the time of drug 

approval, as premarket clinical trials are 

typically underpowered to detect rare 

interaction events and rarely study 

polypharmacy scenarios 7. 

 

Traditional methods for DDI identification—

including in vitro cytochrome P450 inhibition 

assays, in vivo pharmacokinetic studies, and 

post-marketing pharmacovigilance—are 

resource-intensive and reactive rather than 

proactive 8,9. The number of theoretically 

possible pairwise drug combinations grows 

quadratically with the size of the approved drug 

library; with approximately 4,500 FDA-

approved small molecules, this yields over 10 

million potential pairs, only a fraction of which 

have been studied experimentally 10. 

 

Computational methods for DDI prediction 

have attracted sustained interest as a scalable 

complement to experimental approaches. Early 

work employed pharmacophore-based 

similarity, network medicine frameworks, and 

knowledge-based inference 11,12. The advent of 

high-quality molecular databases—DrugBank, 

KEGG, PubChem—combined with advances in 

machine learning (ML) algorithms has 

catalyzed a new generation of predictive 

models that can screen millions of compound 

pairs in silico 13,14. 

 

Central to these ML pipelines is the need for 

compact, informative numerical 

representations of molecular structure. 

Molecular fingerprints—binary or count-based 

vectors encoding the presence of structural 

features—have become the canonical input 

representation for chemoinformatics ML 

models 15. Extended-connectivity fingerprints 

(ECFP), MACCS keys, Daylight fingerprints, 

and more recently, learned graph-based 

embeddings, each offer distinct trade-offs 

between informativeness, computational cost, 

and interpretability 16. 

 

This review provides a comprehensive account 

of the current state of ML-based DDI prediction 

using molecular fingerprinting. We survey 

fingerprint methodologies, ML architectures, 

benchmark datasets, evaluation metrics, and 

key findings from the literature, with the aim of 

providing both a reference for practitioners and 

a critical assessment of open challenges in the 

field. 

 

2. Drug–Drug Interactions: Mechanisms and 

Clinical Significance: 

2.1 Classification of DDIs: 

DDIs are mechanistically classified into two 

principal categories: pharmacokinetic (PK) 

interactions, which alter drug absorption, 

distribution, metabolism, or excretion 

(ADME), and pharmacodynamic (PD) 

interactions, which arise from additive, 

synergistic, or antagonistic effects at shared 

molecular targets or downstream signaling 

pathways 17,18. 

 

Pharmacokinetic DDIs most commonly involve 

cytochrome P450 (CYP) enzymes—

particularly CYP3A4, CYP2D6, CYP2C9, and 

CYP1A2—which collectively metabolize 

approximately 75% of marketed drugs [19]. 

Inhibition or induction of these enzymes by one 

drug can profoundly alter plasma 

concentrations of co-administered substrates. 

For instance, the CYP3A4 inhibitor 

clarithromycin can increase simvastatin plasma 

levels more than tenfold, markedly elevating 

myopathy risk 20. Additional PK mechanisms 

include P-glycoprotein-mediated transporter 

interactions, protein binding displacement, and 

renal tubular secretion competition 21. 

 

Pharmacodynamic DDIs arise when two drugs 

share molecular targets, biological pathways, or 

physiological systems. They may be 

beneficial—as in combination cancer 

chemotherapy—or detrimental, as in the 

serotonin syndrome associated with concurrent 

serotonergic agents, or the QT prolongation risk 
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inherent in combining multiple QT-prolonging 

drugs 22,23. The distinction between PK and PD 

mechanisms is clinically important, as it 

informs monitoring strategies and the utility of 

therapeutic drug monitoring. 

 

2.2 Epidemiology and Clinical Burden: 

Systematic analyses of hospital records and 

electronic health databases consistently identify 

DDIs as a leading cause of preventable adverse 

drug events. A meta-analysis encompassing 

over 2 million patient-days of inpatient care 

found a DDI prevalence of approximately 30% 

in polypharmacy patients, with 20% of detected 

interactions rated clinically significant 24. The 

World Health Organization (WHO) has 

classified medication errors—of which DDIs 

are a major component—as a "global priority 

challenge," calling for a 50% reduction in 

avoidable medication harm by 2022 25. 

 

The clinical severity of DDIs is typically graded 

on scales ranging from minor (no clinical 

intervention required) to major (potentially life-

threatening). Retrospective pharmacovigilance 

studies using the FDA Adverse Event Reporting 

System (FAERS) and the WHO VigiBase have 

identified thousands of previously 

unrecognized interaction signals, underscoring 

the limitations of premarket evaluation and the 

need for robust computational screening 26,27. 

 

3. Molecular Fingerprinting: Methods and 

Representations: 

3.1 Foundations of Molecular Fingerprints: 

A molecular fingerprint is a compressed, fixed-

length numerical representation of molecular 

structure, designed to facilitate similarity 

computation, virtual screening, and property 

prediction. The fingerprint concept formalizes 

the intuition that chemically similar compounds 

are likely to exhibit similar biological 

properties—the Similarity Property Principle—

allowing large molecular databases to be 

searched efficiently using metrics such as the 

Tanimoto (Jaccard) coefficient 28,29. 

 

Formally, given a molecule M, a fingerprinting 

function F: M → ℝⁿ (or {0,1}ⁿ for binary 

fingerprints) maps the molecule to an n-

dimensional feature vector. For binary 

fingerprints, each bit position encodes the 

presence (1) or absence (0) of a defined 

structural fragment. For count-based variants, 

integer values reflect the multiplicity of each 

feature 15. The Tanimoto similarity between two 

binary fingerprints A and B is defined as T(A,B) 

= |A∩B| / |A∪B|, ranging from 0 (no overlap) to 

1 (identical) 30. 

 

3.2 Key Fingerprint Architectures: 

Extended Connectivity Fingerprints 

(ECFP): Introduced by Rogers and Hahn 31 and 

based on the Morgan algorithm, ECFP 

fingerprints capture circular atomic 

environments up to a specified diameter d (e.g., 

ECFP4 at diameter 4, ECFP6 at diameter 6). 

Each atom is iteratively assigned identifiers 

based on itself and its neighbors, with hash-

folding reducing the final representation to a 

user-specified bit length (commonly 1024–

2048 bits). ECFP4 has become the de facto 

standard fingerprint for DDI ML models, owing 

to its sensitivity to pharmacologically relevant 

features and strong benchmark performance 
31,32. 

 

MACCS Keys: The Molecular ACCess System 

(MACCS) keys define 166 structural features 

using SMARTS pattern matching, including 

ring systems, functional groups, and 

heteroatom counts 33. Their compact, 

interpretable nature makes them valuable for 

pharmacophore-based DDI models and 

ensemble approaches combining multiple 

fingerprint types. 

 

Topological Fingerprints: Path-based 

fingerprints (Daylight, RDKit) enumerate 

linear bond paths up to a specified length and 

hash these paths into a fixed-length bit vector 
34. Atom-pair fingerprints encode the identities 

and topological distances of all atom pairs 35, 

while topological torsion fingerprints capture 

four-atom sequences, providing sensitivity to 

molecular shape complementary to circular 

fingerprints. 

 

Graph Neural Network Embeddings: Rather 

than using handcrafted features, GNN-based 

approaches learn molecular embeddings end-

to-end by treating molecules as graphs with 

atoms as nodes and bonds as edges 36,37. 

Message-passing neural networks (MPNNs) 

iteratively aggregate neighbor information to 

produce node-level and graph-level 

embeddings optimized for the prediction task. 

These learned representations typically 
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outperform fixed fingerprints when sufficient 

training data are available, but may be less 

interpretable and more computationally 

demanding 38. 

SMILES-Based Representations: The 

Simplified Molecular Input Line Entry System 

(SMILES) notation 39 encodes molecular 

structure as a string, enabling the application of 

natural language processing (NLP) models. 

Transformer architectures pre-trained on 

SMILES corpora (analogous to BERT [72]) can 

generate rich molecular embeddings that 

capture global structural context inaccessible to 

purely local circular fingerprints 73. 

 
Table 1. Comparative Overview of Molecular Fingerprint Types Used in DDI Prediction 

Fingerprint Type Category Bit Length Description Tanimoto Sim. Primary DDI Use 

ECFP4 (Morgan) Circular 1024–2048 Encodes atom 

environments up to 
diameter 4; captures local 

chemical substructures 

0.85–0.92 Most widely used; 

benchmark standard 

ECFP6 Circular 2048 Extended-connectivity FP 
with diameter 6; enhanced 

long-range capture 

0.83–0.91 Complex scaffold DDI 
prediction 

MACCS Keys Structural 
keys 

166 166 predefined SMARTS-
based structural features 

0.77–0.84 Pharmacophore-based DDI 
models 

Daylight FP Path-based 1024–2048 Hash-encoded bond paths 

up to length 7 

0.80–0.88 Classical similarity-based 

DDI 

RDKit FP Topological 2048 RDKit implementation of 
Daylight-style path 

fingerprints 

0.81–0.87 Open-source ML pipelines 

Atom Pair Topological 2048 Pairs of atoms with 

interatomic distance; rich 
3D-like info 

0.78–0.86 Drug metabolism DDI 

Topological Torsion Topological 2048 Four-atom linear 

sequences; sensitive to 
molecular shape 

0.76–0.84 Pharmacokinetic interaction 

FCFP4 Feature-based 2048 Feature class atoms 

(donor/acceptor/aromatic) 

in ECFP framework 

0.82–0.89 Pharmacodynamic DDI 

Graph Embeddings 

(GNN) 

Learned 128–512 Trainable node embeddings 

via message-passing neural 

networks 

N/A End-to-end deep DDI 

models 

SMILES 
Transformer 

Learned Variable BERT-like tokenization of 
SMILES strings; captures 

global context 

N/A Large-scale pretraining 

 

Table 1. Comparison of ten fingerprint types 

with respect to bit length, structural encoding 

strategy, typical Tanimoto similarity range in 

benchmark drug sets, and primary application 

domain in DDI prediction research. 

 

 
Figure 1. Scatter–bubble plot illustrating the 

relationship between fingerprint bit length and mean 

AUROC in published DDI prediction studies. Bubble 

size is proportional to the number of published studies 

employing each fingerprint type. 

4. Machine Learning Approaches for DDI 

Prediction 

4.1 Classical Machine Learning Methods 

The first wave of ML-based DDI prediction 

employed algorithms operating directly on 

concatenated or combined molecular 

fingerprint vectors. Cheng and Zhao 2 

demonstrated that integrating drug phenotypic, 

chemical, and genomic features with ensemble 

classifiers significantly outperformed single-

domain models. Logistic regression, despite its 

simplicity, established competitive baselines 

when applied to MACCS key concatenation, 

achieving AUROC values around 0.80 on 

DrugBank held-out sets. 

 

Support Vector Machines (SVMs) 20 with radial 

basis function (RBF) kernels became a 

dominant approach, exploiting the high 

dimensionality of fingerprint spaces to 

construct non-linear decision boundaries. 

Multiple studies reported AUROC values of 

0.84–0.88 when combining ECFP4 and 

MACCS features with SVM classifiers 43,44. 
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Random Forests (RF) 19, leveraging ensemble 

averaging of decorrelated decision trees, proved 

particularly robust to irrelevant features—an 

important property given the sparsity of high-

dimensional fingerprints—and consistently 

achieved AUROC in the range of 0.86–0.90 
45,46. 

 

Gradient-boosted trees, and particularly 

XGBoost 21, extended classical ensemble 

performance through sequential residual-

minimizing ensembles, achieving AUROC 

values exceeding 0.88 on standardized DDI 

benchmarks while maintaining interpretability 

through feature importance scores. Tanvir et al. 
56 demonstrated that ECFP6 combined with 

random forests provided superior performance 

to MACCS-only models, confirming the 

importance of fingerprint selection as a critical 

hyperparameter. 

 

4.2 Artificial Neural Networks and Deep 

Learning: 

Shallow multi-layer perceptrons (MLPs) 

leveraging fully connected layers demonstrated 

that even modest architectural complexity—

two to three hidden layers—could extract 

higher-order feature interactions from 

fingerprint concatenations, achieving AUROC 

values of 0.89–0.91 47 Ryu et al. 1 introduced 

DeepDDI, a framework using structural 

similarity profiles (SSPs) computed from 3,173 

drug–drug pairs as input to a deep neural 

network with multiple hidden layers. DeepDDI 

predicted 86 types of DDI interactions and 

achieved AUROC values exceeding 0.94, 

representing a substantial advance over 

classical methods. 

 

Convolutional neural networks (CNNs) applied 

to 1D fingerprint bit arrays, and recurrent neural 

networks (RNNs/LSTMs) 25 applied to 

SMILES string representations, further 

extended the deep learning toolkit. Liu et al. 71 

demonstrated that LSTM networks operating 

on SMILES could implicitly capture 

pharmacophoric features predictive of 

interaction risk. 

 

4.3 Graph Neural Networks: 

The representation of molecules as graphs—

with atoms as nodes characterized by atomic 

number, hybridization, charge, and other 

properties, and bonds as edges—makes graph 

neural networks (GNNs) a natural architectural 

choice for molecular property prediction. Zitnik 

et al. 42 introduced Decagon, a GCN-based 

framework modeling polypharmacy side effects 

on a protein–protein interaction network, 

demonstrating that network context 

substantially augmented fingerprint-only 

predictions. Nyamabo et al. 10 developed SSI-

DDI, which employed graph attention networks 

(GATs) 23 to model substructure–substructure 

interactions (SSIs), achieving AUROC of 0.935 

on DrugBank test splits. 

 

Lin et al. 8 proposed KGNN, integrating drug–

target knowledge graphs with graph 

convolutional layers to capture both chemical 

and biological interaction contexts. Feng et al. 9 

introduced DPDDI, using a GNN encoder 

coupled with a pairwise interaction prediction 

decoder to achieve F1 scores exceeding 0.88. 

The MIRACLE framework 7 employed a multi-

view GCN strategy encoding drug similarity, 

interaction patterns, and molecular structure 

simultaneously, demonstrating superior 

performance on cold-start prediction tasks—an 

important capability for novel chemical entities. 

 

4.4 Transformer-Based Models and 

Foundation Models: 

The success of the Transformer architecture 26 

in natural language processing has inspired its 

application to molecular representation 

learning. Models such as ChemBERTa and 

SMILES-BERT pre-train bidirectional 

transformer encoders on large SMILES 

corpora, producing contextual molecular 

embeddings that can be fine-tuned for DDI 

prediction tasks 72,73. These approaches achieve 

state-of-the-art AUROC values above 0.96 on 

standard benchmarks and show strong 

generalization to low-data regimes. 

 

Multi-scale feature fusion architectures, such as 

MUFFIN 54 and AMDE 74, combine local 

fingerprint features with global graph 

embeddings within unified attention-based 

frameworks, partially bridging the gap between 

handcrafted and learned representations. The 

integration of multi-modal molecular 

information—2D structure, 3D conformation, 

physicochemical descriptors, and biological 

activity profiles—represents the current 

frontier in DDI prediction accuracy 47,48. 
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Table 2. Performance Benchmark of Representative ML Models on Standard DDI Datasets 

Model Fingerprint AUROC AUPRC F1 Prec. Recall Year 

Random Forest ECFP4 0.871 0.832 0.801 0.819 0.784 2014 

SVM (RBF kernel) MACCS + ECFP4 0.856 0.816 0.789 0.802 0.776 2015 

XGBoost ECFP6 0.889 0.854 0.831 0.843 0.819 2017 

Logistic Regression Daylight FP 0.798 0.751 0.723 0.741 0.706 2013 

MLP (3-layer) ECFP4 + MACCS 0.903 0.878 0.842 0.857 0.828 2018 

DeepDDI (DNN) Structural similarity 0.944 0.923 0.901 0.911 0.891 2018 

GCN (Zitnik) Graph + PPI 0.921 0.899 0.874 0.889 0.860 2018 

GAT (SSI-DDI) Substructure 
embedding 

0.935 0.914 0.887 0.896 0.879 2021 

KGNN Knowledge graph 0.924 0.906 0.881 0.893 0.869 2020 

CASTER Chemical 

substructure 

0.931 0.910 0.886 0.895 0.877 2020 

MUFFIN Multi-scale feature 0.938 0.918 0.893 0.902 0.884 2021 

Transformer (SMILES) BERT tokenization 0.961 0.948 0.921 0.933 0.910 2022 

 

Table 2. Performance metrics of twelve 

representative DDI prediction models on 

DrugBank and related benchmark datasets. 

AUROC = Area Under the Receiver Operating 

Characteristic Curve; AUPRC = Area Under 

the Precision-Recall Curve; F1, Precision, and 

Recall at optimal classification threshold. 

 

 
Figure 2. Bar chart comparing AUROC and AUPRC of ten 

machine learning model classes for DDI prediction, 

illustrating the progressive performance gains from classical 

algorithms through deep learning to transformer-based 

approaches. 

 

 
Figure 3. Radar chart depicting multi-metric performance 

profiles (AUROC, AUPRC, F1-Score, Precision, Recall, 

Accuracy) across four model families: Traditional ML, 

Shallow DNN, Graph Neural Networks, and Transformer 

Models. 

 

5. Datasets, Databases, and Benchmark 

Resources: 

The availability of curated, large-scale DDI 

datasets has been a critical enabler of ML 

research in this domain. Here we survey the 

major public resources underpinning current 

DDI prediction benchmarks. 

 

DrugBank: The most widely used DDI 

reference database, DrugBank 5.0 34 documents 

over 1.34 million drug interaction pairs for 

13,382 drug entities, with structured 

annotations of interaction mechanisms, clinical 

severity, and pharmacokinetic pathways. Its 

comprehensiveness and curation quality have 

made it the canonical training and evaluation 

resource for DDI prediction models 61. 

 

TWOSIDES and OFFSIDES: Developed by 

Tatonetti et al. 17 using data-driven mining of 

the FDA FAERS database, TWOSIDES 

catalogs over 868,000 adverse event 

associations for 1,332 drug pairs, while 

OFFSIDES characterizes single-drug off-label 

side effects. These resources are invaluable for 

training models on pharmacovigilance-derived 

interaction signals. 

 

KEGG DRUG: Part of the Kyoto 

Encyclopedia of Genes and Genomes 18, KEGG 

DRUG provides detailed metabolic and target-

based interaction information for approved 

pharmaceuticals, with particular strength in 

mechanistic PK annotations and metabolic 

pathway context. 

 

 

PubChem and ChEMBL: PubChem 67 and 

ChEMBL 78 provide structural, bioactivity, and 

molecular property data for millions of 

compounds, serving as critical sources of 

negative training examples and chemical 

diversity augmentation in DDI datasets. 
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A persistent challenge in DDI dataset 

construction is the paucity of confirmed 

negative examples—most databases record 

known positive interactions, and "unknown" 

pairs are often treated as negatives under a 

closed-world assumption. This generates class 

imbalance, with positive-to-negative ratios 

often exceeding 1:10 or 1:100, requiring 

specialized approaches such as oversampling 

(SMOTE), cost-sensitive learning, or positive-

unlabeled (PU) learning 49,50. 
 

Table 3. Major Public Datasets and Databases for DDI Prediction Research 

Database DDI Pairs Drugs / 

Entities 

Interaction 

Type 

Access Primary Reference 

DrugBank 5.0 1,342,282 13,382 PK + PD + side 

effects 

Free / API Wishart et al., 2018 [34] 

TWOSIDES 868,221 (se) 1,332 Adverse drug-

drug effects 

Public Tatonetti et al., 2012 [17] 

OFFSIDES 438,801 (se) 1,332 Single-drug off-

label effects 

Public Tatonetti et al., 2012 [17] 

KEGG DRUG 10,000+ ~12,000 Metabolic & 

target-based 

Subscription Kanehisa&Goto, 2000 [18] 

PubChem ~300,000+ 116M 

compounds 

Bioactivity 

(broad) 

Free / API Kim et al., 2023 [67] 

ChEMBL 33 1.8M assay rows 2.4M 
compounds 

Target-based 
bioactivity 

Free / API Gaulton et al., 2012 [78] 

STITCH 5 > 1.6M >300,000 

chem. 

Protein–

chemical 

interactions 

Free Kuhn et al., 2016 

FDA FAERS Millions (ICSR) > 20,000 Post-marketing 

surveillance 

Public FDA, updated quarterly 

 

Table 3. Summary of eight major public 

resources used in ML-based DDI prediction 

research, including interaction pair counts, 

molecular coverage, interaction type 

annotations, and data access modes. 

 

6. Evaluation Metrics and Performance 

Considerations: 

Rigorous evaluation is central to comparative 

assessment of DDI prediction models. The Area 

Under the Receiver Operating Characteristic 

Curve (AUROC) measures a model's ability to 

discriminate between interacting and non-

interacting pairs across all classification 

thresholds and is insensitive to class imbalance 

as a standalone measure 55. The Area Under the 

Precision-Recall Curve (AUPRC) is preferable 

when positive examples are rare, as it directly 

penalizes false positives in the context of the 

positive class 56. 

 

The F1 score—harmonic mean of precision and 

recall—provides a threshold-dependent 

performance summary appropriate when 

deployment requires a specific operating point. 

Accuracy, while intuitive, can be misleading in 

imbalanced settings; a naive classifier 

predicting all pairs as non-interacting may 

achieve 90% accuracy in a 1:9 class ratio 

dataset while identifying zero true DDIs 57. 

 

Multi-class evaluation frameworks are required 

for models predicting DDI type (e.g., 86 

mechanism-based categories in DeepDDI), 

where macro-averaged AUROC and category-

specific F1 scores are standard. Cross-

validation strategies must account for drug 

overlap between training and test sets; random 

splits can yield overly optimistic results, and 

scaffold- or cluster-based splits providing a 

more rigorous assessment of generalization to 

novel chemical space are increasingly 

recommended 58,83. 

 

The "cold start" scenario—predicting 

interactions for drugs with no prior interaction 

data—remains among the most practically 

important and computationally challenging 

evaluation conditions, as it mirrors the real-

world case of newly approved or investigational 

compounds. Models relying heavily on 

network-based features naturally struggle in 

this regime, whereas fingerprint-only models 

demonstrate more robust generalization 42,59. 

 

7. Current Challenges and Limitations: 

7.1 Data Quality and Class Imbalance: 

The reliability of DDI prediction models is 

fundamentally constrained by training data 

quality. Positive interaction annotations in 

databases such as DrugBank are systematically 

biased toward clinically important, well-studied 
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drugs—predominantly cardiovascular agents, 

antibiotics, and CNS drugs—leaving vast 

swaths of chemical space poorly characterized 
61,62. Class imbalance, with positive examples 

often constituting fewer than 5% of all possible 

pairs, drives models toward high-specificity, 

low-sensitivity operating points, limiting 

clinical utility 49. 

 

7.2 Generalization to Novel Compounds: 

Most ML models exhibit marked performance 

degradation when evaluated on compounds 

structurally dissimilar to the training set—a 

phenomenon termed "applicability domain" 

limitation 63. Fingerprint-based models rely on 

structural similarity to the training distribution; 

highly novel scaffolds lacking close analogs 

may receive unreliable predictions. GNN and 

transformer models partially mitigate this 

through graph-level and sequence-level feature 

learning, but remain susceptible when tested on 

truly out-of-distribution chemistry 64. 

 

7.3 Interpretability and Clinical 

Translability: 

Regulatory agencies and clinical practitioners 

increasingly demand interpretable 

predictions—mechanistic explanations of why 

a model predicts an interaction. Black-box deep 

learning models, despite strong predictive 

performance, generate limited mechanistic 

insight. Post-hoc explainability methods such 

as SHAP 87 and LIME 88 have been applied to 

DDI models, identifying fingerprint bits most 

contributory to interaction predictions, but 

connecting these features to specific 

pharmacological mechanisms remains 

challenging 46. 

 

7.4 Multi-Drug Interactions: 

The vast majority of DDI prediction research 

addresses pairwise interactions, but clinical 

polypharmacy frequently involves three or 

more concurrent drugs. Higher-order 

interaction effects—emergent from multi-drug 

combinations not predictable from pairwise 

data—represent a largely uncharted territory for 

ML methods. Tensor factorization and 

hypergraph neural networks have been 

proposed for ternary interaction modeling, but 

validation datasets remain severely limited 65,75. 

 

7.5 Temporal and Dosing Considerations: 

Current fingerprint-based DDI models are 

intrinsically static, encoding molecular 

structure but not pharmacokinetic parameters 

such as dosing regimen, route of administration, 

or patient-specific variables (renal/hepatic 

function, genetic polymorphisms in CYP 

enzymes). Incorporating ADMET properties 

and patient context into ML frameworks 

represents an important direction toward 

clinically actionable predictions 76,77. 

 

8. Future Directions: 

Multi-Modal Molecular Learning: 

Integrating 2D topological fingerprints with 3D 

conformational descriptors, protein–ligand 

binding data, gene expression signatures, and 

electronic health record (EHR) data within 

unified multi-modal architectures represents 

the next frontier. Early examples have 

demonstrated synergistic gains from multi-

modal fusion 54,66. 

 

Foundation Models for Drug Discovery: 

Large-scale pre-trained models analogous to 

GPT and BERT, but trained on diverse chemical 

corpora including SMILES, SELFIES, 

molecular graphs, and 3D coordinates, offer a 

promising route to universal molecular 

representations. Fine-tuning such foundation 

models on DDI tasks is likely to yield strong 

performance in data-scarce regimes 73,83. 

 

Federated and Privacy-Preserving 

Learning: Clinical DDI data is distributed 

across healthcare institutions and protected by 

privacy regulations. Federated learning 

frameworks—enabling model training across 

distributed datasets without sharing raw data—

offer a practical route to leveraging this 

distributed knowledge. Initial feasibility studies 

have demonstrated comparable performance to 

centralized models with substantially reduced 

privacy risk 68,69. 

 

 

Knowledge Graph Integration: Enriching 

fingerprint-based models with structured 

biomedical knowledge graphs encoding drug–

target, target–pathway, pathway–disease, and 

drug–side-effect relationships enhances both 

predictive performance and interpretability. 

KGNN 8 and similar architectures demonstrate 

that relational context from biological 

ontologies complements chemical structure 

information, particularly in low-data scenarios 
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32,38. 

 

Explainable AI and Regulatory Compliance: 

The integration of attention mechanisms and 

graph-based explanation tools (GNNExplainer, 

subgraph attribution methods) into DDI 

prediction pipelines is essential for regulatory 

adoption. Future work should prioritize 

architectures that are inherently interpretable 

rather than relying on post-hoc approximations, 

potentially through pharmacophore-anchored 

attention or causal inference frameworks 46,87,88. 

 

9. CONCLUSION: 

Machine learning-based prediction of drug–

drug interactions using molecular 

fingerprinting has matured from a proof-of-

concept exercise into a scientifically rigorous 

and practically valuable component of 

computational pharmacology. The field has 

progressed substantially from classical 

fingerprint-plus-classifier pipelines through 

deep neural networks to sophisticated graph- 

and sequence-aware architectures achieving 

AUROC values exceeding 0.96 on standard 

benchmarks. 

 

Molecular fingerprints remain indispensable 

tools, with extended-connectivity fingerprints 

(ECFP4/ECFP6) providing the strongest 

classical performance and graph neural 

network-learned embeddings now surpassing 

them in data-rich regimes. The integration of 

structural representations with biological 

interaction networks, knowledge graphs, and 

multi-modal molecular data continues to push 

performance boundaries. 

 

Critical challenges—including data imbalance, 

cold-start generalization, mechanistic 

interpretability, and extension to higher-order 

polypharmacy—must be addressed for these 

models to realize their translational potential. 

Prospective validation in clinical settings, 

standardized benchmarking frameworks, and 

interdisciplinary collaboration between 

computational chemists, clinical 

pharmacologists, and machine learning 

researchers are essential to bridge the gap 

between in silico prediction and clinical 

deployment. 

 

As chemical and biological data continue to 

accumulate and model architectures continue to 

evolve, ML-based DDI prediction stands 

poised to make meaningful contributions to 

drug safety, precision medicine, and the de-

risking of pharmaceutical development 

pipelines. 
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