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Abstract: Drugs-drugs interactions(DDI) are entities composed of different chemical substructures

(functional groups). In existing methods that predict drug–drug interactions based on the usage of

substructures, each node is considered the center of a substructure, and adjacent nodes eventually

become centers of similar substructures, resulting in redundancy. Furthermore, the significant

differences in structure and properties among compounds can lead to unrelated pairings, making

it difficult to integrate information. This heterogeneity negatively affects the prediction results. To

address these issues, we propose a drug–drug interaction prediction method based on substructure

signature learning (DDI-SSL). This method extracts useful information from local subgraphs

surrounding drugs and effectively utilizes substructures to assist in predicting drug side effects.

Additionally, a deep clustering algorithm is used to aggregate similar substructures, allowing

any individual subgraph to be reconstructed using this set of global signatures. Furthermore, we

developed a layer-independent collaborative attention mechanism to model the mutual influence

between drugs, generating signal strength scores for each class of drugs to mitigate noise caused

by heterogeneity. Finally, we evaluated DDI-SSL on a comprehensive dataset and demonstrated

improved performance in DDI prediction compared to state-of-the-art methods.

Keywords: drug–drug interactions; substructure graph convolution operator; substructure

signatures; substructure extraction; collaborative attention mechanism

1. Introduction

Drug–drug interactions (DDIs) can have many adverse effects on the body. When two or more

incompatible drugs are taken together, they can trigger a DDI, which can cause serious harm to

the body. DDIs are therefore dangerous and can even be life-threatening when multiple drugs are

used. Assessing this risk has prompted many research efforts aimed at determining whether two or

more given drugs can be safely taken together. However, many diseases have complex pathological

processes, and combination therapy with drugs has become an effective approach to treating diseases

and relieving suffering.

In particular, when treating patients with multiple diseases [1,2], it is common to use a combination

of two or more drugs, but drugs do not always interact with each other as expected. They may

cause side effects that endanger the patient’s life. However, drug combination therapy involves a

combination of multiple drugs, each typically used as a single treatment in patient populations. Since

the various drugs in a drug combination can modulate the activity of different proteins, they can

enhance the therapeutic effect by overcoming potential redundancies in biological processes. For

example, the drug combination of venetoclax and idarubicin has recently been shown to have excellent

anti-leukemia efficacy in treating acute myeloid leukemia [3]. These two drugs act in an interactive

manner, targeting complementary mechanisms simultaneously to improve cure rates [3]. Although

drug combination therapy is an effective approach to treating many diseases [4], the major consequence

of using multiple drug combinations in patients is a higher risk of side effects, which are caused by

drug–drug interactions. The side effects of multiple drugs are difficult to identify manually, as it is
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almost impossible to test all possible drug combinations, and side effects are usually not observed in

relatively few clinical trials [5].

Furthermore, drug combination therapy is considered an increasingly serious problem affecting

15% of the US population in health care [6]. In the US, over 177 billion is spent annually to treat side

effects caused by multidrug combinations. According to statistics, 30% of adverse reactions in current

reports are related to drug–drug interactions (DDIs), and side effects are also one of the main reasons

for drug withdrawal from the market [7], which can lead to a significant increase in morbidity and

mortality [1,8]. Therefore, DDI has become a focus of clinical research (including DDI extraction [9],

DDI prediction tasks, etc.). The systematic screening of DDI candidates during clinical trials may be

limited by human resources, and the rapidly growing amount of biomedical data cannot be processed

even if it is available [10], which results in unknown adverse interactions among many drugs in the

market.

In medicine, the identification of DDIs is typically performed through extensive clinical trials in a

drug research environment. However, testing involves using many combinations of drugs, making

the whole process very expensive. Using computational methods to identify DDIs can serve as an

inexpensive, fast, and rapid alternative by predicting the risk of potential DDIs by extracting knowledge

from known DDIs. Drug chemistry knowledge indicates that a drug is composed of entities consisting

of different functional groups (chemical substructures), which determine all their pharmacokinetic

(how the organism processes it) and pharmacodynamic (how it affects the organism) properties, as

well as their ultimate interactions. In existing methods that use substructure recognition to identify

DDIs, each node is considered the center of a substructure, resulting in as many substructures as there

are nodes. Adjacent nodes ultimately become centers of similar substructures, leading to redundancy,

and a set of very similar substructures is overused, which can have many negative effects.

Over the past few decades, many machine learning and deep learning-based methods have made

significant progress in identifying potential DDI risks between two drug combinations. However,

most of these methods are limited in characterizing drug molecules. To address this issue, we used

clustering or pooling algorithms to aggregate similar substructures and retain only one representative

substructure. Therefore, we propose a new method for identifying DDIs based on substructure

signature learning (DDI-SSL), which operates directly on the interaction representation between the

original subgraphs of drugs to achieve more topologically preserved and physically interpretable

feature extraction. Thus, substructure markers can be effectively used to aid in predicting drug–drug

interactions. DDI-SSL provides the following technical contributions:

1) Improving the model’s interpretability. We use an attention mechanism to generate signal

strength scores for subgraphs, and each substructure is marked with corresponding drug features

weighted by learnable weights using an attention mechanism, which has the effect of producing

flexible-sized and irregularly shaped substructures. Additionally, because the receptive field of

message passing is variable, the model has high scalability. Both the freedom of the model and the

interpretability of the model’s predictions have been significantly improved.

2) Improving the model’s generalization ability. Compared to the global molecular structure,

DDI-SSL extracts useful information from local subgraphs centered on drug atoms, proposing an

interaction modeling network to accurately mine the corresponding modality of drug composition

individuals, thereby achieving modular representation of complex topological structures. The

subgraph formula may project local structural details of the attribute graph into the subgraph signature

set, reducing noise by anchoring relevant information. Meanwhile, the final representation of drugs

is no longer a single vector but an expression of the connections between substructures, effectively

improving the model’s generalization ability.

3) Incorporating a collaborative attention mechanism. DDI prediction between two drugs is based

on the interaction score matrix learned between their substructures. However, the structural and

property differences between molecules themselves can cause many irrelevant pairings, leading to the

production of many unmergeable pieces of information. A collaborative attention mechanism can be
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used to model the mutual influence between drugs. The addition of collaborative attention effectively

avoids this type of noise. This method provides an explanation for driving the DDI process and can

provide domain experts with more detailed information, including which substructures may cause

DDIs.

2. Related Work

Drugs are entities composed of different functional groups or chemical substructures, which

determine their pharmacokinetic (how the organism processes them) and pharmacodynamic (how

they affect the organism) properties, as well as the final interaction. Therefore, the processing of drugs

depends on their similarity in chemical structure or other features, including their individual side

effects, targets, etc. Many existing methods [11–17] involve graph similarity calculations. For example,

Zhang et al. [18] established a set of prediction methods based on the similarity of 14 drugs. Later, [17]

proposed a matrix completion method for user DDI prediction, where drug similarity is used as the

regularization part to preserve the manifold of drugs in a lower-dimensional space. The drawback of

this assumption is that similar drugs (or general chemical entities) do not necessarily have the same

biological activity [8]. Even if they exhibit some similarity features, they may be irrelevant to the

prediction task of interest.

In recent years, many deep learning methods have been proposed for drug–drug interaction (DDI)

prediction [7,19–26], such as the multimodal deep autoencoder proposed by Zhang et al. [24] and the

graph autoencoder applied on a DDI network by Feng et al. [25]. Despite the proven effectiveness

of deep learning in other tasks, its potential in DDI prediction, especially in extracting features from

the raw drug representation (i.e., chemical structure), has not been fully explored. Previous methods

have relied solely on global structure when processing drug information, which can include irrelevant

substructures and negatively affect predictions [8,27].

Two recent methods, MR-GNN [20] and GoGNN [28], have addressed these issues. Both utilize

the powerful feature extraction capability of deep learning by directly processing the raw molecular

graph representation [29–32] using graph neural networks (GNNs). They also consider the important

role of substructures in DDI prediction in implicit ways. MR-GNN uses LSTM to learn a comprehensive

feature representation for different drugs [20], while GoGNN represents drugs as concatenations of

different substructures [28]. In contrast, SSI-DDI and other previous methods that use substructures to

predict DDIs assume that each node is the center of a substructure, resulting in redundancy and noise

from the huge differences between drug substructures.

However, these previous methods only model the similarities between drugs and do not reveal

which substructures interact with each other. In contrast, our proposed method treats substructures as

independent entities and learns adaptive substructures of various sizes and shapes from drug molecular

graphs using substructure flags to capture the interactions between subspaces of drug properties. We

then use this information to enrich the interaction between substructures and improve the embedding

and model prediction. Additionally, our method characterizes DDIs using the overall probability

score of drug interactions, demonstrating how to use the correlation and interaction between each

substructure during DDI prediction to improve interpretability. We also use a collaborative attention

mechanism to assist prediction, which improves the ability of both expert and nonexpert users to

interpret the prediction results.

In addition, existing multimodal methods [22,33,34] use drug features that include some chemical

structures, externally introduced knowledge graphs, semantic information, etc., to assist the model in

prediction by aggregating this high-order heterogeneous information. However, these methods

contain considerable noise in the externally introduced heterogeneous information and ignore

the complementarity between modalities. In contrast, DDI-SSL avoids using a large amount of

heterogeneous information but instead explores the local substructures of drugs in depth. The subgraph

formula allows the local structural details of the attribute graph to be projected onto the subgraph
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signature set, thereby reducing noise by anchoring relevant information and achieving modular

representation of complex topological structures.

One of the most important types of methods is to enhance the transferability and generalization

ability of molecular interaction prediction by introducing self-supervised contrast [35]. Another type

is to enhance the robustness of the model by constructing multivisual multiscale features [36–38]

to enhance the learning generalization ability. Both types of methods borrow from contrastive

learning to maximize the mutual information of local and global contexts, including cross-level

and scalar-level modules, and fuse internal and external features at different granularity levels. Among

them, global representation is the representation of drug interaction graphs, and local representation is

the representation of individual nodes. Although such methods construct the mutual information of

global and local structures, they only apply to some scenarios, and the model needs to build a large

number of positive and negative sample pairs. DDI-SSL projects the local structure of the attribute

graph onto the subgraph signature set to explore local structural information. Finally, the collaborative

attention mechanism is used to model the mutual influence between drugs, and the addition of

collaborative attention effectively avoids the inherent heterogeneity in the structure and properties of

molecules.

Another type of method is to learn some truly common substructures from molecular

structures [39–41] by reducing misleading other substructures to reduce unnecessary entity noise

or balance the data distribution in a graph network. SumGNN introduces a knowledge graph [40],

which contains rich structural information but may also contain considerable noise. The algorithm

generates inference paths by extracting local subgraphs to summarize subgraphs, uses transformer

architecture to assign a learning weight to each edge in the subgraph by a self-attention module, and

then prunes the edges in the entire subgraph according to the weight threshold. Although this type

of method also uses substructures, on the one hand, the graph structure selects a knowledge graph,

which requires considerable manpower. On the other hand, by extracting useful information from the

local subgraphs around drugs, accurately mining the modality corresponding to the composition of

drug components, and achieving modular representation of complex topological structures, DDI-SSL

may project the local structural details of multiple attribute graphs onto the subgraph signature set

and reduce noise by anchoring relevant information.

3. Model Framework

3.1. Problem Definition

This section provides a formal definition of the problem and introduces the modules of the

DDI-SSL framework in order, including input representation and computational steps. The overall

framework is shown in Figure 1.

Given a set of drugs G, a set of interaction types L = {Ii}
M
i=1, and a DDI dataset D =

{(Gx, Gy, r)i}
N
i=1, where Gx ∈ G and Gy ∈ G, Ii denotes the interaction type, the goal is to train

a model f : G× I × G → [0, 1] that can determine the probability of any combination of two drugs

producing an interaction type Ii.
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Figure 1. DDI-SSL model framework.

3.2. Input

The model takes DDI tuples (Gx, Gy, r) as input, where both drugs Gx and Gy are represented as

an undirected graph G = (V, E), where V = {vi}
n
i=1 is the set of nodes, E = {(vs, vt)}m

i=1 is the set

of edges, {Ir} ∈ L denotes the interaction type, and each interaction type is represented by a matrix

Mr ∈ RD×D. Initially, G = (V, E) simply represents the chemical structure of the drug molecule,

where vi represents an atom with a feature vector hi ∈ RF (where F is the number of features) and

(vs, vt) represents a chemical bond between atoms vs and vt.

3.3. Substructure Graph Convolution Operator

Duvenaud [42] and Kearnes et al. [43] have shown that learning features from chemical entity

molecules provides more information than manually extracting molecule representations (e.g.,

molecular fingerprints). Common methods include graph neural networks (GNNs), which are deep

learning methods designed for graph-structured data. GNNs mostly consist of graph convolutional

operator layers, where node features are updated through aggregation of features from neighboring

nodes [44]. In this work, GAT layers [30] are used as the convolutional operator for node feature

updating. Attention mechanisms allow the model to handle inputs of variable sizes and focus on the

parts of the features that are highly correlated. A linear transformation is applied to all node features

in the graph:

ĥ
(l+1)
s = W(l+1)h

(l)
s , s = 1, ..., n, (1)

where W(l+1) ∈ RF′×F is a learnable transformation matrix from the l-th GAT layer to the (l + 1)-th

GAT layer. They determine the subspaces of node features and the interactions between subspaces.

We use attention mechanisms [45] to determine the importance of each (neighboring) node j in

neighborhood N(i) of node i and represent it as αij ∈ R. This importance indicates that not all nodes

j ∈ N(i) have equal relevance in updating the feature vector of node i, so each node is assigned a

learnable importance weight αij. The self-importance of node i, αii, is also considered to retain some

information from itself. The importance of node j to node i, αij, is computed as follows:

αij =
exp(leakyRelu(eij))

∑s∈Ni∪i exp(LeakyRelu(eis))
(2)
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In this equation, LeakyRelu is an activation function (used to mitigate the zero-gradient problem

that may occur with the ReLU activation function), and eij is a learnable weight whose inner product

is a ∈ R2F′ . We concatenate ĥ
(l+1)
i and ĥ

(l+1)
j using 1 to obtain the following equation:

eij = aT(ĥl+1
i ||ĥ

l+1
j ) (3)

T is the transpose operator, which can also be computed as the dot product, || or concatenation.

The model updates node i by aggregating all nodes in N i ∪ i, where each node is scaled by its

importance weight αij according to equation 3. This produces a preactivated feature vector:

z
(l+1)
i = ∑

j∈Ni∪i

αisĥ
(l+1)
s (4)

To use this feature vector as input to the next GAT layer, an activation function is applied to

capture complex nonlinear signals and generate the activation feature vector for node i, as shown

below:

h
(t+1)
i = σ(z

(l+1)
i ) (5)

Here, σ is the activation function. We use the ELU [46] activation function, similar to [30];

empirically, it also performs better than the most popular ReLU activation function.

3.3.1. Multihead Attention

DDI-SSL also utilizes a multihead attention mechanism, where each attention head interacts

between specific functional subspaces. By "cross-pollinating" information between each other, it proves

useful for exploring complex real-world data. We employ c GAT layers, and for each node s, the

multihead attention representation [b̂
(l+1)
s ] = [W(l+1)](l+1)h

(l+1)
s is obtained through equation 1 to

perform parallel linear transformations. From equation 2 to equation 4, the representation [z(c)](l+1)

generated by the tth head for node i will be concatenated to form the activated representation h
(l+1)
i ,

where || denotes concatenation.

h
(t+1)
i = σ(||Cc=1[z

(c)
i ](l+1)) (6)

3.3.2. Normalization

We also add a LayerNorm layer after the output of each GAT layer and use the σ activation

function. As using a LayerNorm layer [47] yields the best results, we also consider using it, and

equation 5 becomes:

h
(t+1)
i = σ(LayerNorm(z(l+1))i). (7)

Equation 6 can be modified in the same way. At the same time, initial normalization should

be applied to the input data, which are then used as a normalized preprocessed input to the model.

Initially, the feature of node i is only related to the feature of the associated atom, but under the

graph convolution operation, the feature of node i begins to be concatenated with the features of the

connecting nodes. Therefore, node i no longer represents a simple atom but a substructure containing

itself and its surrounding nodes.

3.4. Substructure Extraction

Through our research, we found that the convolution operation collects information from different

substructures, and each substructure updates the feature vector h
(l+1)
i (as shown in equation 5) centered

around i. Meanwhile, its preactivation vector z(l+1) contains substructure information composed of

nodes s ∈ Ni ∪ i. As we move from the previous layer to the next, the range of the local neighborhood
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expands. In addition, some nodes that are not part of the substructures are also considered in the

attention equation 2, enabling the learning of correlations between different substructures.

In the GAT layer, all substructure information (represented by a single node feature vector i(l)) is

aggregated (as shown in equation 4), and each substructure is represented by a learnable parameter

βi ∈ R, which can be understood as its importance. We use z
(l)
i instead of h

(l)
i here because we

only need the current layer’s output rather than the output modified by the nonlinear layer h
(l)
i .

Therefore, all drug substructure information Gx ∈ G identified in the l-th layer can be represented by

the following equation:

g
(l)
x =

n

∑
i

βiz
(l)
i . (8)

SAGPooling [48] is used here to determine the importance βi of each node in the graph. Given

the graph with X and A, SAGPooling calculates the importance vector β (whose components are the

coefficients βi):

β = softmax(SAGPooling(A, X)) (9)

SAGPooling considers the context and topological information of nodes to determine their

importance in the entire graph.

3.5. Substructure Signature Learning

The purpose of learning substructure flags is to map a large number of substructure instances

onto K representative subgraph patterns so that any subgraph can be reconstructed by this global

"topological dictionary". This approach not only preserves the similarity between subgraphs but also

provides a unified modular platform for the representation of different attribute graphs.

This is also the basis for modeling individual interactions (projection pooling mechanism) by

effectively preserving the identity of subgraph individuals and avoiding information loss caused

by traditional methods. We use clustering or dictionary encoding to segment n attribute graphs

into N = ∑
n
i=1 ki subgraph instances and learn K flag vectors, whose criteria are as follows: (1)

high coverage, subgraph flags should faithfully reflect the distribution of subgraphs; and (2) high

discriminability, the graph representation formed by subgraph flags should significantly distinguish

samples of different categories. The former is achieved through dictionary reconstruction, while the

latter is ensured by an end-to-end learning framework. The subgraph flag matrix U can directly

represent the subgraph flags. In addition, clustering can also be implemented through nonnegative

dictionaries. Let U = µ1, µ2, ..., µk ∈ Rc×K be the subgraph flag matrix and require that all subgraph

instances within the attribute graph can be reconstructed by the column vectors of U, i.e., minimizing

the following reconstruction error:

min
n

∑
l=1

kl

∑
i=1

K

∑
j=1

||µj − αlijgl,[:,i]||
2, s.t.αlij ≤ 0 (10)

where αlij is the reconstruction coefficient of the i-th subgraph in the attribute graph Gi with respect to

the subgraph symbol µi. In addition, subgraph symbols can also be calculated through deep clustering.

We use a clustering indicator matrix Wi ∈ Rni×K to cluster the subgraphs of each attribute graph

Gi, where the jk-th element represents the probability that the j-th substructure of Gi belongs to the

k-th subgraph symbol of Gk, and the form of this probability can be determined by a Gaussian or

t-distribution function, for example:

Wi(j, k) =
(1 + ||gi(j, :)− µk||

2/α)−
α+1

2

∑k′(1 + ||gi(j, :)− µ′k||
2/α)−

α+1
2

, (11)
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Kullback–Leibler divergence can be trained to learn the above. The objective function is:

min
U,H′is

∑
i

KL(Wi, W̃i) (12)

s.t.W̃l(j, k) =
W2

i (j, k)/ ∑l Wi(l, k)

∑k′ [W
2
i (j, k′)/ ∑l Wi(l, k′)]

.

Here, W̃l is the sparse (self-sharpening) version of Wl . Minimizing the KL divergence above

ensures that each subgraph instance is only assigned to a small number of subgraph signature points,

thus forming the dictionary reconstruction code for the coefficients. The choice of the number of

subgraph signatures K is controlled by the complexity of the topology. For attribute graphs with

large sizes and numbers of nodes, K should be chosen to be a sufficiently large value, also known as

"structural resolution".

The pooling operator of the topology-preserving graph pooling algorithm projects the local

structure of each graph onto common structural signatures µj, µ2, ..., µK, and the resulting graph

representation dimension depends only on the number of structural signatures K rather than the

number of nodes in the attribute graph. Therefore, fixed-dimensional graph representations can

be obtained for attribute graphs of different sizes while approximately maintaining the identity of

individual parts (substructures) and their interconnection relationships. This operator can realize

the probability distribution of the substructure distribution in the graph representation attributes of

the attribute graph: the density of substructure signatures in attribute graph Gi can be calculated as

pi = W′i · 1ni×1, and each row of this density can be used as a representation of each drug atom after

learning.

3.6. Substructure Interaction Correlation with Collaborative Attention

After obtaining all substructure information p
(l)
x and p(l)y of the input drugs Gx and Gy,

respectively, through subgraph signature learning layers (partial chemical substructure extraction),

the importance of each pairwise interaction between the substructures of Gx and Gy, denoted as γij, is

considered using a collaborative attention mechanism [30]. The calculation is given by the following

equation:

γij = bT tanh(Wxp
(i)
x + Wyp

(j)
y ), i = j = 1, ..., L, (13)

Here, b is a learnable weight vector, and Wx and Wy are learnable weight matrices. Different

weight matrices are used to avoid high scores for predicting similar substructures. Unlike equations 2

and 9, no activation function is used in equation 13. Additionally, negative scores are expected to

occur in some noninteracting drugs. Therefore, equation 14 is used to generate lower DDI probabilities.

Finally, an activation function, such as tanh, is used to obtain the predicted solution.

3.7. Prediction and Loss Function

The following equation provides the probability of predicting the interaction between a pair of

drugs Gx and Gy as r:

P(Gx, Gy, r) = σ(∑
i

∑
y

γijp
(i)T

x Mrp
(j)
y ) (14)

Here, σ is the sigmoid function, and Mr is the learned matrix that represents the interaction type

Ir. Equation 14 considers the probability of a pair of drugs (Gx, Gy) producing interaction r, which is

determined by the reactions between the substructures of these drugs, and each combination also has

a related weighting coefficient, which is the final DDI prediction result.

The model is trained end-to-end through gradient descent using cross-entropy. The given DDI in

the dataset is considered a positive sample. For each positive sample (Gx, Gy, r)i, negative samples can
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be generated by replacing Gx and Gy using the strategy proposed in [48]. The loss function L for the

entire DDI dataset is calculated as follows:

L = −1/N
N

∑
i=1

(log(pi) + log(−p′i)) (15)

Here, pi and p′i are both calculated using equation 14. pi corresponds to the probability calculated

for the positive sample, while p′i corresponds to the probability calculated for the associated negative

sample.

3.8. The Overall Algorithm of DDI-SSL

The DDI-SSL algorithm is shown in Algorithm 1. Given input drugs Gx and Gy and interaction

matrix r, multiple nodes generate feature matrices Hx and Hy. We use GAT to perform weighted

calculation of the features to obtain new representations (Line 4) and at the same time use deep

clustering algorithms to train substructure markers (Lines 6-9). Lines 10-13 calculate the collaborative

attention. Finally, the probability of drug interaction is generated (Lines 15-17).

Algorithm 1: DDI-SSL Algorithm

Input: Drug structure Gx, drug feature Hx; Drug structure Gy, drug feature Hy;

Hyperparameter: drug interaction matrix M, signature U, GAT(), σ(), Coattention().

Output: Prediction function P(Gx, Gy, r).

H
(0)
x ← Hx and H

(0)
y ← Hy;

for l ← 1, L do

Z← GAT(l)(Gx, H
(l−1)
x ) and Z

(l)
y ← GAT(l)(Gy, H

(l−1)
y );

H
(l)
x ← σ(Z

(l)
x ) and H

(l)
y ← σ(Z

(l)
y );

end

g(l) ← SAGPooling(Hl , A);

U← K-means(g);

Wi ← T-Distribution(g, U);

pi ← W′i · 1ni×1

for i← 1, L do

for j← 1, L do

γij ←Coattention (P
(i)
x , P

(j)
y );

end

end

Mr ← get Interaction Matrix(type = 1r);

P(Gx, Gy, r)← σ(∑i ∑j γijp
(i)T

x )Mrp
(j)
y ;

return P(Gx, Gy, r);

4. Experimental Setup and Results Analysis

4.1. Datasets

For drug–drug interaction experiments, we use four datasets: DrugBank, TwoSides, DrugComb,

and DrugCombDB, and the information about these four datasets is shown in Table 1.

DrugBank [7]: We use the DrugBank dataset to train our DDI prediction task [7]. This dataset

contains 1706 drugs and 383,496 DDIs, with 86 general sentence structures, each describing a specific

type of DDI. The training data account for 80% of the total data. Drugs are associated with their SMILES

string representations [49], which are converted to graph representations using the open-source

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 July 2023                   doi:10.20944/preprints202307.1273.v1

https://doi.org/10.20944/preprints202307.1273.v1


10 of 17

chemistry information library RDKit. For each drug, a graph is generated, where bonds represent

edges and atoms represent nodes. For each atom v, the feature vector H is 55-dimensional and includes

(1) atomic symbol (44, one-hot representation), (2) atomic degree (number of adjacent atoms), (3)

implicit valence, (4) number of free electrons, (5) hybridization mode (5, one-hot representation), (6)

whether the atom is aromatic, and (7) total number of hydrogens on the atom. Each DDI pair is treated

as a positive sample, and a negative sample is generated from it. In this dataset, each DDI tuple has

only one interaction.

Table 1. Number of drugs in the drug dataset (|D|), management context |C|, and number of labels (|Y|).

Dataset task D C y

TwoSides Polypharmacy 644 10 499582
DrugBankDDI Interaction 1706 86 383496

DrugComb Synergy 4146 288 659333
DrugCombDB Synergy 2596 112 191391

TwoSides [19]: Given by filtering the original TwoSides adverse drug data [1] from [19], this

dataset contains 644 drugs and 499,582 DDI interaction pairs. In contrast to the DrugBank dataset,

these interactions are at the phenotype level rather than the transcript level. That is, the interactions

here are just adverse effects, such as headaches, sore throats, and symptoms such as those in [19].

DrugComb [50]: DrugComb aims to provide free access to standardized drug combination

screening results. We collected and managed high-throughput drug combination screening datasets

involving 4,146 drugs tested on 288 cancer cell lines from 10 different tissues in 659,333 combinations

using computational tools available on network servers.

DrugCombDB [51]: DrugCombDB covers 191,391 dual drug combinations, 2,956 unique drugs,

and 112 cancer cell line samples.

4.2. Baselines

We compared our model with state-of-the-art methods that share some common features: (1)

using molecular graphs as input; (2) integrating drug substructure information in some way during

the learning process; and (3) considering the role of substructures in predicting drug–drug interactions

(DDIs).

DeepDDI [7] incorporates structural similarity profiles in the representation learning process and

uses the Jaccard coefficient to predict DDI.

DeepSynergy [52] uses chemical and genetic information as input and is applied to predict drug

synergy.

MHCADDI [26] uses a collaborative attention mechanism to integrate drug combination

information.

MR-GNN [20] captures different-sized structures of each drug using each graph convolutional

layer of the nodes. These representations are then fed into a recurrent neural network for joint

representation learning of a drug pair to make predictions.

CASTER [52] uses an end-to-end dictionary learning framework to encode drug chemical

structures.

SSI-DDI [39] treats each node’s hidden feature as a substructure and computes the interaction

between these substructures to ultimately determine the DDI.

EPGCN-DS [53] achieves drug structure permutation invariance using a graph convolutional

network and DeepSets.

DeepDrug [54] learns graph representations of drugs and proteins using graph convolutional

networks, e.g., residual structures, to optimize training.

GCN-BMP [55] stacks multiple graph convolutional layers (a total of L layers) to learn

representations of each node in the graph and constructs an attention-based graph pooling layer.
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DeepDDS [56] identifies cancer drug combinations using a deep learning model based on either

graph convolutional networks or attention mechanisms.

MatchMaker [57] uses drug chemical structure information to predict in a deep learning

framework.

We reproduced these methods using PyTorch and made minor modifications to some of them to

achieve better performance under fair comparison.

4.3. Experimental Settings

As shown in Figure 1, the model learns drug pair representations by sharing GAT weights,

achieved by reusing the same layers for both drugs. The algorithm consists of 4 GAT layers, each with

C multihead modules, set to 2, where each attention head calculates a 32-dimensional intermediate

feature, resulting in the final output of the GAT layers being transformed into a 64-dimensional hidden

feature vector. Following the GAT layers are LayerNorm layers and ELU activation functions. The

LayerNorm layer is directly applied to the input data. Each interaction type Ir ∈ L is represented by a

learnable matrix Mr ∈ R64×64. The model uses the Adam optimizer [58] to train on batches of 1024

DDI data, with weight decay set to 5e-4. A learning rate with exponential decay over time is designed

as lr = 1e− 2× 0.96t, where t is the epoch number, and the number of epochs is set to 200.

In this setting, the DDI tuples are randomly split into training (80% of data) and testing (20%

of data) sets with the same proportion of interaction types. This process is repeated three times to

generate three sets of randomly split datasets. Our proposed method and the settings for all baseline

models are shown in Table 2, where each model is trained and tested on each of the three datasets. The

average and standard deviation of the results for each model from the three experiments are reported

in Table 3.

Table 2. Hyperparameter used by each baseline model.

Methods Encoder Hyperparameter

DeepDDI Feedforward Hidden layer channels

Drug encoder channels
DeepSynergy Feedforward Context encoder channels

Hidden layer channels

Atom encoder channels
MHCADDI GAT Edge encoder channels

Hidden layer channels
Readout layer channels

Drug encoder channels
MR-GNN GCN Drug encoder layers

Hidden layer channels

Drug encoder channels
CASTER Feedforward Hidden layer channels

Regularization coefficient
Magnification factor

SSI-DDI GAT Drug encoder channels
Attention heads

EPGCN-DS GCN Drug encoder channels
Hidden layer channels

DeepDrug GCN Drug encoder channels
Hidden layer channels

GCN-BMP GCN Drug encoder channels
Hidden layer channels

DeepDDS GCN or GAT Context encoder channels
Hidden layer channels

MatchMaker Feedforward Drug encoder channels
Hidden layer channels
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Table 3. Evaluation results of DDI experiments.

Models
DrugBank TwoSides DrugComb

DrugBank F1 DrugBank auc TwoSides F1 TwoSides auc DrugComb F1 DrugComb auc

DeepDDI 0.715 ± 0.003 0.880 ± 0.002 0.848 ± 0.009 0.929 ± 0.001 0.715 ± 0.003 0.669 ± 0.001
DeepSynergy 0.725 ± 0.002 0.992 ± 0.001 0.887 ± 0.001 0.940 ± 0.001 0.725 ± 0.002 0.702 ± 0.003

MR-GNN 0.455 ± 0.002 0.877 ± 0.002 0.821 ± 0.002 0.937 ± 0.002 0.455 ± 0.002 0.744 ± 0.003
SSI-DDI 0.711 ± 0.002 0.745± 0.002 0.707 ± 0.003 0.823 ± 0.002 0.711 ± 0.002 0.627 ± 0.001

EPGCN-DS 0.697 ± 0.001 0.761 ± 0.002 0.717 ± 0.003 0.855 ± 0.003 0.697 ± 0.001 0.629 ± 0.002
DeepDrug 0.703 ± 0.002 0.861 ± 0.003 0.805 ± 0.002 0.923 ± 0.004 0.724 ± 0.001 0.643 ± 0.001
GCN-BMP 0.662 ± 0.002 0.669 ± 0.002 0.621 ± 0.001 0.709 ± 0.003 0.707 ± 0.002 0.594 ± 0.001
DeepDDS 0.729 ± 0.002 0.963 ± 0.001 0.910 ± 0.002 0.915 ± 0.002 0.702 ± 0.003 0.663 ± 0.004

MatchMaker 0.725 ± 0.001 0.987 ± 0.001 0.874 ± 0.004 0.912 ± 0.002 0.712 ± 0.002 0.662 ± 0.002
Ours 0.731 ± 0.002 0.991 ± 0.002 0.905 ± 0.002 0.939 ± 0.001 0.727 ± 0.001 0.732 ± 0.003

4.4. Experimental Implementation

The model is implemented using PyTorch, and the experiments were run on an NVIDIA RTX

3090 GPU with the Ubuntu operating system.

4.5. Experimental Results

In this experiment, DDI-SSL uses the following metrics: ACC, AUC-ROC, and F1-score. For

the multiclass models (MR-GNN and DeepDDI), the microaverage measure of AUC is considered.

Each method is run on the same split of the dataset. For MR-GNN, the original code provided by

the authors is reused. DeepDDI and MHCADDI methods are also reimplemented according to the

settings given in their respective original papers. The scores obtained by each method for each metric

are shown in the bottom row of Table 3. The DDI-SSL algorithm performs well on all three datasets,

including DrugBank, where it shows improvement in scores. Although DeepSynergy exhibits high

AUC performance on the DrugBank dataset, its metrics are not very reliable due to the imbalanced

nature of the dataset. Even with very low true positive rates, multiclass classifiers often have high AUC

scores. DDI-SSL also has a very high AUC score, indicating that it not only distinguishes interacting

and noninteracting drugs but also has high accuracy.

Moreover, on the TwoSides and DrugComb datasets, DDI-SSL outperforms most other methods

in terms of F1-score and AUC. Figure 2 shows the accuracy (ACC) of different methods on the test set.

On the DrugBank dataset, the DDI-SSL method shows improvement over DeepDDI, DeepSynergy, and

others and converges more smoothly, ultimately approaching 100% accuracy. On the TwoSides dataset,

the accuracy is significantly improved, and the convergence is also faster. On the DrugComb dataset,

the performance is more oscillatory, and since multiple methods have oscillating ACC curves on this

dataset, it suggests that the dataset itself has significant differences in distribution. Additionally, we

found that DDI-SSL still has high accuracy on the DrugCombDB dataset, indicating that the model has

strong stability on this type of dataset.
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Figure 2. Overall experimental accuracy.

4.5.1. The Effect of Collaborative Attention

To investigate the interaction between substructure interaction and cooperative attention, the

impact of removing the cooperative attention layer was examined. Figure 3(a) shows the AUC, ACC,

and F1-score results obtained with and without the cooperative attention layer on the DrugBank

validation set. It can be seen that the combination of cooperative attention does improve performance:

under the same number of attention heads and markers, using cooperative attention leads to an

improvement, and its removal causes a decline. This is because when matching the substructures of

two different molecules, the structural and property differences between the molecules themselves

can cause many irrelevant pairings, resulting in much unmergeable information. The addition of

cooperative attention allows such noise to be effectively avoided.

Figure 3. Influence of different hyperparameters on the results.

4.5.2. The Effect of Multihead Attention

The experiment also compared the effect of different numbers of attention heads on the results. As

shown in Figure 3(b), the model performed best when the number of attention heads was two. Multiple

attention heads allow exploration of different feature subspaces, which can improve the generalization

performance of graph neural networks. When pursuing multihead attention, the computation of

each head can be parallelized, giving the algorithm a special advantage. However, as the number of
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attention heads increases, the prediction results do not improve but gradually decrease, indicating that

information interference reaches saturation.

4.5.3. The Effect of Number of Substructure Markers

In our experiments, we varied the number of substructures, denoted as K, to study its impact on

the results. Specifically, we set K to 100, 200, 500, and 1000. As shown in Figure 3(c), we found that the

model performed best when K was set to 200. As the number of substructures increased beyond this

point, the performance did not improve but rather gradually decreased. Therefore, if K is too small

(resulting in underfitting) or too large (resulting in overfitting), the accuracy may decrease. Generally,

the optimal performance can be achieved when K is approximately its median value.

5. Conclusion and Discussion

We propose a novel method, called DDI-SSL, for identifying drug–drug interactions (DDIs) by

learning substructure patterns, which can effectively assist in predicting drug side effects.

First, we analyze that previous methods relying on global structures may lead to inaccurate

results in handling drug information. We use a self-attention mechanism to generate signal strength

scores for subgraphs, and each substructure is marked with corresponding drug features weighted

by learnable weights, which can produce flexible-sized and irregularly shaped results. Due to the

variable receptive field of message passing, our method has high scalability. Moreover, we accurately

extract information from local drug subgraphs to identify the corresponding modules of the composed

individuals. Subgraph formulas allow the projection of local structural details of attribute maps onto

subgraph signature sets, which reduces noise by anchoring relevant information, thereby achieving

modular representation of complex topological structures. Finally, we model the mutual influence

between drugs by introducing a cooperative attention mechanism, which effectively avoids noise in

molecular structures and properties. Comprehensive experiments on DDI datasets demonstrate the

improvement of the DDI-SSL model and the contribution of each improvement point.

Future research will leverage message passing and other methods to capture the topological

relationships and semantic information of larger-scale protein atoms and bonds by representing

nodes and edges in graph networks. In addition to drug–drug interactions, research in the field of

graph neural networks has also made progress in learning protein structure and predicting temporal

dynamics. However, challenges remain in protein dynamics prediction tasks, such as the need to

dynamically capture complex structural spatiotemporal changes and use long-range correlations at

different time scales. To better understand the physiological mechanisms behind protein dynamics,

a new interaction modeling graph neural network framework that captures long-range dynamic

spatiotemporal correlations is urgently needed to provide prediction and interpretation for protein

dynamics research in target interactions.
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