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Abstract: Predicting the side effects caused by drug combinations may facilitate the prescription of
multiple medications in a clinical setting. So far, several prediction models of multidrug side effects
based on knowledge graphs have been developed, showing good performance under constrained
test conditions. However, these models usually focus on relationships between neighboring nodes
of constituent drugs rather than whole nodes, and do not fully exploit the information about the
occurrence of single drug side effects. The lack of learning the information on such relationships and
single drug data may hinder improvement of performance. Moreover, compared with all possible
drug combinations, the highly limited range of drug combinations used for model training prevents
achieving high generalizability. To handle these problems, we propose a unified embedding-based
prediction model using knowledge graph constructed with data of drug—protein and protein—protein
interactions. Herein, single or multiple drugs or proteins are mapped into the same embedding
space, allowing us to (1) jointly utilize side effect occurrence data associated with single drugs and
multidrug combinations to train prediction models and (2) quantify connectivity strengths between
drugs and other entities such as proteins. Due to these characteristics, it becomes also possible
to utilize the quantified relationships between distant nodes, as well as neighboring nodes, of all
possible multidrug combinations to regularize the models. Compared with existing methods, our
model showed improved performance, especially in predicting the side effects of new combinations
containing novel drugs that have no clinical information on polypharmacy effects. Furthermore, our
unified embedding vectors have been shown to provide interpretability, albeit to a limited extent, for
proteins highly associated with multidrug side effect.

Keywords: knowledge graph embedding; polypharmacy; multidrug side effect; neural networks;
interpretability

1. Introduction

Polypharmacy refers to the simultaneous use of multiple medications to treat health
conditions. The concurrent use of multiple drugs often increases the risk of adverse drug
reactions due to their overlapping or interacting effects. For example, certain drug com-
binations can cause abnormal symptoms, such as dizziness, depression, confusion, and
hallucinations [1]. Occasionally, these side effects are severe enough to require hospital-
ization [2,3]. Therefore, the prediction of the negative effects of polypharmacy as well as
appropriate preparation for such effects are of utmost importance.

In order to predict the side effects or drug-drug interactions of multidrug adminis-
tration, computational techniques have been widely used because physical testing of all
types of drug combinations is impractical. To this end, different types of data such as
drug molecular structures [4], drug—protein interactions [5], and transcriptome data [6]
were employed to train models. Moreover, some recent studies [7-16] utilized knowledge
graphs constructed from various biomedical data to better predict multidrug side effects.
These data types primarily include drug—protein, protein—protein, drug-pathway, drug-
disease, and tissue—protein interactions. Each node in the knowledge graph can represent
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a drug, protein, pathway, cell, chemical substructure, or disease. Edges between nodes
can represent different types of interactions between all biological entities represented by
the nodes.

In the previous studies employing knowledge graphs [8,11,13-16], all types of drug-
protein interactions are treated as a single edge type without subtype. Similarly, protein—
protein interactions were treated as a single type without distinction between different
subtypes. Despite such a simple graph structure, the models showed good performance
in predicting multidrug side effect. Recently, several studies [10,15] have employed more
complex graph structures that distinguish node or edge subtypes. For example, Yu et al. [10]
used a graph that includes 11 node types (such as drugs, proteins, pathways, gene ontology,
and disease) and 24 edge types. However, the effectiveness of complex graphs were
not shown on predictive performance. Rather, it is possible that very complex graphs
lead to performance degradation of the model due to learning many parameters defined
for subtype.

In order to make it easier manipulating knowledge graphs in real-world applications,
many attempts have been made so far to embed the components of knowledge graphs into
low-dimensional vector spaces [17,18]. For example, some studies [10,14,16] have used
graph convolution networks to refine a node’s embedding vector by simply initializing
the node embedding vector and repeatedly propagating it to neighboring nodes. On the
other hand, in studies such as TransE [19], TransR [20], ComplEx [21], and DistMult [22],
nodes were expressed as deterministic points in a vector space and the relationships
between nodes were taken as operations in the vector space. Methods similar to these were
applied in Yao et al. [8] and Novacek et al. [11] for polypharmacy side effect prediction.
Alternatively, random walks-based algorithms such as node2vec [23] and edge2vec [24]
were developed to learn low-dimensional node representations in graphs. The node2vec has
been used for comparative purposes in several related studies for predicting multidrug side
effects [7,11,14]. In recent years, hypergraphs in which hyperlinks can connect two or more
nodes are being explored in order to represent complex higher-order relationships [25,26].
Recent works on the use of hypergraphs for biological network analysis is presented in [27],
but its potential has not yet been fully exploited for multidrug side effect prediction.

Although several studies [7-16] have successfully used knowledge graphs to predict
multidrug side effects and improve model predictive performance or interpretability, they
have not fully utilized some of the available information. For example, they mainly
focused on learning the relationships between drug-drug characteristics and side effect
occurrences into models. Therefore, the relationships between single drug characteristics
and side effect occurrences were not considered important. In addition, only relationships
between neighboring nodes around target drugs have been usually explored, while other
relationships over the graphs were often ignored. If two nodes are not so close to each other,
but there are numerous paths between them, they may have a strong relationship. Hence,
it seems worthwhile to consider the relationships between drugs and all other biological
entities (e.g., proteins) over the graphs, regardless of their closeness.

In this study, we aimed to improve the generalizability of a multidrug side effect
prediction model by embedding the components of the knowledge graph constructed
from drug—protein interactions and protein—protein interactions into a unified vector space
and using these embedding vectors for model training. We also further exploited the
information on single drug adverse events and the relationships between drugs and all
other nodes (i.e., proteins). Our main contributions are summarized as follows:

e  Weintroduce a unified embedding approach to convert all graph nodes (representing
single or multiple drugs or proteins) into a single embedding space. Side effects
caused by a single drug often contribute to multidrug side effects in polypharmacy.
This single drug side effect information can help predict the side effects of various
multidrug combinations. Herein, we proposed a unified embedding approach that
enables the learning of single drug side effect information along with that of multidrug
combinations. In this approach, all biological entities represented by nodes in the
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knowledge graph are mapped to their corresponding n-dimensional vectors that exist
in the same embedding space.

e  We employ unified embedding vectors to leverage the side effect data related to single
drugs as well as multidrug combinations. The embedding module in the proposed
method generates the same n-dimensional vector for any given single or multidrug
combination, regardless of the number of its constituent drugs. Thus, predictive model
training is possible using data from single as well as multidrug combinations (labeled
on the side effects that have occurred) represented by unified embedding vectors in
the same latent space.

o  We utilize relationships between nodes (including distant nodes) for model regulariza-
tion. Another feature of the proposed model is its ability to utilize the relationships
between drugs and all other biological entities shown over the knowledge graph. In
particular, for each single or multidrug combination, we computed the values of its
connectivity strength to proteins, which indicate how closely its constituent drugs
are related to each protein in the graph. We then used these connectivity strengths to
regularize the model.

e  We use virtually created multidrug combinations for model regularization. To mitigate
the risk of overfitting to a limited number of drug-drug samples labeled with side
effects, we produced virtual multidrug combinations (actually virtual drug pairs)
created with all possible pairs of single drugs and then used them for model reg-
ularization. Herein, a virtual multidrug is a combination of available single drugs
with no label information. This allows our model to reflect the characteristics of all
possible drug combinations as well as those of labeled drug—drug samples during the
embedding process.

e  We provide the interpretability of proteins significantly associated with multidrug side
effects. The embedding vectors of multidrug combinations and proteins represented
in a unified vector space enable us to identify proteins that are more influential in
producing specific side effects. This can be achieved through the identification of
proteins that are relatively close to multidrug combinations associated with a specific
side effect, based on connectivity strengths between multidrug combinations and
proteins in the embedding space.

2. Methods

Our proposed method is based on knowledge graphs in which each drug node is
connected to at least one protein. The method projects all single and multidrug combina-
tions onto the same embedding space (Figure 1) and then utilizes the obtained embedding
vectors for polypharmacy side effects prediction. This method consists of the following
three steps. First, all nodes (of single drugs and proteins) in the graph are embedded into
their corresponding n-dimensional vectors using node2vec algorithm, producing initial
embedding vectors for single drugs and proteins. Second, a multidrug combination is
treated as a node in the graph, and the hypothetical nodes for multidrug combinations are
added to the original node set. Then, the embedding vectors of all nodes included in the
expanded node set are produced (or reproduced) using initial embedding vectors as inputs
to a unified embedding module. Consequently, single drugs, proteins, and multidrug
combinations are represented by n-dimensional embedding vectors that exist in the same
latent space. Finally, the prediction module is trained with labeled data of single drugs
and multidrug combinations. During this process, all parameters of the embedding and
prediction modules are optimized to minimize the predefined loss function while retaining
the properties of the node relationships shown in the knowledge graph as much as possible.

2.1. Initial Embedding

Each node in the knowledge graph was fed into the node2vec [23] method, which
generated a 128-dimensional embedding vector. The vector size is then normalized to 1.
These vectors are hereafter referred to as the initial embedding vectors. We selected all
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hyperparameters of the node2vec algorithm, including the number of dimensions, as used
in the original study.

Embeddlng

N OC) An embedding vector for
the multidrug consisted of

- O .A drugs D; and D,

Figure 1. An illustration of the core idea of this study based on a toy example. The embedding vectors
of single drugs, multidrug combinations, and proteins are constructed such that they exist in the
same latent space. A multidrug is embedded in the position where the properties of its constituent
drugs are superimposed.

2.2. Unified Embedding

In this step, the initial embedding vectors of the original graph nodes were used as
inputs for multidrug combinations or single drugs or proteins to the embedding modules
of the proposed model. This was performed to represent both hypothetical multidrug and
original graph nodes in the same embedding space because the initial embedding vectors
obtained in the previous step were produced only for nodes in the original knowledge
graph, which correspond to single drugs or proteins. In other words, to project both
multidrug and single drug nodes into a unified embedding space, all original graph
nodes were retrained, whereas the hypothetical multidrug nodes were newly trained. We
considered the relationships between original nodes for newly embedding both multidrug
and original nodes. The resulting embedding vectors were finally normalized to the size of
1. Consequently, 256-dimensional vectors corresponding to all single drug, multidrug, and
protein nodes were obtained in the unified embedding space.

2.3. Model Architecture

Figure 2 shows the overview of the proposed model for multidrug side effects predic-
tion. This model is mainly divided into two parts: embedding and prediction modules.
For a given multidrug combination, the initial embedding vectors of its constituent drugs
are given as input to the embedding module. Here, the multidrug combination includes a
drug pair as well as single drug to consistently control single and multidrug inputs, i.e., a
single drug is considered a multidrug combination consisting of one drug. Theoretically, all
multidrug input data can be fed into the embedding module without limiting the number
of drugs constituting the multidrug combination. However, owing to the limitations of the
present labeled data, we could test only multidrug combinations comprising up to two
drugs. As the output, one unified embedding vector was produced for a given multidrug
combination, regardless of the number of constituent drugs. The unified embedding vector
of a multidrug combination reflects its associated side effect information and connectivity
strengths from its constituent drugs to related proteins. This embedding vector is regarded
as a multidrug embedding vector.

The detailed description of the embedding module is as follows. It consists of a fully
connected neural network with 1 hidden layer, where the hidden layer has 384 dimensions.
Given a multidrug, the output vectors of the hidden layer for constituent drugs were
summed to combine individual drug characteristics. The activation function of the hidden
layer was LeakyReLU [28], whereas that of the output layer was hyperbolic tangent. The
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summed vector was then normalized to 1. Herein, all constituent drugs of a given multidrug
do not have separate learning parameters; instead, they share the same parameters.

Stepl: Initial embedding

Knowledge graph
- 284 drug nodes
- 19,089 protein nodes

e

Step2: Unified embedding &
Side effect prediction

A multidrug md
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Figure 2. Overall structure of the proposed method for multidrug side effects prediction. For a given
multidrug, the model yields an embedding vector representing this multidrug and generates its
prediction scores for k targeted side effects from this vector.

The prediction module receives a multidrug embedding vector as Input and produces
prediction scores for targeted side effects as output. This module is a fully connected layer
without hidden nodes, where a sigmoid function was used as the activation function. Com-
pared with the embedding module, the prediction module has a simple structure because
our model was designed to learn drug side effect information more in the embedding
module than in the prediction module. This allows interpretability of side effects using the
embedding vectors.

2.4. Learning Objective and Loss Function

The common goal of learning in the embedding and prediction modules was to predict
the side effect label as accurately as possible. For this purpose, the occurrences of side
effects induced by multidrug combinations were used as labels for learning. To calculate
the learning loss, we used a binary cross entropy function. Another goal of learning in the
embedding module was to appropriately reflect the connectivity strength (cs) between a
hypothetical multidrug node and its related proteins shown in the knowledge graph. To
this end, we assumed that the cs between the multidrug combination md and the protein p
in the graph is the largest cs value between the constituent drugs of md and protein p in the
initial embedding space. It is to place importance on and preserve the information about
the strongest influence that md can have on p. Specifically, the cs between md and p was
calculated as follows:
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Initial embedding space:

csl(md, p) = max CosSim (Ufi, vf,) 1)

Unified embedding space:
csu(md, p) = CosSim (v%d, vpu) ()

where CosSim is the cosine similarity, v} is the initial embedding vector for a node 4, d is a
drug constituting md, and oY is a unified embedding vector representing x.

Y. BCE(Lya, Lya) + ) MSD(md, P) 3)
md€MD)gpeleq md€MDigpereq ) MDypiapeled

The final loss function of the proposed model is thus given as follows: where MD;pej0q
is a set of labeled multidrug combinations, MD,1.pc1¢4 is @ set of unlabeled virtually
generated multidrug combinations, BCE is the binary cross entropy loss function, L,,; is the
list of the actual labels of md, L, is a list of prediction scores for md, a is a hyperparameter,
and p is a protein set. MSD(md, P) is the mean squared difference of connectivity strengths
from md to proteins in the initial and unified embedding spaces, which was calculated by

_ 1

MSD(md, P) = 7

2

Lpep(cs'(md, p) — st (md, p))". 4)

Here, MSD serves as a regularized term for calculating the final loss. In the previ-
ous expression, « indicates the role of tuning the impact of the regularization term. To
strengthen the generalizability of the prediction model, virtually generated multidrug
combinations were additionally considered for regularization. All embedding vectors of
multidrug combinations (including single drugs), virtual multidrug combinations, and
proteins were obtained by minimizing the loss function. Thus, these vectors are present in
the same embedding space. The learning process for our proposed model is summarized
in Algorithm 1.

Algorithm 1. Pseudo code for training the proposed model

G: The knowledge graph consisting of drug and protein nodes.

Md: A multidrug (i.e., a set of one or more drugs).

MDpereq: Training data of multidrug combinations labeled with side effects.
MD 1apeled: Training data of multidrug combinations virtually generated.
vl: An initial embedding vector of a node a.

VI . . A setof initial embedding vectors for given nodes.

nodes*
o! . A unified embedding vector of a multidrug md.

L:Tii A set of side effect labels of a multidrug mad.
EmbNN: Neural networks of embedding module.
PredNN: Neural networks of prediction module.
Function EmbModule(x)

If x is a multidrug do

0 4 Y jex EmbNN (0})

Elself x is a protein do

v < EmbNN(vl)

EndIF

Return normalize_vector_size(v)
EndFunction

Function get_loss_by_connectivity_strength(vg d,Vrﬁ 4

Vi)
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Algorithm 1. Cont.

loss < 0
For each protein p € P do

I : I I
cs'(md, p) + %al%(CosSzm (vd, vp>
cs! (md, p) < CosSim(vYl,, EmbModule(v},))

loss < loss + 5 (cs! (md, p) — csY (md, p))2

1Pl
EndFor
Return loss
EndFunction
Vil dru g5 Vul”_pr steins) < Set_initial_embedding_vectors_for_all_nodes(G)

Initialize the weights of EmbNN and PredNN randomly.
Set « as a positive value.
For 1 to Iterations do
loss <+ 0
P < Randomly select 1000 among all proteins.
For each multidrug md € MD)p01,0 U MDD, 1000104 dO
v%de EmbModule(md)
If md € MDlabeled do
tmd < PredNN (v%d) X
loss « loss + get_loss_by_binary_cross_entropy(L,, ;,L, 1)
EndIF
loss < loss + (x*get_loss_by_connectivity_strength(v% d,Vnﬂ '
EndFor
Adjust the weights of EmbNN and PredNN to reduce the loss.
EndFor

Vi)

3. Experiments and Results
3.1. Dataset

For this study, we used the publicly available data provided by Zitnik et al. [14], which
contains information on drug—protein and protein—protein interactions as well as drug-
drug and single drug side effects. We selected 284 drugs that had at least one target protein
and 19,089 proteins that were either related to these drugs or interacted with at least one
other protein; this is because information on the relationship between each drug and protein
is essential for learning our proposed model. After preprocessing to remove duplicates
from the data, we obtained 18,690 drug—protein and 715,612 protein—protein interactions.
Drug-drug interactions were not utilized for constructing the graph. Thus, the resulting
knowledge graph included single drugs and proteins as nodes and protein—protein and
drug-protein interactions as edges. For the labeled data of multidrug combinations, we
used 14,247 pairs of previously selected 284 drugs, in which each drug pair was labeled
with 1308 side effects. For single drug data, only 244 of 284 drugs were labeled with
1308 side effects.

3.2. Experimental Setup

A model for predicting multidrug side effects was trained using the labeled data
of drug pairs and single drugs. In addition, virtually generated drug pairs from the
284 drugs were employed without labels to regularize the model. For model training,
Adam optimizer [29] was used at the learning rate of 0.01. The Hu method [30] was used
to set the initial values of learning parameters. The learning was stopped if performance
on validation data did not improve after 500 consecutive epochs.

As targeted side effects, we selected 200 side effects that were used chosen by Yu
et al. [10]. The prediction performance was measured for each targeted side effect s, while
drug pairs containing single drugs that cause the targeted side effect s were excluded from
the test data, as done in a previous study [14]. To handle the data imbalance issue between
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positive and negative samples in test data, we randomly selected as many negative drug
pairs as positive drug pairs for each side effect.

For evaluation, we considered two types of drug pair inputs, termed DPU and non-
DPU, respectively, and conducted experiments for each of term separately. The DPU and
non-DPU inputs are defined as follows:

e  DPU: Drug pair including drugs unused in labeled multidrug combinations included
in training data.

e  Non-DPU: Drug pair consisted of only drugs used in labeled multidrug combinations
included in training data.

The prediction performance for DPU inputs indicates how well the model predicts
side effects for drug pairs including new drugs for which multidrug clinical information
is unknown. Thus, this performance will be of interest to clinicians who want to use new
drugs in combination with other drugs.

3.3. DPU Side Effect Prediction

Data splitting procedure: We split all given drug pair samples labeled as adverse
events into training, validation, and test datasets to evaluate prediction performance for
DPU inputs. Specifically, single drugs were first divided into five groups for five-fold cross
validation. Then, at each iteration, labeled drug pairs consisting only of drugs belonging to
four groups were used as training data, while labeled drug pairs containing at least one
drug belonging to the remaining group were divided into half for validation and half for
test data. Moreover, virtual drug pairs generated based on the given 284 drugs were added
to the training data to include all possible multidrug combinations that were not originally
present in the training data.

Performance evaluation: The performance of the proposed model was evaluated
in two aspects. The first aspect relates to the effectiveness of additionally using labeled
single drug data to train the model, and the second aspect relates to the appropriate range
of data used for regularization when training the model. As an option for the second
aspect, only the multidrug combinations included in original training dataset were used, or
virtually generated multidrug combinations were used in addition to the given multidrug
combinations. Table 1 shows changes in performance of model prediction with respect to
these two aspects. Here, each of the model characteristics is observed to be highly effective
in improving the generalizability for multidrug side effects prediction. Although virtually
created drug pairs do not always seem to help improve predictive performance, they are
observed to significantly improve performance if single drug label data are used together
with drug pair label data for learning. Therefore, it is recommended to simultaneously use
single drug and drug pair data for model training, with regularization based on all given
drug pairs and virtual drug pairs.

Comparison with existing methods: For comparative study, we applied two existing
methods (Decagon [7] and DistMult [18]) for model training with our data. This is because,
to the best of our knowledge, the prediction performance for DPU input data has not been
reported in previous studies using knowledge graphs. As results show in Table 2, the
proposed model showed the highest performance with AUC of 0.708 compared to Decagon
with AUC of 0.531 and DistMult with AUC of 0.577. This performance improvement
demonstrates the effect of using labeled single drug data and a regularization term in the
loss function. Moreover, even at the baseline model using no labeled single drug data and
no regularization, our model showed better performance as AUC of 0.618 than the models
based on existing methods. However, this may be because existing methods need to learn
far more parameters than our model, and thus can overfit the training data. Using more
extensive data for training might help to improve their performance.
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Table 1. DPU side effects prediction performance for the 200 targeted side effects with respect
to model characteristics. The performance is based on AUC (Area under the receiver operating
characteristic curve) and AUC-PR (Area under the curve of Precision-Recall) averaged over 200 side
effects. The hyperparameter awas set to 0.7 at which our model showed highest performance in
predicting DPU side effects.

Model Labeled Data for Training Data for Regularization
ode
Type . . Drug Pairs Included  Virtually Created AUC AUC-PR  Accuracy  F1-Score
yP Drug Pairs Single Drugs . . .
in Training Data Drug Pairs
Baseline () X X X 0.618 0.618 0.576 0.567
Model 1 @) O X X 0.642 0.645 0.588 0.575
Model 2 O () O X 0.684 0.673 0.600 0.584
Model 3 O X O X 0.690 0.683 0.616 0.602
Model 4 () X O @) 0.685 0.670 0.602 0.582
Model 5 o o o o 0708 0697 0637 0618
(Proposed)
Table 2. DPU side effects prediction performance comparison with existing models trained with
our data.
Labelec! ]?ata for Data for Regularization
Training
Model Type i AUC  AUC-PR  Accuracy F1-Score
P Drug Single Drug Pairs Included Virtually y
. . g Created Drug
Pairs Drugs in Training Data .
Pairs
Existing ~ Decagon [14] @) X X X 0.531 0.529 0.498 0.492
models  pionule [22] o X X X 0.577 0.581 0.531 0.520
Our Baseline (@) X X X 0.618 0.618 0.576 0.567
model Proposed 0 0 0 0 0.708 0697 0637 0618

3.4. Non-DPU Side Effect Prediction

Data splitting procedure: We split all labeled drug pair samples into training, valida-
tion, and test datasets to evaluate prediction performance with non-DPU inputs. Labeled
drug pairs were randomly divided into five folds for cross-validation. Drug pairs of four
folds were used as labeled samples in the training data. Of the remaining fold drug pairs,
50% was used as the test data and the other 50% as the validation data. By observation,
almost all drugs were included in the training data as well as in the test data. Virtual drug
pairs were generated in the same manner as done for the DPU side effects prediction.

Performance evaluation: The proposed method showed reasonably good performance
with AUC of 0.912 also in non-DPU prediction (see Table 3). As with the DPU prediction,
our model characteristics using labeled single drug data and a regularization term in
the loss function have been shown to help improve the generalizability of the predictive
model to some degree. However, unlike the DPU prediction, using virtual drug pairs for
regularization did not affect prediction performance at all.

Comparison with previous studies: We conducted a comparative evaluation of models
reported in previous studies with respect to the prediction performance of non-DPU side
effects. The studies to be used for the comparison were those that included label data
from the TWOSIDES database [31] based on a procedure similar to that used in our study.
The comparison results are given in Table 4. Here, our model showed AUC of 0.912 on
average in the 200 targeted Ses while showing AUC of 0.963 in the 10 Ses with the highest
AUCs. The study by Bang et al. [13] included sample data that was most similar to the
data used in our study, yet our proposed method here showed slightly better performance
than that of Bang’s with AUC of 0.94 in the 10 Ses with the highest AUCs. In addition, our
model performed better in the averaged AUC for targeted side effects (0.912) compared to
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that reported by Zitnik et al. [14] (0.872), although Zitnik’s study had significantly more
targeted side effects and a wider range of labeled drug pairs than our study. On the other
hand, the overall performance of the proposed model was not as good as those of previous
studies using much more labeled drug pairs for training than our study (approximately
4.4 times in many studies). Due to the nature of the proposed method, only drugs linked
to at least one protein were used here. The model’s performance is expected to improve
if more training data are available for our model. Thus, the difference in performance
between our model and the other models may be reduced or even reversed, making our
model better. As evidence supporting this expectation, Table 5 shows that performance of
the proposed model is higher than that of two existing models trained by our data.

Table 3. Non-DPU side effects prediction performance for the 200 targeted side effects with respect
to model characteristics: Here AUC and AUC-PR are presented as average values for 200 side effects.
The hyperparameter awas set to 0.1 at which our model showed highest performance in predicting
non-DPU side effects.

Labeled Data for Training

Data for Regularization

Model Type Drug Single Drug Pairs Included ~ Virtually Created AUC AUC-PR  Accuracy  Fl1-Score
Pairs Drugs in Training Data Drug Pairs
Baseline o X X X 0.893 0.887 0.821 0.818
Model 1 O O X X 0.904 0.895 0.827 0.821
Model 2 (@] (@] (@) X 0.912 0.900 0.835 0.824
Model 3 O X O X 0.912 0.901 0.837 0.827
Model 4 (@] X (@) O 0.912 0.901 0.836 0.827
Model 5 o 0 0 @ 0.912 0.901 0.837 0.828
(Proposed)
Table 4. Performance comparison with previous studies on non-DPU polypharmacy side
effects prediction.
Average of AUCs for Targeted Side Used Resources for
Study Non-DPU Inputs Effects (Ses) Graph Construction Used Data
0.912 in all targeted Ses. . 14,247 labeled drug pairs
Proposed model 0.963 in the 10 Ses with the 200 Ses Dgf;gﬁtﬁgtgp()f)gd and 284 labeled
highest AUC. single drugs.
Zitnik etal, 2018) [14]  0.872 in all targeted Ses. 964 Ses DP, PP and Drug-Drug 63,473 labeled drug pairs
(DD) and negative sampling
0.97 in the 50 Ses with the PP, DP, DD *, and Labeled drug pairs from
Wang etal, (2020) [15] highest AUC. 50 or more Ses Drug-Enzyme 389 drugs.
(s Apparently 0.99 in all DD * (and perhaps also PP 63,473 labeled drug pairs
Novécek etal, (2020) [11] targeted Ses. Apparently 964 Ses and DP) and negative sampling.
. . DP, DD *, and Labeled drug pairs from
Liu et al., (2021) [7] 0.947 in all targeted Ses. 964 Ses Semantic data. 645 drugs.

Bang et al., (2021) [13]

0.94 in the 10 Ses with the

10 or more Ses

DP and DD *

14,247 labeled drug pairs.

highest AUC.
* * * .
Yu etal,, (2021) [10] 0.949 in all targeted Ses. 200 Ses PP, DP ¥, DD ¥, and other 46,221 labeled drug pairs
ten links of multi-type and negative sampling.
Carletti et al., (2021) [16] 0.998 in all targeted Ses. 964 Ses DP, PP and DD * 63,473 labeled drug pairs.
Apparently 63,473 labeled
*
Yao et al., (2022) [8] 0.996 in all targeted Ses. 200 Ses bb %;daﬁgrg;};s also drug pairs and

negative sampling.

*” indicates that the edge is set to have multi-type in the study.

3.5. Effects of Hyperparameter Setting on Prediction Performance

We first investigated how a hyperparameter aaffects the prediction performance,
which controls the impact of the regularization term in loss function. Figure 3 shows the
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change in prediction performance according to the value of a. The larger this value is, the
greater the influence of regularization based on connectivity strengths between drugs and
proteins on model learning, while the lesser the influence of side effect labels. The optimal
value was larger in predicting DPU side effects than in predicting non-DPU side effects.
(0.7 and 0.1 in predicting DPU and non-DPU, respectively). That is, when the multidrug
inputs included new drugs for which no multidrug clinical information is known, consid-
ering the regularization based on connective strengths more than the side effect labels in
training models led to better predictive performance.

Table 5. Non-DPU side effects prediction performance comparison with existing models trained with

our data.
Targeted Side Used Resources for
Model Type AUC AUC-PR Effects (Ses) Graph Construction Used Data
Drug-protein (DP), and 14,247 labeled drug pairs
Proposed model 0912 0.901 Protein-Protein (PP) and 284 labeled single drugs
200 S

Decagon [14] 0.805 0.792 ©s PP, DP, and multi-typed 14,247 labeled drug pairs
DistMult [22] 0812 0.806 Drug-Drug and negative sampling

Performance of the proposed model Performance of the proposed model

in predicting DPU side effects in predicting non-DPU side effects

Performance

0.9125 A

0.9100 4

0.9075 4

0.9050 -

0.9025 4

0.9000 H

0.8975

0.8950 +

—&— AUC —&— AUC
—e— AUC-PR 0.8925 —e— AUC-PR
064 T T T T T T T T T T T T T T T 17 T T T T T, T
00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10
Hyperparameter a Hyperparameter a

Figure 3. Polypharmacy side effects prediction performance under different choices of the hyperpa-
rameter a.

Additionally, we investigated performance under other three hyperparameters: uni-
fied embedding dimension (UED), hidden layer dimension (HLD), and learning rate (LR).
The default value is 256, 384, and 0.01 for HLD, UED, and LR, respectively. We did not use
a grid search to find the optimal hyperparameter combination because the search space is
too large with many possible combinations. Figure 4 shows the experimental results. The
appropriate UED and HLD for both DPU and non-DPU side effects predictions seem to be
256 and 384, respectively. In DPU side effects prediction, the best performance was clearly
shown at the UED 256 and HLD 384. On the other hand, in non-DPU side effects prediction,
the performance increased slightly when UED 256 or higher was used, but the performance
change was very little. Similarly, even if the performance increased slightly when using
HLD 384 or higher, the performance change was very little. Meanwhile, the appropriate
LR seem to be 0.01 in both DPU and non-DPU side effects predictions. In predicting DPU
side effects, the best performance was clearly shown at the LR 0.01. In predicting non-DPU
side effects, the performance seems to stabilize around LR 0.01. Although performance for
LR less than 0.01 (e.g., LR 0.002) is similar to that for LR 0.01, we used LR = 0.01 because of
training time. In our experimental environment, the training time for 1 epoch was about
0.2 s using GPU of Quadro RTX 6000.
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Effect of UED Effect of HLD Effect of LR
0710-‘ 0.710 4 0.710 4
0.705 - 0.705 - 0.705 -
L. - 0.700 -
In predicting 07001 0695
non-DPU 0.8957 0695 -
e — 0.690 -
side effects 0690 0690 -
/\ 0.685 -
0.685 1 0.685 -
—&— AUC — —&— AUC 0.680 - —&— AUC
0.680 —— AUC-PR 0680 —— AUC-PR 0675 —— AUC-PR
6'4 12'5 19'2 25'6 32‘0 3;}4 25'6 32'0 3é4 4;8 5{2 0. (;02 0. 0'06 0. (;10 0. 0'14 0. DIlE
Unified embedding dimension Hidden layer dimension Learning rate
Effect of UED Effect of HLD Effect of LR
0915 - 0.915 4 0915
0.910 4 0.910 4
sator] /——-——‘-\,_.—-—‘
. . 0.905 4
In predicting 2205 1
H 0.905 A 0.900 4
DPU side 0900 4
effects 0.895 4
0895 - 0.900 4 /‘-—v\,__-—-
—&— AUC —a AUC 0890 - e
0830 —— AUC-PR 0.895 | —— AUC-PR 0.885 4 —e— AUC-PR

T T T
0.010 0.014 0.018

Learning rate

T T T
320 384 448 CIOIOZ 0(;06

Hidden layer dimension

T T T T
64 128 192 256 320 256

Unified embedding dimension

384

Figure 4. Polypharmacy side effects prediction performances under different choices for each of three
hyperparameters (UED, HRD, and LR).

4. A Case Study on Interpretability

The proposed method allows us to identify significant proteins closely related to
multidrug side effects through the investigation connectivity strength (cs) values between
multidrug combinations and proteins. There are two embedding spaces (i.e., initial and
unified space) that can be used for this interpretation. The initial embedding space was
created by learning only the graph structure. On the other hand, the unified embedding
space is a conversion of the initial space, designed not only to well predict polypharmacy
side effects, but also to reflect the quantified relationships between multidrug and each
of all proteins into the same embedding space. Therefore, it is expected that the unified
embedding can identify significant proteins that are difficult to identify by the initial
embedding based only on the graph structure. Experiments investigated whether this
expectation was realized. More specifically, in identifying significant proteins closely related
to a side effect s, we investigated whether proteins identified by the unified embedding but
not identified by the initial embedding were indeed related to the s.

4.1. Determining and Selecting Proteins Significant in a Side Effect

If the protein p has cs values with positive drug pairs are significantly greater than with
negative drug pairs on the unified embedding space, the p was identified to be significant.
Among such significant proteins, those identified in the initial embedding space were
excluded from the investigation. See Algorithm 2 for detailed procedure. Here, we used the
MannWhitney U test to determine the significance of the difference in cs values between
positive and negative samples, as cs values do not follow a normal distribution. We set the
p-value threshold to 0.01.

4.2. Examining the Relationships between Significant Proteins and Side Effects

We detected gene ontology (GO) terms [32] significantly related to the protein set P;.
The Enrichr program [33], one of the tools for gene set enrichment analysis (GSEA), was
used. As background proteins for GSEA, 18,497 proteins that can be converted into gene
symbols among all proteins in this graph were used. A p-value was calculated for each
GO term, and terms with adjusted p-value of 0.01 or less were determined to be significant.
Whether each GO term has a practical relevance to side effects was then investigated
through the literature search.
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Algorithm 2. Pseudo code of determining and selecting proteins significant in a side effect s.

P;: The set of significant proteins for the s.
P12 All proteins in graph.

DP, p,s: A set of positive drug pairs that cause s by polypharmacy effect.

DP, gt A set of negative drug pairs that do not cause thes.

CS:'A group of connectivity strength (cs) values.

¢6: Threshold to determine significance.

Function MannWhltneyU(CSs Pos,pr Cs, Neg p)

Return a p-value calculated by MannWhltney U test between two groups. (Alternative
hypothesis: Protein p has larger cs values in positive drug pairs than in negative drug pairs.)
EndFunction
Initialize Ps to empty set.

For each protein p € P,; do:

CSg Posp The group of cs! (dp, p) values for dp € DP, . Pos
cs! Neg, p < The group of cs!(dp, p) values for dp € DP, s, Neg
p_value! + MannWhitneyU(CS! 5, Posp cs! Negp )
CSg Posp The group of csY(dp, p) values for dp € DP s, Pos
CSgNeg p < The group of csY(dp, p) values for dp € DP s, Neg
p_valueV <+ MannWhitneyU(CSY 5 Pos,p” CS»}IJI\]E(g ) )

If (p_value! = 6) and (p_valueV < J) do:
Include p into Ps.
EndIf

4.3. Results

Since it is difficult to investigate all significant GO terms determined in 200 targeted
side effects, we narrowed the investigation range down by a specific criterion. First, among
the GO terms, those with more than 100 proteins belonging to the term were excluded.
That is, terms corresponding to a wide range of biological phenomena are excluded. Then,
among side effects, side effects having two or more significant GO term were excluded.
Consequently, 24 side effects, each has one significant GO term only, were selected as our
investigation targets.

Table 6 summarizes the results. In 16 out of 24 side effects (66.6%), the relationships
with the corresponding GO terms were found through the existing literatures. Despite the
GO terms of a narrow range of biological phenomena and the side effects of a narrow range
of symptoms, there were existing literatures supporting the relationships. In particular, a
very strong relationship was shown in some cases. For example, folliculitis has an intuitive
relationship with cilium. And there is a study that mentions a direct relationship between
myocarditis and cyclin/CDK. Moreover, there are many existing studies on the relationship
between nail and amyloid.

Table 6. Significant term for each 24 side effects, determined by unified embedding.

Side Effect ID Significant GO Term GOID Overlap * ‘;‘_1{;; i:leed Related Literatures and Notes
Regulation of amyloid . .
Calculus ureteric Pprecursor protein GO:0042984 5/11 0.008806 Ureteric calcglus /1s related to
bi heti amyloid [34,35].
iosynthetic process
Regulation of amyloid Lo
Eye injury precursor protein GO:0042984 5/11 0.007394 Weaken of eye function is
! . related to amyloid [36,37].
biosynthetic process
Folliculitis Intraqhalﬁy. transport involved GO-:0035735 10/40 0.00145 Folhcu.h.tls is filrectly related to
in cilium assembly cilia (cilium) [38,39].
Hernia inguinal Histone lysine methylation GO:0034968 10/34 0.003045 Hernia is related to histone

lysine methylation [40,41].
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Table 6. Cont.

Side Effect ID Significant GO Term GOID Overlap * 1;‘_1{;; i;eed Related Literatures and Notes
Hyperparathyroidism Histone ubiquitination GO:0016574 7/21 0.009554 Hyperparathyroidism is related
y y ’ ' to histone [42,43].
Pigmentation is related to
Hyperpigmentation Histone H2B ubiquitination GO:0033523 5/10 0.003118 histone H2B in
Drosophila [44,45].
Hypoglycaemia Protein serine/threonine kinase Neonatal hypoglycaemia is
YPOB Y . o GO:0043539 6/37 0.001837 related to serine/threonine
neonatal activator activity . j
kinase [46].
Regulation of amyloid . L
Ingrowing nail precursor protein GO:0042984 6/11 0.003511 Nail BrowIng 18 related to
: . amyloid [47-50].
biosynthetic process
. . . Psychomotor activity is related
Motor retardation Platelet aggregation GO:0070527 8/36 0.004725 to platelet [51,52].
Cyclin/CDK positive s
Myocarditis transcription elongation GO:0008024 4/6 0.001296 Myocardltls. is strongly related
P to cyclin/CDK [53].
actor complex
Ovarian cancer Ubiquitin binding GO:0043130 8/73 0.004612 Ovarian cancer is related to
ubiquitin [54,55].
Pigmentation e . Pigmentation is related to
Jisorder Ubiquitin binding GO:0043130 8/73 0.006731 ubiquitin [56].
Fibrosis of liver and kidney is
Pleural fibrosis Quinone biosynthetic process GO:1901663 5/14 0.009926 related to pyrroloquinoline-
quinone [57,58].
Premature Intermediate Premature menopause is
. o GO:0045109 8/18 0.005834 strongly related to actin
menopause filament organization 6
ilament [59,60].
. . K63-linked deubiquitination is
Soft tissue infection Protein K63-linked GO:0070536 6/32 0.00143 related to antiviral
deubiquitination
response [61,62].
Synovitis Intraqhalﬁy. transport involved GO-:0035735 10/40 0.000563 Synov'nl%ls is related to
in cilium assembly cilia [63,64].
Colitis DNA-templated GO:0006354 10/69 0.004319
pseudomembranous transcription, elongation
Dysphemia Intraciliary transport involved 55 35735 11/40 0.00759
in cilium assembly
Flashing lights Histone monoubiquitination GO:0010390 8/24 0.005066
Furuncle Coenzyme A metabolic process GO:0015936 6/14 0.005619 Not found related Literatures
Myasthenia gravis Histone ubiquitination GO:0016574 9/21 0.0000616
Seborrhoeic keratosis Prenyltransferase activity GO:0004659 6/9 0.008161
Sinus headache tRNA wobble base modification GO:0002097 7/14 0.00292
Trigger finger Positive regulation of protein - 55.46877 7/15 0.003106

export from nucleus

5. Conclusions and Discussion

We proposed a unified embedding approach that made it possible to incorporate la-
beled single drug data, labeled multidrug data, nodes connectivity shown in the knowledge
graph, and unlabeled virtual multidrug data into embedding space. In previous studies,
the polypharmacy side effects prediction model did not learn relationships between single
drug characteristics and its labels. In this study, however, we applied these relationships
to learning models via the unified embedding approach and succeeded in improving the
prediction performance. In addition, learning the relationships between multidrug and
all graph nodes, not just between multidrug and neighboring nodes, appears to have the
effect of reducing overfitting in the predictive models. This effect was further enhanced by
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regularizing the models using virtual multidrug data. In particular, the application of this
embedding approach under multidrug inputs, including new drugs not used in existing
drug combinations, clearly improved the generalizability when virtual multidrug data
are used together with single drug label data. We also demonstrated that the biological
terms determined using our embedding vectors have meaningful relationships with tens
of adverse events. We anticipate that the proposed embedding method will provide new
perspectives for relevant studies in the future.

The ideas presented in this study are not only limited to the present implementation
but are also useful in various applications for improving predictive performance. Currently,
the focus of our study was to propose an approach that well utilizes the relationships
between drugs and proteins given in the graph. The performance might be improved by
using graph convolution network for the extended graph including drug-drug interactions.
Moreover, other advanced approaches for initial graph embedding might be possibly
employed. In addition to the drug and protein nodes, an extended graph that includes
other types of nodes can be used. However, our current model has several limitations
as we implemented it under the condition that at least one target protein of each drug is
known. Moreover, it is difficult to apply the proposed implementation to multiple edge
types. Therefore, future studies are planned to address these issues.
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