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ABSTRACT

Polypharmacy, the simultaneous use of multiple medications, significantly increases the risk of adverse Drug-
Drug Interactions (DDIs), posing serious challenges to patient safety and healthcare systems. Traditional DDI
detection methods are often binary and lack clinical interpretability, failing to provide actionable risk
assessments for healthcare professionals. This survey comprehensively reviews computational approaches for
DDI prediction, with a focus on Graph Neural Network (GNN) architectures and their integration with Large
Language Models (LLMs) for enhanced clinical decision support. We analyze ten representative works spanning
relational graph convolutional networks, meta path based heterogeneous networks, multimodal fusion
frameworks, and hybrid approaches. Our analysis reveals that while GNN based methods show superior
performance in capturing molecular relationships, significant gaps remain in clinical interpretability, risk level
classification, and real world deployment. Building on these insights, we propose an integrated framework
combining GNNs for molecular analysis with LLMs for contextual reasoning and recommendation refinement.
The proposed system categorizes DDI risks into low, moderate, and high levels and suggests safer alternative
drugs. We discuss the societal relevance of DDI prediction systems in promoting sustainable healthcare and
their alignment with Sustainable Development Goals (SDGs). Finally, we outline future research directions
including real time clinical integration, multimodal data fusion, and enhanced explainability for non-technical
users.

Index Terms: Drug-Drug Interactions, Graph Neural Net- works, Polypharmacy, Clinical Decision Support,
Large Lan- guage Models, Risk Prediction

INTRODUCTION

Polypharmacy,the simultaneous use of multiple medica- tions has become increasingly common in modern
healthcare, particularly for managing chronic conditions and complex treatment regimens. While clinically
necessary in many cases, this practice significantly increases the risk of adverse DDIs, where medications
interact in ways that can reduce treatment effectiveness, cause harmful side effects, or even lead to life
threatening complications. DDIs represent a serious challenge to patient safety and are among the leading causes
of pre- ventable medication related harm in clinical settings.

Traditional methods for detecting DDIs through laboratory testing are often slow, expensive, and impractical for
screening the vast number of possible drug combinations. This has led to growing interest in computational
prediction methods that can analyze potential interactions more efficiently. However, most existing
computational tools have a critical limitation: they typically only indicate whether an interaction exists, without
providing information about how severe it might be or what its clinical implications could be. This binary
approach offers insufficient support for healthcare professionals who need detailed, actionable information to
make safe prescribing decisions.

To address these limitations, this paper presents a compre- hensive review of advanced computational approaches
for DDI prediction, with a particular focus on GNN methods that excel at modeling molecular relationships. We
examine how these approaches can be enhanced by integrating them with LLMs to improve clinical
interpretability and decision support. This survey makes several key contributions:

1) A thorough analysis of ten recent DDI prediction meth- ods, examining their technical approaches and
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identify- ing their strengths and limitations
2) A comparison showing how the field has progressed from simple models to sophisticated multimodal systems

3) ldentification of important gaps in current research, par- ticularly regarding clinical usability and risk
assessment

4) Proposal of an integrated framework that combines GNN-based molecular analysis with LLM based reason-
ing for risk prediction and recommendation.

5) Discussion of how such systems can contribute to safer healthcare practices and support sustainable
develop- ment goals

By synthesizing current research and proposing new direc- tions, this work aims to advance the development of
intelligent systems that can help healthcare professionals make safer, more informed decisions about medication
combinations, ul- timately improving patient outcomes and healthcare quality. In recent years, the rapid growth
of digital health records and biomedical databases has created new opportunities for intelligent DDI prediction
systems. Large scale drug databases such as DrugBank and PubChem provide structured molecular information
that can be analyzed using machine learning techniques. At the same time, advancements in graph based deep
learning have improved the ability to capture complex structural relationships between drug molecules.

Despite these advancements, many available clinical tools still rely on alert based systems that do not clearly
com- municate the severity of interactions. Excessive alerts may also lead to alert fatigue among healthcare
professionals. This highlights the need for more informative systems that provide both risk classification and
meaningful recommendations for safer clinical decision support.

LITERATURE REVIEW

This section reviews ten representative studies that have sig- nificantly influenced the advancement of
computational DDI prediction. The selected works are categorized based on their underlying methodologies,
including graph neural networks, multi-modal learning frameworks, knowledge graph—based models, and
clinically integrated approaches.

Graph Neural Network Approaches

Relational Graph Convolutional Networks with Multi- Head Attention: A multi class DDI risk prediction model
based on Relational Graph Convolutional Networks (RGCN) enhanced with multi head attention mechanisms
was proposed in [1]. In this approach, DDI events are modeled as relation- specific edges within a heterogeneous
graph, allowing explicit modeling of interaction types.

Methodology: Molecular representations are generated us- ing Morgan fingerprints, followed by dimensionality
reduc- tion via Principal Component Analysis (PCA). Relation-aware message passing is performed using
RGCN layers, and multi head attention is employed to distinguish and classify DDI severity levels.

Significance: This study demonstrates the effectiveness of relational graph modeling for interpretable and fine
grained DDI risk prediction, establishing a foundation for severity- aware DDI classification.

Meta-path-Based Heterogeneous Graph Neural Net- works: A heterogeneous graph neural network framework
for predicting combinatorial drug side effects using meta-path- based semantic aggregation was introduced in
[2]. The model explicitly captures diverse biological relationships among drugs, proteins, and diseases.

Methodology: Meta-path-specific neighbor graphs are con- structed and processed using MAEM-SSHIN and
GCN- CSHIN architectures. Performance evaluation on the dataset highlights the benefit of incorporating
semantic paths in het- erogeneous biomedical networks.

Significance: This work illustrates how metapath based aggregation enhances contextual representation
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learning, im- proving the modeling of complex biological interactions.

Drug Repurposing with DTD-GNN: A hybrid graph neural network integrating GCN, GAT, and adaptive gating
mechanisms to model drug—target—disease relationships was proposed in [3].

Methodology: The model introduces event nodes of the form (Drug, Target, Disease), enabling ternary
relationship modeling. Information flow is regulated through gated graph encoders to balance heterogeneous
feature contributions.

Significance: This approach demonstrates the utility of higher order relational modeling in biomedical graphs,
con- tributing to both drug repurposing and interaction analysis.

Multi-modal and Cross-modal Frameworks

MOSAIC: Multi-Granularity Cross-Modal Framework: A multi-granularity cross-modal learning framework
designed to predict synergistic drug effects was developed in [4]. The framework jointly leverages molecule
level and fragment level information.

Methodology: Molecular fragments are generated via de- composition techniques, and contrastive learning is
applied to align representations across granularities. Bilinear attention mechanisms are used to capture fragment
level interactions.

Significance: This framework highlights the importance of multi scale molecular representations and cross-
modal feature fusion in drug interaction modeling.

HMMF: Hybrid Multi-Modal Fusion Framework: A Hybrid Multi-Modal Fusion (HMMF) framework
integrating molecular structures, biomedical text, and attribute-based sim- ilarities was proposed in [5].

Methodology: Data sources from PubChem and biomedical literature are fused using a hybrid strategy that
combines feature level and decision level integration.

Significance: Incorporating heterogeneous biomedical data sources improves the prediction of frequency
specific adverse drug effects.

SCATrans: Semantic Cross-Attention Transformer: A se- mantic cross-attention transformer architecture for DDI
predic- tion using multimodal biomedical embeddings was introduced in [6].

Methodology: Structural, textual, and contextual embed- dings derived from Graph2Vec, BioBERT, and
Doc2Vec are processed using BiGRU layers and cross-attention mecha- nisms.

Significance: The model demonstrates the effectiveness of attention based multimodal fusion for capturing
complex drug interaction patterns.

Knowledge Graph and Rule-Based Approaches

DDIs-Graph: Knowledge Graph Framework: A large- scale knowledge graph framework for DDI detection and
safer drug recommendation was presented in [7].

Methodology: The knowledge graph contains over 26,000
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Table I: Comparison of Reviewed DDI Prediction Ap- proaches nodes and 641,000 interaction edges,
enabling efficient rule based querying.

Paper Method Focus Limitation
He et al RGCN + MHA  Severity High complexity
ficati
Tian et al. Meta-path Semantic High computation
GNN modeling
Lietal DTD-GNN Drug-target- Large data need
disease
Zhang et al MOSAIC Cross-modal Complex
leaming preprocessing
Liu et al. HMMF Multi-modal Scalability issues
fusion
Zhang et al. SCATrans Attention- High compute cost
based fusion
Jalali etal. Knowledge Interpretability Ontology
Graph dependency
Tanvir etal. HIN Model Semantic Noise sensitivity
paths
Abdu et al. Clinical Study Real-world Limited automation
validation
Omer et al. GCN + Imag- Multi-modal Data intensive |
ing data

Significance: Structured knowledge representations en- hance interpretability and safety aware drug
recommendations.

Metapath Based Heterogeneous Information Networks: A metapath based heterogeneous information network
model capturing semantic dependencies among drugs, proteins, and diseases was proposed in [8].

Methodology: Hierarchical attention mechanisms are ap-plied at node and meta-path levels.
Significance: Explicit modeling of semantic paths improves interpretability and performance.
Clinical and Integrated Approaches

Clinical Analysis of Polypharmacy in Older Adults: A large scale clinical study analyzing polypharmacy
prevalence and potential DDIs among older adults was conducted in [9].

Methodology: STOPP/START version 3 criteria and regression-based statistical analysis were employed.

Significance: The study underscores the real world impact of DDIs and the need for computational decision-
support systems.

Medical Imaging with Graph Convolutional Networks: A multimodal framework integrating medical imaging,
EHRs, and DDI networks using Graph Convolutional Networks was proposed in [10].

Methodology: Imaging features and clinical data are em- bedded into a unified graph structure.
Significance: Graph based learning enables integration of diverse biomedical data modalities in DDI analysis.

Overall, the reviewed studies show clear progress in compu- tational DDI prediction, especially through graph
based mod- els and multimodal data integration. However, most existing approaches mainly focus on improving
prediction accuracy, with less attention given to practical aspects such as risk classification and real-world
clinical use. In many cases, these models do not provide actionable insights that can directly support healthcare
professionals in decision making.

To overcome these limitations, the proposed framework combines GNN based molecular analysis with LLM
based reasoning to not only predict interaction severity but also recommend safer alternative drugs, making the
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system more useful in real clinical settings.
Objectives

The primary objective of this project is to develop a system that predicts DDI risks and assists healthcare
professionals in making safer prescription decisions. The specific objectives are as follows:

1) Predict Drug-Drug Interaction Risks: Develop a model that can analyze the molecular structure of two
drugs and accurately determine the level of interaction risk, categorized as low, moderate, or high.

2) Suggest Safer Alternate Drugs: When a potential high-risk interaction is detected, the system identifies
alternative drugs that provide similar therapeutic effects but with a lower interaction risk.

These objectives aim to bridge the gap between computational drug interaction research and real world clinical
needs. By focusing on both risk prediction and safer alternative sugges- tions, the system is designed to function
as a supportive tool rather than a simple alert generator.

System Architecture

The overall architecture of the proposed DDI risk prediction system is shown in Fig. 1. The system is designed
to predict the interaction risk between two drugs and suggest safer alter- natives when necessary. It combines a
GNN for risk prediction and a LLM for refining alternative drug recommendations.

First, the chemical formulas of Drug A and Drug B are processed using RDKit to generate canonical SMILES
rep- resentations. SMILES provide a standard way to describe the structure of a molecule in text form. These
representa- tions are then converted into numerical feature vectors using Morgan fingerprints, which capture
chemical substructures and molecular patterns. Since these fingerprints are high- dimensional, Principal
Component Analysis (PCA) is applied to reduce them into a fixed-size feature vector (64 dimensions), preserving
the most important structural information. These processed features form the node representations of drugs.

In addition to feature extraction, drug interaction data is pre- pared from structured datasets where each entry
contains a pair of drugs and their interaction severity. Duplicate interactions are removed, and a unique list of
drugs is generated. Each drug is mapped to an index, and the interaction data is used to construct a graph
where drugs are nodes and interactions are edges. The edges are labeled with severity levels such as Minor,
Moderate, Major, and Unknown.

DRUG A DRUGB

CDMPOUND@ COMPOUNbg
FORMULA FORMULA
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Fig. 1: System Architecture for Drug—Drug Interaction Risk Prediction and Alternative Drug Recommendation

The processed features are then given to the GNN model. In this stage, each drug is treated as a graph node, and
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interactions between drugs are represented as edges. The GNN model, specifically an Attention-Enhanced
Relational Graph Convo- lutional Network (AERGCN), consists of relational graph con- volution layers that
update drug representations by considering neighboring drugs and interaction types. A residual connection is used
to combine intermediate representations, ensuring that both original and learned features are preserved. A
multihead attention mechanism is applied to focus on the most relevant features of drug pairs during interaction
prediction.

The learned representations are passed through a classifier composed of fully connected layers, including
linear trans- formations, batch normalization, LeakyReLU activation, and dropout for regularization. The final
layer produces four output logits corresponding to the interaction severity classes (Minor, Moderate, Major,
Unknown). These logits are converted into probability scores using a softmax function, and the class with the
highest probability is selected as the predicted risk level. If the predicted interaction is low or moderate, the
system directly reports the risk level to the user. However, if a high risk interaction is detected, the system
activates the alternate drug prediction module. This module searches for alternative drugs by comparing node
embeddings using cosine similarity. Drugs that have similar structural properties and lower pre-dicted
interaction risk are selected as potential substitutes.

The selected candidate drugs are then passed to the LLM based reasoning module. This component reviews the
sug- gested alternatives and checks whether they are suitable and safer options. It considers therapeutic similarity
and interaction safety before finalizing the recommendation.

Finally, the system presents the predicted risk level along with recommended alternative drugs. This structured
output helps healthcare professionals make safer and more informed prescribing decisions.

The modular design of the architecture ensures flexibility and scalability. Each component, including molecular
pre- processing, graph learning, and recommendation refinement, operates as an independent unit. This design
allows future improvements, such as adding new drug databases or updating learning models, without
restructuring the entire system. Such flexibility is important for adapting to evolving biomedical knowledge and
expanding clinical requirements.

Algorithm

Algorvithmm 1 DDTI Risk Prediction and Alternative Drug
Recommendation

Require: Drug A, Drug B (chemical compound formulas)
Ensure: DDIT risk level and safer alternative recommendation
(1f required)

Step 1: NMolecular Representation

Process Drug A and Drug B using RDKit

Generate canonical SMILES representations

MNormalize molecular structures

4o L) b=

Step 2: Graph Newmwral Network Processing

Convert SMILES into graph-based molecular structures
Feed molecular graphs into GININ

Extract interaction feature representations

4 =1 o Lh

9: Step 3: Risk Prediction
10- Predict DD risk level
11: Classify risk as Low. Moderate, or High

12: if Risk = High then

13- Trigger alternate drug prediction module

14: Identify drugs with similar therapeutic properties
15: Refine recommendations using LLM engine

16: Return safer alternative drugs

17:- else

18: Return predicted risk level

19: emd if
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RESULTS

To validate the effectiveness of the proposed framework, a small-scale case study was conducted using selected
drug combinations. The system was tested on real world drug pairs to evaluate its ability to classify interaction
risk levels and suggest safer alternatives.

Case Study Analysis

One representative example involves the drug combination of Dolutegravir and Magaldrate. The GNN-based
model an- alyzed the molecular structures of both drugs and predicted a high risk interaction. This prediction
aligns with known clinical evidence, as antacids like Magaldrate can reduce the absorption of Dolutegravir,
thereby decreasing its therapeutic effectiveness.

Upon detecting the high risk interaction, the system acti- vated the alternative drug recommendation module.
The model suggested Magnesium Oxide as a safer alternative, which demonstrated a low risk interaction when
combined with Dolutegravir.

Observations

The results show that:

- The model is able to correctly identify high risk drug combinations by analyzing their molecular structures.
- When a high risk interaction is detected, the system effectively suggests safer alternative drugs.

- The outputs are easy to understand and can support healthcare professionals in making better decisions.

CONCLUSION

This work addressed the important healthcare challenge of polypharmacy and DDIs through a computational
framework for risk prediction and safer drug recommendation. Unlike traditional binary interaction detection
methods, the proposed approach focuses on multilevel risk classification, providing clinically meaningful
insights.

The study identified key limitations in existing DDI pre- diction models, including limited interpretability and
lack of contextual reasoning. To overcome these challenges, a hybrid framework integrating GNNs and LLMs
was proposed. The GNN component analyzes molecular structures and relational drug information, while the
LLM enhances contextual reason- ing and supports refined alternative drug recommendations.

The architecture combines RDKit based molecular pro- cessing, graph based interaction modeling, and
intelligent recommendation mechanisms to classify interactions as low, moderate, or high risk. When high-risk
interactions are de- tected, the system suggests safer alternative drugs with similar therapeutic effects.

Overall, the proposed framework provides a structured and intelligent approach to DDI risk assessment and
clinical de- cision support. It has strong potential to improve prescription safety and reduce adverse drug
reactions.

In addition to technical challenges, real world deployment of such systems requires addressing practical concerns
such as data privacy, integration with existing clinical decision support systems, and regulatory compliance.
Ensuring secure handling of patient data and seamless integration into health- care workflows is essential for
effective adoption in clinical environments.

Future work can focus on implementing and validating the system using large scale real world clinical
datasets. The model can be further improved by incorporating patient spe- cific factors such as age, medical
history, and dosage informa- tion. Enhancing explainability, expanding drug databases, and performing clinical
validation studies will further strengthen the reliability and practical applicability of the proposed system.
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