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Abstract 

Drug development is time-consuming and costly, with many efforts failing. About 90% of new molecules 

synthesized never reach the market, most of which have already undergone laboratory and animal testing phases. 

Drug repurposing, the use of drugs that successfully passed clinical trials for non-original purposes, reduces drug 

development time and cost. It’s crucial for rare diseases and emerging diseases like COVID-19. Rare diseases lack 

sufficient incentives due to limited patient populations while emerging diseases require urgent drug development . 

   Various approaches exist for drug repurposing, among which researchers highly favor computational 

methods due to their systematic approach and the elimination of laboratory costs. One of the leading 

approaches within computational methods is the application of artificial intelligence (AI). In these 

methods, AI models propose drugs for new therapeutic targets. Subsequently, these proposed drugs 

undergo evaluation through in silico, in vitro, in vivo studies, and ultimately clinical trials. 

    Among AI-based methods, Graph Neural Networks (GNNs) have gained significant attention from 

researchers due to their ability to model problems in graph structures, which is highly suitable for drug 

repurposing tasks. This survey focuses on reviewing GNN-based approaches for drug repurposing. It 

provides a taxonomy of these models and examines various aspects such as model evaluation methods, 

implementation strategies, and datasets utilized in the field. 
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1 Introduction  

According to the US Food and Drug Administration (FDA), the development of new drugs follows five 

steps: (1) discovery and preclinical research, (2) safety studies, (3) clinical studies, (4) FDA review and 

approval, and (5) post-market safety monitoring. In the initial step, drug molecules are designed or 

selected using in-silico methods, which involve simulating the drug's effects using computational models. 

This step continues with in-vitro studies, which involve investigating the drug's effects on cells and 

tissues, followed by in-vivo studies, where the drug is tested on animal models. Finally, clinical studies 

are conducted to test the drug on human subjects. 

Usually, the time required to complete these five steps is substantial. This process takes an average of 

10 to 15 years. Additionally, many research efforts do not result in successful drug production, with a 

success rate of approximately 2.01% [1], [2]. The financial burden is also significant, with the 

development of a new drug molecule costing pharmaceutical companies about $12 million [3], as 

estimated in 2015. These challenges have shifted attention toward drug repurposing, which involves 

finding new applications for existing drugs. Also known as redirecting, repositioning, or reprofiling, drug 

repurposing offers a potentially faster and less expensive alternative to traditional drug development [4]. 

Today, finding or designing a lead compound, which is a potential medicinal molecule, is done in the 

in-silico environment based on Computer-Aided Drug Discovery (CADD) methods. CADD leverages 

computational techniques to save time and reduce costs associated with traditional methods, increasing 

the probability of success [5]. For example, anti-HIV drugs such as Atazanavir [6] and Saquinavir [7] 

were developed using CADD. Two prominent approaches within CADD are Structure-Based Drug 

Discovery (SBDD) and Ligand-Based Drug Discovery (LBDD) [8], [9].    

Candidates for drug repurposing are typically selected from two sources: (1) existing market drugs and 

(2) drugs that failed clinical efficacy trials for reasons unrelated to drug safety. The advantage of drug 

repurposing is that the safety profile of these drugs is already well-established, which reduces the cost and 

duration of clinical studies [10]. For instance, Colchicine, originally used for Gout, was approved by the 

FDA in 2023 to reduce the risk of Atherosclerosis [11]. Similarly, Sildenafil, initially used for pulmonary 

hypertension, was repurposed to treat erectile dysfunction [10]. Drug repurposing can also expedite the 

development of treatments for orphan diseases and pandemics, such as COVID-19, where rapid research 

and development are crucial [13], [14]. Additionally, drug repurposing can be utilized as a tool to 

discover antimicrobial properties in non-antibiotic drugs and can be proposed as a solution to the problem 

of antibiotic resistance [14]. 

Historically, drug repurposing was often serendipitous or based on clinical observations, lacking a 

systematic approach. Today, systematic methods such as phenotypic screening and bioinformatics are 

more logical and rational, offering greater opportunities for success [10]. Approximately 30% of existing 

drugs approved by the FDA originate from drug repurposing, with even higher percentages in certain 

diseases, such as 60% for leishmaniasis disease treatments [15]. 

 To provide a history of computational methods, we must refer back to the famous statement by Galileo 

Galilei, who, in the 17th century, asserted that God wrote the universe in the language of mathematics. 

Following this proclamation, computation-based approaches for studying the surrounding world 
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intensified, applying mathematical laws to natural phenomena. Examples of this approach include the 

emergence of modern physics and chemistry. However, as we know, due to the extreme complexity of 

models and the large volume of computations, applying mathematical models to biological phenomena 

has presented significant challenges. In recent years, remarkable advancements in computer systems, 

alongside the increased processing power and the development of soft computing and artificial 

intelligence methods, have significantly expanded the field of computational drug design and, more 

specifically, computational drug repurposing. Here, we will review the computational drug repurposing, 

which its hierarchical diagram is illustrated in Figure 1. 

 

 

Figure 1 Computational drug repurposing methods 

The computational methods employed for drug repurposing, shown in the first level of hierarchy of 

Figure 1, are described as follows: 

1. Matrix factorization-based approaches: Matrix factorization is a linear algebra technique used to 

decompose a matrix into the product of two or more matrices. It is used in many recommender systems as 

collaborative filtering, and many researchers have utilized this technique in studies such as [16] [17] [18] 

[19] [20] for drug repurposing. 

2. Network-based approaches: A network is a vast collection of nodes interconnected by links. 

Consequently, many referred to networks as graphs until advances in computer systems have drawn 

researchers' attention to structures such as social and business networks. They became interested in 

examining the common properties of these networks regardless of their content [21], with these 

investigations starting with publications such as [22] and [23]. Thus, network analysis involves studying 

complex networks to understand their shared properties without focusing on their specific nature. Given 

that large networks can include biological data and are inherently complex [24], some researchers have 

turned to network analysis for studying complex biological networks [25], including drug repurposing, as 

discussed in [26].  
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3. Machine learning-based approaches: The goal of machine learning is to design algorithms capable of 

building models from data to make predictions for new data or, in other words, to learn patterns within the 

data [27]. Consequently, many algorithms have been designed, each varying in complexity and 

application based on the specific problem. We classify machine learning methods for computational drug 

repurposing into two categories: 

3.a. Classical machine learning approaches: We use the term classic machine learning to refer to 

machine learning methods that do not involve deep learning. This category includes models such as 

logistic regression, support vector machines (SVM) [28], and random forests [29]. For example, [30] used 

logistic regression, [31] applied SVM, and in [32] random forest has been used to predict drug-disease 

associations. 

3.b. Deep learning approaches: Deep learning generally refers to a subset of machine learning 

algorithms comprising multiple layers capable of modeling complex data structures and relationships 

[27]. The fundamental model in deep learning is the multi-layer perceptron (MLP), which consists of one 

or more neurons per layer. These neurons are inspired by the biological neurons found in the human 

nervous system. It has been proven that MLPs satisfy the universal approximation theorem, which states 

that MLPs can estimate any function or pattern present in the data. Originally, MLPs were designed for 

tabular data, so extensive research has expanded deep learning models for other data types. For example, 

convolutional neural networks (CNNs) were developed for image data, as images are represented as 

matrices in computers, allowing CNNs to process them efficiently. For sequential data, such as text, deep 

learning models like Recurrent Neural Networks (RNN),  Long Short-Term Memory (LSTM), and Gated 

Recurrent Units (GRU) were introduced [33]. After these initial models were developed, attention 

mechanisms inspired by human attention processes were introduced. Initially designed for machine 

translation, attention mechanisms quickly found applications in various tasks, including computer vision 

and speech processing. With the evolution of attention, the Transformer model was introduced, marking a 

breakthrough in deep learning. This model leveraged attention mechanisms across a broad spectrum of 

tasks, from natural language processing (NLP) to computer vision, significantly advancing performance 

and versatility in these fields [34]. 

Graph Neural Networks (GNNs) are deep learning models designed to comprehend data with graph 

structures efficiently [33]. These models aim to achieve high accuracy in graph-related tasks, such as 

node classification and edge prediction. Techniques such as Graph Attention Networks (GAT), Graph 

Convolutional Networks (GCN), and graph transformers are notable examples in this field Many research 

applied [35]. 

 This article reviews drug repurposing studies based on GNNs. To the best of our knowledge, it is the first 

survey in this field. It is structured as follows. Section 2 presents a new taxonomy and reviews the 

models. In Section 3, common datasets and implementations are introduced. Section 4 is dedicated to 

evaluation techniques. Section 5 gives discussion, where a new methodology for GNN-based drug 

repurposing is suggested. Finally, Section 6 presents concluding remarks. 
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2  Taxonomy  

In this article, we aim to present various drug repurposing models that leverage GNNs, categorizing them 

according to the specific methodologies employed. As illustrated in Figure 2, the classification 

encompasses different approaches and techniques utilized in these models. Through this structured 

presentation, we seek to provide a comprehensive understanding of how GNN-based models are applied 

in drug repurposing, highlighting each method's strengths and unique features. 

 

Figure 2. Taxonomy of GNNs for drug repurposing models 

 

2.1. Attention based methods 

Attention mechanisms, inspired by human cognitive processes, enable models to dynamically focus on 

the most relevant parts of input data, thereby enhancing both interpretability and performance. Initially 

developed for machine translation, attention mechanisms have since been applied to a wide range of AI-

based applications, including computer vision [34]. Over time, these mechanisms have been integrated 

into GNNs, leading to the creation of GATs [36]. GATs enhance GNNs by allowing them to learn to 

assign different levels of attention to different edges in a graph, thereby improving the model's ability to 

capture important relationships within the data. Another prominent attention-based neural network 

architecture is the transformer [37], originally introduced in the context of NLP. Transformers have 

revolutionized NLP by enabling models to process entire sequences of words at once, rather than 

sequentially, and to focus attention on the most relevant parts of the input sequence. The transformer 

model's success has led to its adoption in various other AI applications, including computer vision and 
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reinforcement learning. The principles of transformers have also been applied to GNNs, resulting in the 

development of Graph Transformer Networks (GTNs) [38].GTNs leverage the transformer architecture to 

enhance the capability of GNNs in capturing complex dependencies and interactions within graph-

structured data. 

In this context DRGBCN model [39], employs three distinct graphs: drug-drug, disease-disease, and 

drug-disease. The DRGBCN model is composed of three primary components. First, the separate feature 

encoder processes drug and disease embeddings independently by leveraging the drug-drug similarity 

network and the disease-disease similarity network. Using a GCN, the encoder extracts detailed 

embeddings, which are then integrated using a layer attention mechanism. This process generates 

comprehensive representations of drugs and diseases. Second, the bilinear attention network captures 

complex relationships between drug and disease feature representations. Third, the decoder, an MLP, 

translates these embeddings into the predictions. 

Another model is MGATRx [40] , which constructs a heterogeneous graph from various datasets. This 

model leverages diverse biomedical data types, encoding the information using multiview linear 

transformation layers and GATs. The multiview transformation layers facilitate the integration of 

different feature types, while GATs apply attention mechanism to identify the most relevant parts of the 

graph. The final step involves a single linear layer for multi-label classification. 

The [41] address the COVID-19 treatment, it proposes a mixed graph network model that integrates 

attention mechanism with GCNs to predict drug-target affinity for SARS-CoV-2 proteins. The process 

begins with the extraction of atomic features and the generation of an undirected graph using the RDKit 

tool [42]. Protein sequences are encoded, and their features are extracted using CNNs. The study's key 

contributions include the use of graph representation learning with attention mechanisms for drug feature 

extraction, the construction of a mixed graph network model to predict drug-target affinity, and the 

identification of seven drugs that act on SARS-CoV-2 target proteins. By converting SMILES strings to 

molecular graphs and employing deep learning algorithms, the model effectively learns drug 

representations. The combination of GCN and GAT enhances feature extraction, while CNN layers 

process protein sequences. The resulting representations are cascaded through fully connected layers to 

predict drug-target affinity. 

The Relgraph [43] model, utilizes meta-nodes which are categorized into entity-meta-nodes and 

predicate meta-nodes. The entity-meta-nodes capture the influence of entities on predicates, and vice 

versa for predicate-meta-nodes. The authors define "entity graphs" for each relation in the knowledge 

graph (KG), containing entity-meta-nodes, and "relation graphs" for each entity, containing predicate-

meta-nodes, interconnected by "entity links." A "truth function" is introduced to determine the existence 

of facts in the KG based on these connections. The Relgraph attention network uses attention mechanisms 

to create well-trained embeddings for knowledge graph completion (KGC) [44] and rule mining. It 

employs two interconnected GATs that share predicate embeddings: the entity GAT focuses on message 

passing and attention among entity-meta-nodes, while the relation GAT addresses attention among 

predicate-meta-nodes. 

DRAW [45] builds networks of drugs and diseases using chemical, therapeutic, and phenotype 

similarities. It extracts subgraphs and labels nodes based on their proximity to targets. Convolutional 
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networks process these subgraphs, while attention mechanisms generate node profiles. A perceptron then 

predicts drug-disease links. GTDDA [46] merges convolutional networks with graph transformers to map 

drugs and diseases. It analyzes similarity networks, replacing standard attention with graph-specific 

attention. A random forest algorithm then classifies the drug-disease pairs, reducing overfitting in 

predictions. WIGRL [47] creates networks depicting drug and disease similarities alongside their 

associations. It processes these networks using convolutional and attention mechanisms to extract node 

features. A perceptron then computes association scores, identifying potential drug repurposing 

candidates. DRTerHGAT [48] forms a three-way graph linking drugs, proteins, and diseases. It extracts 

protein features using a language model and compresses them with an Auto-encoder. The model 

processes homogeneous connections via GCN and heterogeneous links through attention networks, 

forecasting new drug-disease links. HGTDR [49] is an end-to-end model that employs heterogeneous 

graph transformers [50] on PrimeKG [51] for drug repurposing. The model utilizes ChemBERTa [52] and 

BioBERT [53] for initial embeddings, and ultimately, a fully connected neural network is used for 

predicting drug repurposing. 

2.2. Disentangled representation learning based methods 

Graph representation learning aims to embed graph-structured data into low-dimensional, continuous 

vector spaces while preserving the graph's inherent properties and relationships. This transformation 

facilitates the efficient analysis and application of machine learning algorithms on graphs, which 

enhances the performance of these algorithms [35]. A systematic neural network-based method for 

improving representation is disentangled representation learning. This approach seeks to develop models 

that can identify and separate underlying factors hidden in visible data into distinct and interpretable 

representations. Disentangled representation learning aims to separate distinct, independent, and 

informative factors that generate changes in the data. Single latent variables are sensitive to single 

underlying generative factors while remaining relatively stable to changes in other factors [54]. Among 

the widely used neural networks for disentangled representation learning is the family of Auto-encoders. 

Auto-encoders are neural networks consisting of an encoder and a decoder, providing not only low-

dimensional representation but also a manifold of data [55], [56]. A special kind of auto-encoder is 

Variational Auto-Encoders (VAEs) [57], and the group of VAEs that receive graphs as input is called 

Variational Graph Auto-Encoders (VGAEs) [58]. 

  The VGAEDR [59] model operates as follows: First, a drug-disease heterogeneous network is 

established based on three drug attributes, disease semantic information, and known drug-disease 

associations. Second, low-dimensional feature representations for heterogeneous networks are learned 

through a variational graph Auto-encoder module and a multi-layer convolutional module. Finally, the 

feature representation is fed to a fully connected layer and a SoftMax layer to predict new drug-disease 

associations. 

Another model in this category  [60] is a variational graph auto-encoder with multi-relational edges for 

node embedding, followed by a separate ranking model for drug prioritization. The VGAE takes the 

COVID-19 knowledge graph as input, where nodes represent entities (e.g. drugs, genes, phenotypes) and 

edges represent relationships between them (e.g. drug-target interactions, gene-pathway memberships). 

Another model is DRGCC [61] that combines clustering constraints and matrix factorization and then use 

GraphSAGE to get better representation. 
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The DDAGTP [62] model exemplifies the potential of integrating heterogeneous information networks 

for drug repurposing. By combining drug-disease associations, drug-protein associations, and protein-

disease associations, the model forms a comprehensive heterogeneous information network that 

encapsulates the multifaceted relationships within biomedical data. The graph representation learning 

process begins with initial feature extraction via a Graph Auto-encoder (GAE), which reduces features to 

64 dimensions. These features are then transformed using a graph transition probability matrix, calculated 

through node degrees and diagonal matrix construction. This matrix refines the feature representations by 

capturing the probability transitions between nodes. An improved convolutional Auto-encoder further 

enhances these features, ultimately aiding in the prediction of drug-disease associations using the 

CatBoost classifier [63].  The RAFGAE model [64] employs multilayer GATs and residual networks. It 

utilizes two Graph Auto-Encoders (GAEs) specifically for drugs and diseases and incorporates a free 

multiscale adversarial training technique to enhance the quality of the features. DRAGON [65] is an 

encoder-decoder model that utilizes drugs and proteins as features. The encoder architecture employs 

GraphSAGE, while drug features are derived using the DSMR model [66], and protein features are 

obtained using the [67] model.  

2.3. Multimodal and data fusion approach 

In many problems, to achieve better results, it is necessary to incorporate the information obtained from 

the various data sources into the model. When the data types are different, this approach is referred to as 

multimodal, and when the data types are the same, it is called data fusion [68]. 

One model in this domain is the DRHGCN [69], which addresses both intra-domain and inter-domain 

feature extraction to improve drug repurposing predictions. For intra-domain feature extraction, separate 

graph convolutional networks are used on drug-drug and disease-disease similarity networks, capturing 

internal structures within each domain. For inter-domain feature extraction, a combination of bilinear and 

traditional GCN aggregators models interactions between drugs and diseases. Embeddings from these 

processes are fused and refined with a layer attention mechanism, enhancing representation quality. 

The BiFusion model [70] operates within an encoder-decoder architecture, with bipartite GCN layers 

learning embedding representations from a heterogeneous network. The MLP decoder reconstructs the 

drug-disease association matrix using these embeddings.  GraphPK [71] is another model that improves in 

silico drug repositioning by integrating prior knowledge from knowledge graphs. It constructs a 

knowledge graph embedding various bio-entities and their interactions using TransD [72] , extracting 

meaningful prior knowledge. Feature extraction includes biological features from SMILES 

representations [68], known association-based features from a drug-disease bipartite graph using 

LightGCN [74], and knowledge graph-based features from TransD embeddings. These features are 

concatenated and processed through an MLP, optimizing drug-disease predictions. 

The GCMM model [75] employs a multimodal attention mechanism within a GCN framework for drug 

repurposing. It constructs a heterogeneous network using chemical, therapeutic, semantic, and target-

based similarities. The GCN encoder processes these similarity networks, and the multimodal attention 

mechanism assigns weights to multi-source features. A fully connected feature extractor integrates the 

information, and a matrix completion decoder predicts drug-disease associations, minimizing the 

Frobenius norm between predicted and actual matrices. The FuHLDR model [76] represents a multimodal 
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framework aimed at constructing attribute matrices for drugs, diseases, and proteins from various 

databases, such as molecular fingerprints and semantic similarities. It uses a GCN for lower-order 

representation learning, aggregating information from neighboring nodes in the heterogeneous 

information network. Higher-order representations are learned using a meta-path-based random walk 

strategy in metapath2vec model [72] capturing indirect relationships. These representations are integrated 

and used as input for an RVFL classifier[78] to predict new drug-disease associations. 

The MilGNet model [79] projects different types of node features into the same dimensions using a 

HeteroGCN [80] to learn node representations from drug-drug and disease-disease graphs. It generates 

pseudo-meta-paths linking drugs and diseases through their neighbors, aggregating instance embeddings 

with the BiTrans approach. The model employs an attention mechanism to weigh and aggregate meta-

path instances, predicting association probabilities for interpretable outputs. MilGNet's multi-instance 

learning approach allows for nuanced and interpretable predictions in drug repurposing. 

STRGNN [81] integrates deep learning within multimodal networks using a three-part architecture. The 

attribute encoder converts information about individual entities (drugs, diseases, proteins) into numerical 

representations, using methods like fingerprint vectors for drugs and CNN and FNN (feed forward neural 

network) for proteins. The network encoder processes the network structure with a GNN. The decoder 

multiplies the feature vectors of drug and disease entities and applies a sigmoid function to determine the 

likelihood of a link between them. A core novelty of STRGNN is the incorporation of topological 

regularization, which addresses challenges in large-scale multimodal networks, enhancing the model's 

ability to manage complex topologies and improve prediction accuracy. 

   DRMAHGC [82] combines multiple similarity networks for drugs, diseases, and proteins. It uses a 

masked Auto-encoder for feature extraction and contrasts different graph views. The model synthesizes 

negative samples from positive ones and predicts associations using a multi-layer perceptron. TGCNDR 

[83] constructs a three-part network connecting drugs to diseases, proteins, and side effects. It uses shared 

drug nodes across networks to transfer information. Convolutional networks and attention mechanisms 

process the graph, while a skip-gram model predicts new drug-disease associations. 

2.4. Structural approaches 

Sometimes, changing the perspective on the nature of graphs or graph neural networks can be a useful 

approach to solving problems. This section introduces approaches based on hyperbolic graph neural 

networks, which involve transitioning the problem space from Euclidean to non-Euclidean. Following 

this, approaches based on hypergraphs are discussed, which extends the traditional notion of graphs. 

Finally, approaches based on the decomposition of graphs into smaller subgraphs are examined. 

2.4.1. Hyperbolic GNN-based methods 

In geometry, spaces are divided into two categories: Euclidean and non-Euclidean. Euclidean spaces are 

those in which two parallel lines never intersect, whereas non-Euclidean spaces are those in which 

parallel lines diverge from or converge to each other. The definitions of Euclidean and non-Euclidean 

geometry can be explained through the concept of curvature. Curvature describes how a geometric object 

interacts with a plane in space. (Figure 3) In Euclidean geometry, the curvature is zero, while in non-
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Euclidean geometry, the curvature is a non-zero value. If the curvature is negative, we say that the space 

is hyperbolic. This concept of curvature can be extended to graphs. If the curvature of a graph is a non-

zero value, it can be said that the graph exists in a non-Euclidean space. For instance, graphs such as trees 

exist in non-Euclidean space. It is also known that GNNs are defined for Euclidean spaces. For example, 

GCN are Euclidean functions. In contrast, for hyperbolic non-Euclidean spaces, we encounter the concept 

of Hyperbolic GNNs [84], witch specialized type of neural networks designed to operate on data 

represented in hyperbolic spaces, a non-Euclidean geometric framework that effectively captures 

hierarchical and complex relationships. These networks leverage the unique properties of hyperbolic 

space to efficiently model and embed data with hierarchical structures. This approach enables more 

compact and meaningful representations, leading to improved performance in tasks like node 

classification, link prediction, and clustering, particularly in scenarios where data naturally exhibits 

hierarchical patterns. For example, in hyperbolic graph neural networks, functions such as GCNs have 

been adapted to the characteristics of hyperbolic space [85]. 

 

Figure 3. In the first shape we can observe positive curvature, in second we have zero curvature and in the 

last we can see negative curvature. 

 

The HGNN-DR [15] model employs hyperbolic GNNs for drug repurposing, specifically targeting 

leishmaniasis disease. Leishmaniasis, a parasitic disease, presents a unique challenge compared to other 

diseases because the therapeutic target is not a human cell but the parasite itself. This distinction 

necessitates the creation of a graph comprising proteins related to both the disease and potential drugs. A 

critical aspect of HGNNs is neighborhood aggregation, which updates node representations based on 

information from their 1-hop neighbors. The HGNN-DR model extends previous HGNN approaches to 

address performance degradation during multi-step aggregation. This is achieved by decoupling feature 

transformation and neighborhood aggregation, thus enhancing the model's efficiency and accuracy in 

capturing the complex interactions within the graph. 

2.4.2. Hypergraph-based methods 

In graph theory, a graph is defined by the relationships between nodes through edges, with each edge 

connecting at most two nodes. A hypergraph generalizes this concept by introducing the notion of a 

hyperedge, which can connect any number of nodes (as illustrated in Figure 4) [86]. Hypergraphs have 

proven effective in modeling high-order interactions, which involve relationships among more than two 

elements. Given that many biological mechanisms result from the interactions of more than two 
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components, hypergraphs present a suitable option for modeling such complex systems. Hypergraph 

Neural Networks are a class of neural networks designed to learn the structure of hypergraphs. 

 

Figure 4. An example of a hypergraph.  In this example we have 13 nodes and 4 hyperedge. Here node A is 

common between H1 and H2. 

 

 Hypergraphs have been employed for drug repurposing [87]. In this method, subgraphs related to 

Alzheimer's disease are initially generated. Hyperedges are then produced based on biological pathways, 

and a graph is constructed from the hypergraph, where each node represents a biological pathway, and the 

edges signify connections between these pathways. Subsequently, the node2vec [88] algorithm is applied 

to this graph to generate meaningful embeddings for further analysis. This approach leverages the ability 

of hypergraphs to capture multifaceted interactions, thereby enhancing the process of drug repurposing by 

providing a more nuanced understanding of the biological underpinnings of diseases. 

In the HGDD model [89], two initial graphs are utilized: the drug-disease graph and the drug-side 

effects graph. Following this, the node2vec algorithm is applied to extract features, which are then used in 

the construction of hypergraphs. The HGDD paper details the creation of two specific hypergraphs. The 

first hypergraph consists of hyperedges where each hyperedge connects drugs that target a common 

disease (i.e., drugs and common disease in each hyperedge). The second hypergraph comprises 

hyperedges where each hyperedge includes diseases that are treated by a common drug. Hyper GCN are 

then employed to extract information from these hypergraphs, enabling the identification of new potential 

diseases that a given drug can treat. 

Another model is EMPHCN [90], Whose innovation lies in its dual message-passing mechanism, which 

enhances the extraction of intra-domain and inter-domain embeddings of drugs and diseases. Intra-

domain message passing is achieved through hypergraph convolutional networks, capturing intricate drug 

and disease characteristics within their respective domains. Meanwhile, inter-domain message passing 

employs a combination of node and edge embeddings using GCN, facilitating the integration of known 

drug-disease associations with additional protein interaction data. This combination allows EMPHCN to 

effectively propagate information across different biological entities, leading to more accurate and 

explainable predictions of drug repositioning opportunities. 

2.4.3. Subgraph-based methods 
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In some models, subgraphs extracted from the primary problem graph are utilized to identify suitable 

drugs for repurposing. The PSGCN model [91] attempts to solve the problem by converting link 

prediction into graph classification. Given that the mechanism of drug action varies across different 

diseases, it is essential for the embeddings to differ according to the specific drug and disease. Therefore, 

in this approach, subgraphs are initially generated from the primary graph, assisting in ensuring drug 

resistance under various conditions. These subgraphs are termed pattern-specific graphs. The PSGCN 

model comprises three components: a pattern-specific graph extractor module, a module for learning 

representations of pattern-specific graphs, and a link prediction module. 

Another model in this category is CBR-SUBG [92], which analyzes subgraphs within a larger 

knowledge network to repurpose drugs. It encodes these subgraphs using neural networks to uncover 

potential drug action pathways. The model finds similar drug cases, extracts their reasoning paths, and 

applies them to new drugs, balancing prediction accuracy with biological interpretability. 

2.5. Data efficient approaches 

Data-efficient approaches are employed in situations where reliable data is deficient or flawed. To address 

this issue, techniques such as self-supervised learning and few-shot learning are utilized. These 

approaches have gained attention in the context of drug repurposing because the graphs commonly 

encountered in this field tend to have sparse structures, and the number of positive samples is 

significantly lower than that of negative ones. Additionally, the emergence of diseases with limited 

reliable data, such as COVID-19, has highlighted the importance of these methods. 

2.5.1. Self-supervised learning-based methods 

Self-supervised learning (SSL) is an unsupervised approach in which the system learns to generate its 

own labels from the data, eliminating the need for labeled datasets. This approach leverages the inherent 

structure within the data to create pseudo-labels for training. By exploiting the relationships and patterns 

present in the data throughout some procedures called pre-text tasks, SSL allows models to learn useful 

representations that can be fine-tuned for specific tasks called downstream tasks, such as image 

classification or natural language processing. This is particularly advantageous in scenarios where labeled 

data is scarce or expensive to obtain, as SSL can utilize vast amounts of unlabeled data to pre-train 

models effectively [93]. 

The SADR [94] method utilizes SSL for drug repurposing, by employing contrastive learning to address 

the noise present in the data, which arises from the recording samples during datasets creation process and 

the inherent sparsity of these datasets. The DRGCL [95] method also leverages contrastive learning to 

extract more refined global and semantic features from the graph. Additionally, the SGCD [96] model, 

which is specifically tailored for drug repurposing, demonstrates superior performance in comparison to 

SGL, owing to its customized application of contrastive learning. 



 Graph Neural Network Based Approaches to Drug Repurposing: A Comprehensive Survey 

 

2.5.2. Few-shot learning-based methods 

Few-shot learning (FSL) refers to the machine learning scenarios where a model is trained to perform a 

task with very few training examples. This contrasts with traditional machine learning models, which 

typically require large amounts of labeled data to achieve high performance [97]. 

The MLAN [98] model filters entity neighborhoods using attention networks. It analyzes triplet 

relationships among entities and learns meta-representations for each relation type. The model adapts 

quickly to new tasks through meta-learning techniques, a usual way to handle few-shot problems, 

enhancing its versatility in drug repurposing scenarios. 

 FSL has been used for COVID-19 drug repurposing [99] to tackle the challenge of predicting 

interactions with limited examples. This is especially relevant for new diseases like COVID-19 with 

scarce known interactions between viral proteins and potential inhibitors. By leveraging prior knowledge 

and learning from a few instances, FSL enables models to generalize and make accurate predictions with 

minimal data, significantly reducing the time and cost of drug discovery compared to traditional methods. 

The proposed model, an inductive Relational Graph Convolutional Network (I-RGCN), extends the 

standard RGCN by incorporating inductive learning capabilities to learn embeddings for relations from 

node features. It uses a Multi-Layer Perceptron (MLP) to compute relation embeddings and excels in FSL 

scenarios. Applied to the Drug Repurposing Knowledge Graph (DRKG), the I-RGCN predicts potential 

drug-disease interactions, aiming to repurpose existing drugs for treating COVID-19. This inductive 

approach to relation embedding learning makes the I-RGCN particularly effective for addressing the 

challenges of drug repositioning in new diseases. 

2.5.3. Zero-shot learning-based methods 

Zero-shot learning (ZSL) is a type of learning that can detect samples of classes without any data sample 

seen in the training in the main domain, but with samples in other auxiliary domain. TXGNN [100] is a 

model designed for drug repurposing using ZSL, which is employed to develop a drug repurposing model 

specifically for diseases without established treatments. In addition to the graph-based geometric deep 

learning techniques, it also incorporates metric learning to enhance performance. 

2.6. Explainable approaches  

Explainable Artificial Intelligence (XAI) encompasses techniques and methods designed to render the 

decisions and behaviors of AI systems comprehensible to humans. The primary objective of XAI is to 

provide clear, human-readable explanations of how AI models reach their conclusions, thereby fostering 

trust and transparency in AI applications. This is particularly crucial in domains where decision-making 

must be interpretable, such as healthcare, finance, and legal systems. In these fields, stakeholders need to 

understand, validate, and challenge AI decisions. Moreover, XAI aids in identifying and mitigating 

biases, enhancing model robustness, and complying with regulatory requirements by making AI processes 

more transparent and accountable [101]. 

In this context, GraphIX [102], an explainable drug repositioning framework, is introduced. GraphIX 

leverages biological networks to achieve its objectives. The framework employs GNN to learn the 



 Graph Neural Network Based Approaches to Drug Repurposing: A Comprehensive Survey 

 

network weights and node features from a knowledge graph that includes disease, drug, and protein 

nodes. GraphIX distinguishes between these node types based on the graph structure, even in the absence 

of explicit node type information. The model predicts disease-drug associations and calculates the 

contribution values of nearby nodes, thereby identifying significant proteins for pharmacological 

understanding.  

EDEN [103] states that because a lot of computational methods often lack interpretability, it is difficult 

to understand the underlying mechanisms of drug-disease associations. GNN is utilized by EDEN to 

capture both local semantics and global structures within a disease information network. By maximizing 

mutual information between these elements, interpretable embeddings that provide meaningful insights 

into why certain drugs may be effective for specific diseases can be created by the framework. One of the 

key innovations of EDEN is its ability to integrate various types of biomedical entities and relationships 

into a unified, low-dimensional space. This is achieved by aggregating neighboring messages based on 

different semantic connections, preserving the internal knowledge structure. The end-to-end learning 

process ensures that drug-disease associations are not only predicted by the model but also explained by 

highlighting relevant paths in the embedding space. 

 Another noteworthy method is iDPath [104], which offers explainable artificial intelligence solutions in 

the realm of drug repurposing. The framework utilizes GCN and LSTM networks to capture both the 

global connectivity and detailed mechanistic pathways of drugs. Additionally, two attention modules 

(path attention and node attention) are employed by iDPath to enhance the interpretability of its 

predictions. These modules identify critical paths between drugs and diseases, which are crucial not only 

for predicting drug efficacy but also for understanding the underlying biological mechanisms.   

 XG4Repo [105] innovates in drug repurposing by integrating explainable artificial intelligence with 

knowledge graphs to predict and explain potential new uses for existing drugs. Unlike traditional models, 

it focuses on interpretability, converting prediction rules into natural language and generating queries to 

trace paths in the Hetionet [106] graph, making explanations accessible to human experts.   

2.7. Reinforcement learning-based methods 

Reinforcement learning is a type of machine learning wherein an agent learns to make decisions by 

receiving rewards or penalties for actions taken within an environment. The agent aims to maximize 

cumulative rewards through trial-and-error interactions, thereby improving its performance over time[27]. 

The KGML-xDTD model [107] for drug repurposing and mechanism of action (MOA) prediction is 

structured into two key components. The first component, drug repurposing prediction, employs 

GraphSAGE [108] to generate node embeddings by analyzing the local neighborhoods of drugs and 

diseases within a knowledge graph. These embeddings are subsequently combined with PubMed BERT 

[109] to enhance classification accuracy. The integration of GraphSAGE and PubMed BERT leverages 

the structural and textual information, respectively, to provide a comprehensive feature representation. 

The second component, MOA Prediction, elucidates how a drug might work for a predicted treatable 

disease. This involves an actor network, a core reinforcement learning component that explores the 

knowledge graph by selecting the next node to visit based on the current state, aiming to reach the disease 

node. The actor-network's decisions are evaluated by a critic network, which estimates the potential future 
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rewards of its actions. Additionally, discriminator Networks guide the exploration toward biologically 

relevant paths, ensuring that the model's predictions are grounded in biological plausibility. 

2.8. Large language models based approaches  

Large Language Models (LLMs) are more complex neural networks based on transformer architecture, 

designed to process and generate human language. Their vast scale (characterized by billions of 

parameters) and training on massive datasets enable them to achieve state-of-the-art performance in NLP 

tasks, while also showing adaptability in various other domains [110].  

 

Large Optimized Vector Embeddings Network or LOVENet [111] is an LLM-based drug repurposing 

approach. The architecture consists of three main components: Knowledge graph representation, LLM 

embedding, and fusion Layer for Prediction. In knowledge graph representation, A heterogeneous graph 

is constructed to model drug-disease relationships, integrating data on drug-drug, disease-disease, and 

drug-disease associations. This structured network is a foundation for understanding associations through 

graph-based embeddings generated by GNN. In LLM embedding, use Llama2 [112] to process textual 

prompts like “Is this drug related to this disease?” This generates embeddings that capture contextual and 

generative insights into drug-disease associations. In fusion layer for Prediction, the Outputs from the 

knowledge graph embeddings and the LLM embeddings are normalized and concatenated within a fusion 

layer. The resulting representation is passed through a fully connected network, enabling LOVENet to 

predict the probability of a relationship between drugs and diseases. This LOVENet claims that 

combining structured data from the knowledge graph and textual insights from Llama2 significantly 

enhances predictive performance.  

LLM-DDA[113] is another model that leverages LLMs in drug repurposing. While GNNs have 

demonstrated strong performance in this field, they are limited by their dependence on graph topology, 

making them susceptible to noisy graphs. To address this issue, LLM-DDA integrates LLMs, recognizing 

their significant potential in reasoning. By combining the strengths of both GNNs and LLMs, the model 

aims to enhance drug repurposing efforts. 

3 Common datasets and implementations 

It is clear that the implementation of models is of great importance, and the data used as inputs to these 

models significantly impact their performance. In this section, we introduce the datasets and 

implementation methods that are utilized. 

3.1 . Datasets 

Datasets are integral to applying GNNs in drug repurposing, serving as the foundational element for 

constructing models that can predict new therapeutic uses for existing drugs. The importance of data in 

GNNs is underscored by the necessity for high-quality, diverse, and comprehensive datasets that capture 

the intricate relationships between drugs, their targets, and the resultant phenotypic effects. These datasets 

not only fuel the computational models but also ensure the validity and applicability of the predictions 

made by these models. 
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Drug repurposing involves identifying new medical uses for existing drugs, necessitating a robust 

understanding of various biological and chemical interactions. This process relies heavily on datasets that 

provide detailed information on drug-target interactions, chemical properties, genetic expressions, and 

disease pathways. These databases compile extensive data on small molecules, their biological targets, 

pathways, and the associated diseases, facilitating the identification of potential drug repurposing 

opportunities. 

These resources enable researchers to access and integrate diverse data types, essential for developing 

predictive models using GNNs. A list of common datasets used in the field of drug repurposing is 

collected in Appendix 1.  

3.2 .  Implementation  

Implementing models is of paramount importance, as it enables researchers not only to evaluate the 

designed models but also to utilize them practically. Various methods exist for model implementation; 

however, in the articles reviewed in this paper, the Python programming language and MATLAB have 

been used as implementation approaches. Appendix 2 includes links to the implemented codes of the 

articles, along with the implementation methods and libraries used. 

Python as a high-level programming language is widely used for implementing artificial intelligence 

models, particularly GNNs, due to its simplicity compared to other programming languages, the 

availability of numerous libraries for AI programming, and its open-source and free nature. The libraries 

used in the reviewed articles include PyTorch [114], PyTorch Geometric [115], TensorFlow [116], DGL 

[117], and DeepSNAP [118]. As evident in Table 1, PyTorch is the most common library for 

implementing GNNs. Supported by Meta, this library offers robust support for tensor computations. 

PyTorch Geometric, built on top of PyTorch, provides common GNN models, data loaders, metrics, and 

datasets suitable for GNNs. TensorFlow, developed by Google, is a deep learning library that offers 

powerful tools for building and training neural networks and has recently made efforts to facilitate GNN 

development [119]. DGL, a library designed for GNNs, supports multiple deep learning frameworks, 

including PyTorch and TensorFlow, highlighting its compatibility with these libraries. DeepSNAP, 

developed by Stanford University, simplifies the integration of graph data with deep learning models. 

MATLAB [120] is highly suitable for matrix computations and has the capability to train neural networks 

and GNNs [121]. However, compared to Python, it is less commonly used by developers. 

4 Evaluation 

Model evaluation is crucial, as it enables researchers to reconsider their data or model architecture if their 

designed model does not meet their objectives. This evaluation (as shown in Figure 5) occurs in two 

steps. 
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Figure 5. Evaluation steps 

 4.1. Model convergence evaluation  

In the evaluation of graph neural network (GNN) models for drug repurposing, the primary focus is on 

measuring model convergence, which refers to the optimization of weights through training to minimize 

the loss function. This process involves using metrics like Area Under the Curve (AUC), Receiver 

Operating Characteristic (ROC) curve, Area Under the Precision-Recall Curve (AUPR), and F1-score to 

assess performance. A typical evaluation approach includes splitting the dataset into training and test sets, 

where the training set is used to adjust the model’s weights, and the test set is used to validate its 

performance. K-fold cross-validation is often employed to ensure a more reliable evaluation by averaging 

results over multiple iterations, reducing bias, and improving the robustness of the performance estimates. 

By tracking metrics such as AUC and AUROC, researchers can ensure that the model generalizes well to 

new, unseen data. 

A key evaluation tool in this process is the ROC curve, which plots the True Positive Rate (TPR) 

against the False Positive Rate (FPR) to visualize the trade-offs between sensitivity and specificity. The 

AUC metric, derived from the ROC curve, provides a quantitative measure of the model’s ability to 

distinguish between positive and negative classes. This is particularly important in drug repurposing 

tasks, where datasets are often imbalanced, and traditional metrics like accuracy may be misleading. The 

ROC curve helps mitigate this issue by focusing on the performance across all thresholds. Additionally, 

an ablation study is often conducted after evaluation to understand the contribution of different 

components of the model. By systematically removing or altering model features, researchers can identify 

which elements are critical for achieving optimal performance, providing valuable insights for refining 

GNN models in drug repurposing tasks. 

4.2. Recommended drug evaluation  

However, the model's adequate performance in the evaluation with steps 1 and 2 criteria does not 

guarantee that the drugs proposed by this model are suitable for repurposing. In light of the multifaceted 

nature of the human body and the multitude of variables that contribute to its complexity, it is not a 

straightforward conclusion to ascertain that the top-n list is fully capable of drug repurposing. The re-

evaluation steps of these molecules extracted by the model are analogous to evaluating a new molecule 

for the disease in question, except that safety studies are not conducted. It is noteworthy that safety 

studies are excluded if the proposed dose is near the maximum tolerated dose. Eliminating safety studies 

results in significant savings in time and financial resources. As mentioned in the introduction, the 
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following process is usually used to check the effectiveness of a drug: in-silico screening, in-vitro 

screening, in-vivo screening and clinical trial. 

5   Discussion 

This paper presented a comprehensive survey about different approaches of applying graph neural net-

works to drug repurposing problem.  Accordingly, a method for constructing a graph-based model by ana-

lyzing existing literature is suggested. Although the method is grounded in scholarly references, specific 

challenges are identified, and recommendations are offered, supported with detailed examples. The pro-

cess is illustrated in Figure 6, and is further discussed below.  

 

 

Figure 6. Graph neural network based drug repurposing developing method 

 

5.1. Target specification: disease or pathology   

In the initial step, it is essential to identify the disease for which drug repurposing will be pursued. 

Subsequently, the mechanisms involved in the pathology of the disease must be determined. This step is 

critical for effectively modeling the problem. An alternative approach at this step involves identifying 

common factors in the pathology of different diseases. If this approach is chosen, the resulting model will 

have the capability to repurpose drugs for similar pathologies across various diseases.  

Incorporating biological knowledge into research is highly recommended to establish more precise and 

specific targets, thereby increasing the probability of achieving successful outcomes. For instance, in  

[122]  is the utilization of PINK1's involvement in the pathogenesis of Parkinson's disease to guide drug 

repurposing efforts, facilitated through the development of a computational model or in [123], due to the 

importance of tissues in the mechanism of drug action, tissue-specific protein-protein interaction 

networks have been used. 

 



 Graph Neural Network Based Approaches to Drug Repurposing: A Comprehensive Survey 

 

It is important to note that some studies make minimal distinctions between drug target identification 

and drug repurposing. While these two concepts may overlap, it is recommended to design separate 

models for each. The term drug target identification refers to the discovery of new targets within the 

disease pathology for which drugs already exist or are yet to be developed. In contrast, drug repurposing 

refers to identifying a new application for a drug that has successfully passed various phases of human 

clinical trials. 

5.2. Data collection and graph construction   

In the previous step, the required data to be collected was identified. In this step, it is necessary to proceed 

with dataset collection, preprocessing, and filtering. 

This step is highly significant, and any errors at this stage may adversely affect the overall outcome of 

the work. For instance, in [124] ,specific study on drug repurposing for COVID-19, excluded drugs from 

the categories D and X [125] during the data preprocessing stage, as these drugs are unsuitable for 

pregnant women. However, it is worth noting that such drugs might still be appropriate for treating 

COVID-19 in non-pregnant individuals.  Overall, the negative impact of such preprocessing is more 

pronounced in tasks based on GNNs, as certain nodes can contribute to improving the final outcome 

solely through message passing. 

At this stage, it is essential to examine the characteristics of the data, as certain datasets may include 

specific features that require consideration in subsequent stages. For example, some datasets contain a 

significant amount of predicted data (values estimated using statistical methods or artificial intelligence 

techniques). Researchers should take such features into account to ensure accurate analysis and modeling. 

At this graph construction stage, the graph must be constructed based on the type of relationships 

between components identified in Step 1. A critical consideration in this step is selecting appropriate 

features for the graph's components. Choosing suitable features can significantly enhance the model's 

performance. For instance, in a specific study [49], BioBERT was utilized to generate the initial 

embeddings for diseases, while ChemBERTa was employed to generate initial embeddings for drugs. The 

authors emphasize that obtaining suitable initial embeddings for the graph components, tailored to the 

characteristics identified in Step 1, is highly advantageous. 

In the following, we discuss the general concept of initial drug embeddings, which represent the most 

critical component in these studies. Although various drug-related features exist, the molecular structure 

of a drug holds undeniable significance. Typically, drug structures are represented in three formats: three-

dimensional (3D), two-dimensional (2D), and SMILE (Simplified Molecular Input Line Entry System). 

The 3D structure of a drug contains information that cannot be fully extracted from its 2D representation. 

For example, as shown in Figure 7, Omeprazole has a chiral center, resulting in two enantiomers, R and 

S. The S-enantiomer is therapeutically more effective as a proton pump inhibitor due to its favorable 

pharmacokinetics and metabolic pathway, while the R-enantiomer exhibits reduced efficacy [126].  
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Figure 7. Omeprazole 2D structure. The 2D structures of S-OME and R-OME are represented in a way that 

they cannot be distinguished from each other in the 2D format. 

 

Notably, enantiomers have distinct 3D structures despite sharing the same 2D connectivity. In some 

cases, inactive enantiomers may not only lack therapeutic properties but could also exhibit toxicity. 

While the 3D structure provides comprehensive molecular information, embeddings derived from it are 

not necessarily richer than those obtained from the 2D structure. The richness of an embedding largely 

depends on the accuracy of the model generating it. The utility of embeddings is also influenced by the 

specific application, requiring researchers to select an appropriate model if the molecular structure is 

deemed relevant to their task. 

Several models have been designed to extract drug embeddings from 3D structures, 2D structures, and 

SMILE representations. Models like Transformer-m [127] aim to leverage both 2D and 3D structures to 

generate embeddings. Additionally, alternative approaches for producing drug representations are 

discussed in [128]. Furthermore, drug embeddings can be enriched by incorporating other features such as 

pKa, pKb, solubility, lipophilicity. These additional features can enhance the quality of the initial 

representation and improve downstream performance 

5.3. Model design 

At this step, it is necessary to design an appropriate model based on the characteristics of the data, graph, 

and disease. The taxonomy section provides a comprehensive explanation of the methods used and the 

conditions under which each method is applicable. For example, in cases where the data is relatively 

limited, SSL-based methods can be a suitable choice. 

5.4. Evaluation 

 In this section, it is essential to first evaluate the convergence and then assess the efficacy of the proposed 

drugs. The methods for these evaluations are discussed in detail in the evaluation section. Assessing drug 

efficacy is a critical step in research and must be conducted at one of the following levels: in-silico, in-

vitro, or in-vivo. For instance, [129] presented a computational model for drug repurposing targeting the 

focal segmental glomerulosclerosis disease, demonstrating the efficacy of the proposed drug through in-

vivo testing. In addition , [69] validated the proposed drug for Alzheimer’s disease using molecular 

docking at the in-silico level. It is crucial for studies to report results at least one of these levels. However, 
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it should be noted that for a drug to be approved for new applications in patients, it must undergo all 

necessary levels of evaluation. 

6 Conclusion  

  

Drug repurposing refers to the reutilization of an existing compound for a therapeutic application other 

than the one it was originally designed for. This approach has gained increasing importance due to the 

high costs and lengthy timelines associated with drug development, as well as the need to address orphan 

diseases and the emergence of new illnesses. In this article, the methods of drug repurposing using graph 

neural networks have been reviewed. Since this problem is well-suited for modeling with graphs, GNNs 

are highly appropriate as they combine the advantages of network-based methods with those of the deep 

learning methods as the most successful artificial intelligence approaches. The article proceeds by 

presenting a taxonomy to categorize the existing studies. In this taxonomy, GNN-based methods for drug 

repurposing are classified into eight general categories. Then, each approach and the models developed 

within its framework were introduced. 

Furthermore, the article provides an overview of commonly used datasets, with a comprehensive list 

included in the appendix. Additionally, the implementation techniques employed in the reviewed studies 

are summarized, accompanied by a table with links to the corresponding codes of these implementations. 

The methods used for evaluation of the models are also discussed in detail. The article concludes by 

outlining a suggested approach for developing GNN-based models for drug repurposing and highlighting 

key considerations for conducting research in this field. 
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Appendix 1.  Datasets 

In this appendix, we introduce several common and useful datasets frequently employed in drug 

repurposing research. The datasets discussed in previously mentioned papers are included in this list, 

which represents some of the most commonly used ones. Although the list is extensive, it is not 

exhaustive of all datasets utilized in drug repurposing studies. The papers [130] and [131] provide 

particularly informative insights on drug repurposing datasets, and we have relied on these articles to 

compile this appendix. We strongly recommend reading these papers before selecting any datasets, as 

they offer valuable guidance. 

● BindingDB: This is an openly accessible repository that provides experimentally determined binding 

affinities between proteins and ligands.[132] 

● BioGRID: A repository focused on compiling molecular interaction data, built through extensive 

curation efforts.[133] 

● CCLE: The Cancer Cell Line Encyclopedia (CCLE) offers a diverse collection of cancer cell lines, 

capturing the genomic variability seen in human cancers. It provides crucial insights into drug responses 

by including data on genes, mutations, distribution, and methylation scores. [134] 

● CellMinerCDB: CellMinerCDB is a user-friendly web application designed for easy access and 

analysis of pharmacogenomic data from cancer cell lines across different platforms. [135] 

● ChEMBL: ChEMBL is a carefully curated resource containing bioactive molecules with drug-like 

properties. It integrates details on chemical structures, bioactivity, clinical studies, and disease 

associations to support drug discovery. [136] 

● ChemDB: ChemDB is a vast chemical database with around 65 million chemical structures, offering 

both experimental and predicted molecular properties, including 3D molecular data. [137] 

● ChemicalChecker: A platform offering harmonized and standardized bioactivity data across different 

chemical compounds. [138] 

● CTD: The Comparative Toxicogenomics Database (CTD) organizes and integrates data on chemical 

interactions with genes proteins, along with chemical-disease and gene-disease relationships. [139] 

● DGIdb: This dataset compiles drug-target interactions, focusing on the druggable genome, from more 

than 30 reliable sources like DrugBank, PharmGKB, ChEMBL, and others. [140] 

● DISNET: The database consists of phenotypes, drugs, pathways, and proteins.[141] 

● DisGeNET: A platform designed for the discovery and integration of publicly available gene and 

variant data linked to human diseases. [142] 
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● DrugBank: DrugBank integrates extensive information on drugs, including chemical, pharmacological, 

and pharmaceutical details, along with the corresponding target information like sequence, structure, and 

pathways. [143] 

● DrugCentral: Provides comprehensive data on active chemical entities, their pharmaceutical products, 

drug mechanisms of action, indications, and pharmacological properties. [144] 

● DTC: Drug Target Commons (DTC) is a manually curated dataset that includes bioactivity data for 

proteins, grouped by protein families, clinical phases, side effects, disease targets, and gene associations 

for approximately 3,000 proteins. [145] 

● GeneCards: This resource automatically gathers and integrates a wide array of data covering 

genomics, transcriptomics, proteomics, and clinical information to create a gene-centered resource. [146] 

● GLIDA: A specialized database that collects drug-target interaction data for G-protein-coupled 

receptors (GPCRs), focusing specifically on these receptors and their respective ligands. [147] 

● GtopDB: Provides quantitative bioactivity data for approved and investigational compounds, along 

with information on drug targets and experimental drugs. [148] 

● Hetnet: This dataset represents biological data as a knowledge graph, comprising eleven types of nodes 

and twenty-four types of edges. The node types include anatomy, biological process, cellular component, 

compound, disease, gene, molecular function, pathway, pharmacologic class, symptom, and side 

effects.[106] 

● HPRD: A centralized resource for visualizing and integrating information on post-translational 

modifications, protein interaction networks, and disease associations for proteins in the human proteome. 

[149] 

● IntAct: An open-source platform offering tools and a database for the analysis of molecular interaction 

data.[150] 

● KEGG: The Kyoto Encyclopedia of Genes and Genomes (KEGG) serves as a comprehensive 

knowledge base, integrating genomic, chemical, and functional information for a systematic 

understanding of gene functions, biological pathways, and their links to diseases and drugs. [151] 

● NCBI GEO: A repository supporting genomics data, offering access to array- and sequence-based data, 

allowing users to query and download curated gene expression datasets. [152] 

● OMIM: OMIM is a widely regarded compendium of human genes and genetic phenotypes, updated 

daily, with detailed overviews on Mendelian disorders, highlighting the genotype-phenotype relationship. 

[153] 

● PathBank: A specialized database that supports pathway analysis and discovery in various fields such 

as transcriptomics, proteomics, and metabolomics. [154] 
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● PathwayCommon: Stores data on pathways that involve biochemical reactions, complex assembly, 

and interactions among proteins, DNA, RNA, small molecules, and complexes. [155] 

● PharmGKB: A comprehensive resource focused on genetic variations and their effects on drug 

responses, aimed at enhancing clinical practice and research. [156] 

● Probes & Drugs Portal: A publicly available resource that merges bioactive compound libraries, 

including screening collections, to provide a comprehensive catalog for drug discovery. [157] 

● PubChem: An extensive repository of molecular data, including chemical structures, properties, 

biological activities, safety data, toxicity information, and patent details. [158] 

● RepoDB: Contains a standardized set of drug repurposing success and failure cases, providing a 

reliable benchmark for computational drug repurposing studies. [159] 

● STITCH: A database that provides both known and predicted interactions between chemicals and 

proteins, including data on pathways and drug-drug interactions.  [160] 

● STRING: Collects and integrates publicly available data on protein-protein interactions and assigns 

confidence scores to these interactions. [161] 

● Supertarget: Facilitates the exploration of drug-target interactions and the analysis of associated side 

effects. [162] 

● SwissTarget Prediction: Offers information on predicted drug targets based on reverse screening 

through structural similarity principles. 

● TTD: The Therapeutic Target Database (TTD) is a repository offering comprehensive details on 

therapeutic protein and nucleic acid targets, their associated diseases, pathways, and the drugs designed 

for those targets. 

● UniProt Database: A thorough resource providing data on proteins, including gene ontology, 

pathways, taxonomy, and disease-related information. 
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Appendix 2.  Implementation details  

This appendix presents a table containing the code repositories, programming languages, and libraries 

employed for articles with official implementations. The articles are categorized according to the 

proposed taxonomy. 

 
Table 1. Information about implementations of different GNN approaches to drug repurposing problems 
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neural network 

and harmonizing 

multiple evidence 

github.com/yejinjkim/drug-
repurposing-graph * *     
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RAFGAE 

Drug 

repositioning 

based on residual 

attention network 

and free 

multiscale 

adversarial 

training 

github.com/ghli16/RAFGAE * *     

D
is

en
ta

n
g
le

d
 r

ep
re

se
n
ta

ti
o
n
 

le
ar

n
in

g
 

DRAGON 

DRAGON: Drug 

Repurposing via 

Graph Neural 

Networks with 

Drug and Protein 

Embeddings as 

Features, 

medal.ctb.upm.es/internal/ 

gitlab/disnet/gnns/dragon-gnn 

*      

M
u
lt

im
o
d
al

 a
n
d
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at
a 

fu
si

o
n
 

DRHGCN 

Drug 

repositioning 

based on the 

heterogeneous 

information 

fusion graph 

convolutional 

network 

github.com/TheWall9/DRHGCN * *     

M
u
lt

im
o
d
al

 a
n
d
 d

at
a 

fu
si

o
n
 

BiFusion 

Toward 

heterogeneous 

information 

fusion: bipartite 

graph 

convolutional 

networks for in 

silico drug 

repurposing 

github.com/zcwang0702/BiFusion * *     

M
u
lt

im
o
d
al

 a
n
d
 d

at
a 

fu
si

o
n
 

GCMM 

GCMM: graph 

convolution 

network based 

on multimodal 

attention 

mechanism for 

drug 

repurposing 

github.com/FanZhang0820/GCMM       

M
u
lt

im
o
d
al

 a
n
d
 d

at
a 

fu
si

o
n
 

MilGNet 

MilGNet: A 

Multi-instance 

Learning-based 

Heterogeneous 

Graph Network 

for Drug 

repositioning 

github.com/gu-yaowen/MilGNet *  *    

M
u
lt

im
o
d
al

 a
n
d
 d

at
a 

fu
si

o
n

 

STRGNN 

Deep learning of 

multimodal 

networks with 

topological 

regularization for 

drug repositioning 

github.com/yuto-ohnuki/STRGNN * *     
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d
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DRMAHGC 

Drug 

repositioning by 

multi-aspect 

heterogeneous 

graph contrastive 

learning and 

positive-fusion 

negative sampling 

strategy 

github.com/JK-Liu7/DRMAHGC *      

S
tr

u
ct

u
ra

l 

HGNN-DR 

Drug repurposing 

for Leishmaniasis 

with Hyperbolic 

Graph Neural 

Networks 

github.com/layer6ai-labs/hgnn-dr *      

S
tr

u
ct

u
ra

l 

WHAIMC 

Weighted 

hypergraph 

learning and 

adaptive inductive 

matrix completion 

for SARS-CoV-2 

drug repositioning 

github.com/Mayingjun20179/WHAIMC      * 

S
tr

u
ct

u
ra

l 

PSGCN 

PSGCN: Partner-

specific drug 

repositioning 

approach based 

on graph 

convolutional 

networ 

github.com/xinliangSun/PSGCN * *     

S
tr

u
ct

u
ra

l 

CBR-SUBG 

Explaining Drug 

Repositioning: A 

Case-Based 

Reasoning Graph 

Neural Network 

Approach 

github.com/Carolina1396/CBR-
SUBG_MIND * *     

D
at

a 
ef

fi
ci

en
t 

SADR 

SADR: self-

supervised graph 

learning with 

adaptive 

denoising for drug 

repositioning 

github.com/Soar1998/SADR *      

D
at

a 
ef

fi
ci

en
t 

DRGCL 

Semantic-

enhanced Graph 

Contrastive 

Learning with 

Adaptive 

Denoising for 

Drug 

Repositioning 

github.com/Jiaxiao123/DRGCL *  *    
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a 
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t 

SGCD 

Semantic-

enhanced Graph 

Contrastive 

Learning with 

Adaptive 

Denoising for 

Drug 

Repositioning 

github.com/yuhuimin11/SGCD-
master *      

D
at

a 
ef

fi
ci

en
t 

TXGNN 

Zero-shot drug 

repurposing with 

geometric deep 

learning and 

clinician centered 

design 

github.com/mims-harvard/TxGNN *  *    

E
x
p
la

in
ab

le
 A

I 

GraphIX 

GraphIX: Graph-

based In silico 

XAI(explainable 

artificial 

intelligence) for 

drug repositioning 

from 

biopharmaceutical 

network 

github.com/TeamGraphix/graphix     *  

E
x
p
la

in
ab

le
 A

I 

iDPath 

Deep learning 

identifies 

explainable 

reasoning paths of 

mechanism of 

action for drug 

repurposing from 

multilayer 

biological 

network 

github.com/JasonJYang/iDPath *      

E
x

p
la

in
ab

le
 A

I 

 

 

XG4Repo 

 

 

 

Explainable drug 

repurposing via 

path based 

knowledge graph 

completion 

github.com/AnaJimBej/XG4Repo *      

R
L

 KGML-

xDTD 

KGML-xDTD: a 

knowledge 

graph–based 

machine learning 

framework for 

drug treatment 

prediction and 

mechanism 

description 

github.com/chunyuma/KGML-xDTD *      
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L
L

M
 

Lovenet 

All You Need is 

LOVE: Large 

Optimized Vector 

Embeddings 

Network for Drug 

Repurposing 

github.com/KlickInc/brave-
foundry-drug-repurposing *      

L
L

M
 LLM-DDA 

 

Empowering 

Graph Neural 

Network‐Based 

Computational 

Drug 

Repositioning 

with Large 

Language Model‐

Inferred 

Knowledge 

Representation 

github.com/Somewhat120/LLM_DDA *  *    
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