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ABSTRACT

A drug-drug interaction (DDI) is a reaction between two or more drugs that can reduce or increase the
reaction of a medicine synergistically or cause adverse side effects. DDI detection, therefore, is an important
objective in patient safety and pharmaceutical industry. Many researchers try to predict the DDI of unknown
drugs by training the known DDI data in-silico approaches. In-silico approaches can be categorized into
three groups: knowledge-based, similarity-based, and graph-based. Among them, graph-based approaches
are known to have achieved great performance by casting DDI prediction as a link prediction problem on
DDI graphs. In this paper, we explore how we can improve DDI prediction performance of the embedding
learning method node2vec[6] using representation learning algorithms of graph neural networks (GNNSs).
We first created and trained node2vec model to obtain initial drug features; then we used three GNN based
models to improve the learned node2vec drug embedding; finally, we used four different classifiers to
implement link prediction, which is DDI prediction. Our experimental results showed that all four classifiers
performance were improved using GNN learned embedding.

Keywords: classifiers, drug-drug interactions, drug-drug interaction prediction, embedding learning,
graphical neural networks, node2vec

1. INTRODUCTION

Drug-Drug Interactions (DDIs) have been a major cause of preventable adverse drug reactions, which
can cause a significant burden on the patients' health and the healthcare system. Therefore, many novel
algorithms for DDIs prediction have been proposed. Vilar implemented DDI prediction through
molecular structure similarity analysis[22] and large scale similarity-based modeling[23]. Raja
applied machine learning workflow on the DDI prediction problem using four different
algorithms(Bayesian network, Decision tree, Random forest, K-nearest neighbors) on DDI
corpus data[15]. Jialiang Huang developed a systematic method to predict DDI through
Protein-Protein-Interaction(PPI) Network[8]. Feixiong Cheng applied machine learning
algorithms through integrating drug phenotypic, therapeutic, chemical, and genomic
properties[1]. Among all methods, node embedding learning methods achieved remarkable
success[26]. Node embedding is a collective term for techniques for mapping graph nodes to
vectors of real numbers in a multidimensional space. When applying node embedding on DDI
prediction task, drugs and interactions will be considered as nodes and edges in a graph. DDI
diction problem can be considered as a link prediction task under this context. Some existing state-
of-art node embed- ding methods like SVD[5], node2vec, LINE[19], SDNE[24] all achieved
promising results. Zhang et al.[27] introduced the manifold regularization based on drug features
and pro- posed a novel matrix factorization method named MRMF to predict potential DDIs Wen
Zhang adopted SDNE to learn drugs features and using attention mechanism to enhance predicting
performance and analyzing the impact of each factor by comparing attention weights[9]. Deepika
deigned a meta-learning framework of representation learning(similar to node embedding)[16].
However, GNN based models and algorithms didn’t receive enough attention on this problem.
GNN is a relatively new type of machine learning model. Generally speaking, a GNN model learns
one node’s feature by aggregating it’s neighbor’s features. Different GNN models adopt different
aggregating algorithms. In this paper, we studied whether we can use GNN models to im- prove
embedding learning’s performance on the DDI prediction problem. In practice, we propose using
Graph Auto-Encoders(GAE)[20] architecture to implement DDIs prediction. The majority of



GNN-based matrix completion methods are based on GAE, which applies a GNN to the entire
network to learn a representation for each node[17]. We use the performance of node2vec model
as benchmark, and then use three different GNN models (GCN[12], GraphSage[7], GAT[21]) as
encoders to learn aggregated embedding of drugs and use four types of decoders to predict DDIs.

The major contributions of this paper can be summarized as follows: (1) We utilized GAE
models for implementing DDI predictions; (2) We improved the performance of node2vec
embedding learning using GNN models.

The following sections explains the materials and the methods we used in our study,
experiments we conducted, and analyzes our experimental results.

2. MATERIALS AND METHODS

2.1 Datasets

DrugBank[25] is the most used public database, which contains DDI dataset covering 2,682,157
DDils. In this paper, we constructed our DDI dataset for our experiments using DrugBank database.

2.2 Overview of Methods

In this section, we will provide the overviews of the methods and algorithms we used in our
experiments for the study.

2.2.1 Graph Auto-Encoders (GAE)

GAEs are end-to-end trainable neural network models for unsupervised learning, clustering and link
prediction on graphs[20]. GAE models are known to be efficient in matrix completion problem[17]. If
we view drugs as nodes and DDI as links in a graph, predicting a DDI can be considered as a task to
complete a DDI adjacency matrix. GAE model consists of an encoder and a decoder. The encoder
encodes drugs into scalars E and decoders use these scalars to rebuild the whole graph by predicting
the existence of a link between a pair of nodes/drugs. The encoder can be viewed as representation
learning methods and decoder can be viewed as classifiers. In this paper, we use four types of
encoders, node2vec, GCN, GraphSAGE, and GAT,; and four types of decoders, Inner-
product(1P)[20], Logistic Regression(LR)[2], Deep Neural Network(DNN) and Soft Decision
Tree(SDT)[4]. Figure 1 demonstrates the entire workflow of our DDI prediction analysis using
those encoders and decoders. In Figure 1, en denotes the embedding for the i" drug from node2vec
drug embedding matrix; eg; denotes the embedding for the i" drug in the GNN drug feature
matrix; d, denotes the dimension length of en; dg denotes the dimension length of eqg; the ®
operator denotes the element-wise product.
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Figure 1: Overview of our DDI prediction analysis workflow. We first create the node2vec feature matrix (the pink feature
matrix). Then we calculate the element-wise Hardmard product for each pair of drugs in the embedding matrix and feed the
entire element-wise drug pair products into classification models. The classification models then classify whether a pair of
drug has an interaction or not. We use these classification performances as benchmark and conduct experiments to find if
GNN models can further improve the feature selection performance of node2vec. We feed the node2vec feature matrix into
GNN models and get a new GNN feature matrix(the blue matrix). Then we perform Hardmard product on each pair of drugs
and feed them into classifiers. Finally, we compare the classification performances of node2vec feature matrix and GNN
feature matrix.

2.2.2 Node2vec

Node2vec is a DeepWalk[14] based algorithmic framework for learning on graphs. Compared to
regular deep walk algorithm, it adopts a biased random walk algorithm using two parameters p and q to
control the direction of random walks. Parameter p controls the probability of revisiting a node immediately
and parameter q controls walking direction of inward or outward. Figure 2 demonstrates how the biased
random walking algorithm choose next visiting node[6]. By tuning p and g, the learned node embedding
should contain information about the neighbor structure and global role information simultaneously[6]:

Figure 2. Random walk with parameters p and

Moz = Oipg(t, ) - Wys (1)
2 ifdi=0

Qpg(t,x) = {1 if diz=1 (2)
¢ if de=2,

where myy is the unnormalized probability of visiting node x next at node v, t denotes the previous visited
node, dix denotes the distance between node t and x, wyx denote the weight of the edge between node v and
X [6]. We set default edge weight of 1 for all edges. To be more specific, increasing p can decrease the
probability of visiting the previous visited node, increasing ¢ can decrease the probability of visiting a node
that is not connected to the previous visited node. In other words, increasing the probability of walking
outwardly. Visiting a node that is connected to the previous node is constant.

Node2vec first performs random walk starting from each node and repeat for several times (five by
default) then taking nodes as words and paths as sentences and utilize skip-gram [10] architecture to optimize
a mapping function f :\VV >E", which maximizes the log-probability of observing a network neighborhood
N(l) for a node p conditioned on its feature representation:

max > LogPr(N (1) f (1)), ®3)

peV

where V denotes drugs and E" denote learned embedding. After training, we get drugs embedding E" €
R™<4n where n denotes the number of drugs and d, denotes the dimension of node2vec drug embedding
scalars.

2.2.3 Graph Neural Networks (GNN)



GNN models seek to optimize an updating function: f : E"-> ! EY, where E" denotes node2vec drug
embedding and E? denotes GNN drug embedding. After training, we also should get drug representations
E9 € R™**4¢, GCN builds on concepts from convolutional neural networks (CNNs) for images and extends
them to arbitrary graphs by constructing locally connected neighborhoods from the input graphs. These
neighborhoods are generated efficiently and serve as the receptive fields of a convolutional architecture,
allowing the framework to learn effective graph representations[12]. In practice, the equations (4), (5), (6)
shows GCN model's forward updating algorithm:

EMY) — (D 3 AD IEOW®) (4)
A=A+1Iy (5)
Di=>Y 4, (6)

where E®denotes current embedding of drugs, 4 is the DDI graph adjacency matrix with self-loop, D is
diagonal matrix, each element in its diagonal represents one node's degree, which is the number of total
interactions for one drug, o is activation function. In each forward message propagating process, GCN
model will transfer adjacency matrix into a Laplacian matrix, which is basis of spectral decomposing. Then
multiplying it with current features matrix and pass through a one-layer neural network. Figure 3 (a)
demonstrates the structure of a GCN model.

GraphSAGE is an inductive graph embedding algorithm. It learns the embedding of nodes by
sampling and aggregating neighborhood nodes features. Figure 3 (b) shows the overview of GraphSAGE
model. For each target node, GraphSAGE model will first aggregate embedding within hop k, then
concatenate it with target node's current embedding and pass through a one layer of neural network. In
practice, we utilize the following equations:

ER () = Aggregatex(E*~",Vp € N(v)) (7)
Ef = o(W*CONCAT(ES, Ex))s (8)

where k denotes depth, N(v) denotes neighbors of node v, u is one of the neighbor nodes, the aggregate
function can be averaging or multiplying. With deeper of k, GraphSAGE is able to aggregate more layers of
neighbor information for each drug.
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Figure 3. Structure of Graph Convolutional Network model () ; structure of GraphSAGE model (b)

Graph Attention Networks (GATs) adopt the multi-head attention mechanism to learn drug
embedding. Multi-head mechanism means utilizing attention mechanism for multiple times and
concatenating calculated attention weights. Figure 4 demonstrates a GATs model with 3 attention heads.
Each line indicates a "head" of attention weights.
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Figure 4: Structure of Graph Attention Networks model

Equations (9) and (10) show how the attention weights are calculated:

exp(o(a’ [WE;||WE;]))

ki; = 9

1 eew PO WEIWE]) )

E; =ln=10( ) ayWEy), (10)
JEN (i)

where T means transpose, || denotes concatenation, a denotes a one-layer attention network's parameters, W
denotes parameter matrix, H denotes the number of attention heads. Each drug will aggregate attention
weights of all interacting drugs.

2.2.4 Classifications
In this section, we will use yjj to denote the ground truth of whether it and j™ drugs have interaction

for all equations and use E to denote either type of drug embedding.

Inner Product(IP) is the simplest classifier compared two other trees. It just uses the dot product of
two drug representations to make prediction:

0 J(ZiiD[Ei ® Ej)e) < 0.5
1 otherwise,

h(E;, E;) = { (11)

where E; and E;j denote embedding of the i"and the j drugs . We use the Hardmard product as the input for
the four classifications, so we summarize the product to replace the dot product. The loss function L is
defined as:

L=—lc:-gz E EE"Ej—log1—E Z ETE;, (12)

i jeN(i) i jeNS(i)

where N(i) and NS(i) denote neighbor and negative sampling of the it drug respectively.

Logistic regression(LR) is a statistical model that in its basic form uses a logistic function to model a
binary dependent variable. The logistic regression model uses the following equation make predictions:
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h(E;, E;) = 0()_ Br(E: © Ej)x + Bo), (13)
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where 8 denotes regression weights, E; and Ej are drug embedding. We also adopt cross entropy to calculate
loss and use backward propagation to optimize weights. The loss function can be defined as:

L = —yi;log(h(Es, Ej)) — (1 — ys;)log(h(Es, E5)),  (14))

Soft decision tree (SDT) is a classification method improved from standard decision tree. There are
2 types of nodes in a SDT: inner node and leave node. Figure 6 demonstrates the structure of a SDT with a
single inner node and two leaf nodes, where ¢ is activation function, w and b are weight matrix and bias. In
practice, inner nodes are used to determine the path and leaf nodes are used to make predictions. When
reaching a leaf node, the SDT will use the following equation to make prediction:
hE. E;) = {argmar(Qg} cr(:mu—fb} < 0.5 (15)

argmaz((Q,) otherwise,

where Qjand Qy are positive and negative samples distribution at the node. SDT model can consist of
multiple levels. With the increasing of the depth of the SDT, the training time will grow significantly. So
we set max depth of 8 to limit the growth of the tree. In the original paper[4], the author offered 2 different

ways to make predictions:
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Figure 6. Structure of a soft decision tree

1. Following the path with greatest possibility and making prediction based on the distribution of the
reached leaf node.
2. Weighted averaging all leaf nodes' distribution using respective path probabilities.

In this paper, we adopted the second method, and the loss function can be defined as:

L=—log( > Pl(2)) TulogQi) (16)
leLeafNodes k
exp(i}.)

I P
R =TT B

(17)



where T is target distribution, P'(x) is the probability of arriving at I"" leaf node given the input x. Q'xdenotes
the probability distribution at the Ith leaf, and each @ is a learned parameter at that leaf.

Deep Neural network (DNN) is known to be a better performing classifier. In this paper, we
implemented a three-layer perceptron’s model to make prediction. We adopted ReLU[11] activation
function between hidden layers and Softmax activation function just before the output layer, so that the
output of DNN can be considered as the probability of each class. DNN model uses the following equation
to make predictions:

h(E;:, E;) = argmax o (f(E; © E;:8)), (18)

where f is the mapping function of the DNN classifier, 8 denotes all parameters in the DNN model. We also
adopt cross entropy to define loss. The loss function can be defined as:

P(E:, E;) = max (o(f(E: @ Ej;0)))  (19)
L = yi; -log P(E;, E;) + (1 — yi5) -log1 — P(E;, Ej), (20)

where function P denotes the probability of the prediction.

3. EXPERIMENT

3.1 General Setting

All models in this paper were developed using Pytorch[13] and Pytorch geometric[3]
libraries.

3.1.1 Negative Sampling

One special problem in DDIs prediction is that we don’t have a reliable negative dataset.
Meta-learning is a solution under such circumstances[16] and achieved good results of DDI
predictions. We can just randomly sample negative edges which do not exist in our dataset. But this
approach may include potential positive edges into negative set, which can be a serious problem
considering major DDI adverse effects which threat human lives. Hence, we performed negative
sampling on older DrugBank dataset while assuring the edges in the negative set won’t appear in the
latest version of DrugBank dataset and conducted the case study using the latest DDI dataset.

3.1.2 Evaluation Metrics

When training the models, we adopted five evaluation metrics for measuring the
performance of the models, such as Area Under Curve(AUC), Average Precision(AP), Accuracy,
Recall rate, and F-1 score. We used AUC as the primary metric and preserved the model with the
highest AUC on validation set for testing.

To verify the effectiveness and robustness of our models, 5-fold cross validation was
performed. We randomly split the dataset into five subsets. For each fold, we further split 10%
training set for validation and preserved the model with best validation performance for testing.

Due to the uncertainty of negative sampling and random walks process of node2vec, each
set of experiment parameters were repeated for five times and the average test performances were
compared, and the best performing model was identified. In practice, we trained each model using
different parameters for 500 epochs and preserved the model with highest validating AUC. Then
average testing AUCs were compared to decide which model achieved the best performance.

3.2 Parameter Setting

Node2vec and GNN models have their own unique parameters, and we will discuss how we
set up these parameters to generate optimal output in our experiments.

3.2.1 Node2vec



For node2vec model, we optimized five parameters: p € {0.5,1}, q € {0.5, 1} which control the
directions of random walks, embedding dimension d,, € {8, 16,32, 64,128, 256}, walk length w and walks
per node n, context size s. We didn't define the scope of w, n, and s because empirically longer walks, more
walks per node, and larger context size would extract more information. Hence, we tried to optimize other
three parameters first and then improved it by increasing the three parameters until model's testing
performances were converged.

3.2.2 Graph Neural Networks

The different combinations of GNN models and classifiers may also create performance
differences. Therefore, we enumerated all possible combinations and conducted experiments to
determine their best performance. For each pair of GNN model and classifier, we considered
following parameters: node2vec embedding dimension dn € {32, 64, 128}, GNN embedding
dimension dg €{32,64,128}.

GNN models can take any dimension of input and output. Hence we first conducted
experiments to determine which combination of d, and dq was the best for each GNN model. The
three GNN models/encoders have their own unique parameters. For GCN, we considered the
number of convolution layers ¢ € {1, 2,3}. For GAT, we considered the number of attention
heads a € {1, 2, 3}. For GraphSAGE, we considered the depth of sampling and aggregating k €
{1, 2, 3}. For all GNN encoders, we used ReLU[11] as activation function between hidden layers
and used dropout layer to avoid overfitting[18]. For dropout layers, we considered dropout rate
Ee {0, 0.1, 0.2, 0.3, 0.4, 0.5}. For all classfiers/decoders, we used Sigmoid activation function
when generating output.

3.3 Experimental results

3.3.1 Performance of Node2vec

Empirically, dn and the number of training epochs would lead to major performance
differences. Hence, we first conducted experiments to determine the best dn for each classifier
by settingp=1,q=1, w= 80, n= 10, s = 10 as default parameters. Then we compared each
classifier’s best performances with their best dn after different training epochs. Finally, we tuned
p and q parameters and increased w, n, size parameters until classification performance is
converged. Table 1 demonstrates the classification performances of node2vec for the four different
classifiers. After GAE models were tuned with thw best parameter values, we compared their
performances.

Table 1: Node2vec model’s performances for different classifiers

Classifier AUC AP Accuracy Recall F-1
P 0.8805 0.3832 0.7239 0.9257 0.7702
LR 0.9323 09241 0.8610 0.8370 0.8575

DNN 0.9473  0.9393 0.8845 0.8647 0.8822
soT 0.8349 0.7674 0.6491 0.6248  0.6403

3.3.2 Performance of GNN

When optimizing GAE models, we adopted a consistent strategy. Empirically, the length of
node2vec scalar, the length of GNN scalar and the structure of GNN models would make major
performance difference. So, we first conducted our experiments to find the best combination of
the node2vec scalar and the GNN scalar length for each GNN model with all classifiers. Then we
selected the best structure of each different GNN model and tried to optimize other parameters. To
compare the performances of node2vec and GNN embedding learning straightforwardly, we
demonstrated the performance of each embedding learning for the same classifier applied.

Inner Product(IP). Figure 7 (a) demonstrates the experimental results of 1P classifier. We



can see that all three GNN models’ performances are better than node2vec performance for any
metric. GCN achieved its best performance when the parameter values were ¢ = 2, d, = 128,
dg = 128, GAT when a = 3, d, = 64, dy = 128, GraphSAGE when k = 2, d,, = 64, dgq = 32.

Logistic Regression(LR). Figure 7 (b) demonstrates the DDI prediction performance
comparison of all models when LR classifier was applied. The three GNN models performed
significantly better than node2vec. When LR classifier was applied, GCN performed best with the
parameter values ¢ = 2, d, = 128,dy = 128, GAT with a = 3,d, = 128,dy = 128,q = 0.5,
GraphSAGE with k = 2, d, = 128, dy = 64.

Soft Decision Tree(SDT). Figure 7 (c) demonstrates the result of SDT classifier for all
models. All three GNN learned models outperformed original node2vec embedding.

Deep Neural network (DNN). Figure 7 (d) demonstrates the results of DNN classifier.
Again, all three GNN learned models outperformed the original node2vec embedding. With
DNN classifier, GCN performed best with parameter values ¢ = 1, d, = 128, dq = 128, p = 0.5,
GAT with a = 3,d, =128,d4 = 128,E = 0.2, GraphSAGE with k = 2, d, = 128, dg = 128.
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Figure 7: Classification results obtained using IP classifier (a); LR classifier (b); SDT classifier (c); DNN classifier (d).
Each line in all figures indicates the performance of each algorithm for the specific classifiers.

Table 2 demonstrates the classification performance comparison of all embedding leaning algorithms
for each different classifier. We can see that GNN models outperformed node2vec for any classifier
and in any evaluation category.



Table 2. Performance comparison of GAE models and node2vec for all classifiers. All GAE models outperformed node2vec
in all classification and in all evaluation categories

Model AUC AP Accuracy Recall F-1

Node2vec+IP 0.8805 0.8832 0.7239 0.9257 0.7702
GCN+IP 0.9465 0.9433 0.8325 0.9588 0.8513
GAT+IP 0.9457 0.9356 0.8416 0.9650 0.8590
SAGE+IP 0.9579 0.9586 0.8499 0.9588 0.8647
Node2vec+LR 0.9323 0.9241 0.8610 0.8370 0.8575
GCN+LR 0.9659 0.9640 0.9012 0.8682 0.8979
GAT+LR 0.9808 0.9749 0.9369 0.9413 0.9371
SAGE+LR 0.9837 0.9816 0.9376 0.9171 0.9363
Node2vec+DNN 0.9473 0.9393 0.8845 0.8647 0.8822
GCN+DNN 0.9802 0.9790 0.9383 0.9097 0.9365
GAT+DNN 0.9898 0.9910 0.9611 0.9635 0.9612
SAGE+DNN 0.9817 0.9817 0.9443 0.9196 0.9429
Node2vec+SDT 0.8349 0.7674 0.6491 0.6248 0.6403
GCN+SDT 0.8847 0.8264 0.8249 0.8133 0.8228
GAT+SDT 0.8517 0.7895 0.7980 0.8232 0.8030
SAGE+SDT 0.8644 0.7973 0.7524 0.7274 0.7460

Table 3. The improvements made by the GAE models for all classifiers

model AUC AP  Accuracy Recall F-1
GCN + IP +6% +6%  +11% +3%  +8%
GAT + IP +6% +5%  +12% +1%  +8%
SAGE+1IP +T% +7% +13% +3% +9%
GCN +LR  +3% +4% +4% +3% +4%
GAT + LR +5% +5% +7% +11% +T%
SAGE + LR  +5% +6%  +7% +8%  +8%

GCN + DNN  +4% +4% +5% +4% +5%
GAT + DNN  +4% +6% +8% +10% +8%
SAGE + DNN +4% +5% +6% +5% +6%
GCN + SDT +5% +6% +8% +5% +8%
GAT + SDT  +2% +2% +15% +10%  +16%
SAGE + SDT  +3% +3% +11% +10% +10%

In summary, referring to the architecture of GAE model, we designed our DDI prediction
workflow where learning models can be used as encoders and classifiers can be used as decoders.
We first trained and optimized node2vec models; then using the node2vec embedding as input, we
trained GNN models to further improve their predicting performance using the same classifiers
(decoders) used on node2vec embedding. Setting up the best predicting performances of node2vec as
benchmark, we built our GAE models. After GAE models were optimized, we compared their best
performances against the node2vec benchmark performances, which are shown in Table 2. We
observed that the predicting performances of the GNN learned models outperformed the
benchmark performances of node2vec in all categories as shown. Table 3 demonstrates the
improvement scales of GNN learned models in all evaluation categories. Accuracy and F-1 scores
of the GNN models were significantly improved when IP classifier/decoder was applied. When
LR classifier/decoder was applied, GAT and GraphSAGE performances were improved more
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significantly than GCN performance, especially for the recall values.
4. CONCLUSION

In this paper, based on the great prediction performance of GNN based representation
learning models, we examined if GNN models can improve the performance of representation
learning algorithms. We examined the performance of GNN based models on DDI prediction.
We evaluated different GNN models against one of the most classic representation learning
algorithms, called node2vec. Our experimental results showed that all three GNN models
outperformed all node2vec based models. This means GNN drug embedding contained more
information than plain node2vec embedding. Among the three GNN models, GAT achieved
the best performance in DDI prediction. From the final experimental results, GNN models
could improve node2vec performance by 3% at least and upto10%. In the future, we consider
examining whether GNN can be used to improve other representation learning algorithms such as
SDNE and analyzing the performance difference in a wider perspective.
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