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FMGNN: A Method to Predict Compound-Protein
Interaction With Pharmacophore Features and
Physicochemical Properties of Amino Acids

Chunyan Tang™, Cheng Zhong

, Mian Wang, and Fengfeng Zhou

Abstract—Identifying interactions between compounds and proteins is an essential task in drug discovery. To recommend compounds
as new drug candidates, applying the computational approaches has a lower cost than conducting the wet-lab experiments. Machine
learning-based methods, especially deep learning-based methods, have advantages in learning complex feature interactions between
compounds and proteins. However, deep learning models will over-generalize and lead to the problem of predicting less relevant
compound-protein pairs when the compound-protein feature interactions are high-dimensional sparse. This problem can be overcome
by learning both low-order and high-order feature interactions. In this paper, we propose a novel hybrid model with Factorization
Machines and Graph Neural Network called FMGNN to extract the low-order and high-order features, respectively. Then, we design a
compound-protein interactions (CPIs) prediction method with pharmacophore features of compound and physicochemical properties of
amino acids. The pharmacophore features can ensure that the prediction results much more fit the expectation of biological experiment
and the physicochemical properties of amino acids are loaded into the embedding layer to improve the convergence speed and
accuracy of protein feature learning. The experimental results on several datasets, especially on an imbalanced large-scale dataset,
showed that our proposed method outperforms other existing methods for CPI prediction. The western blot experiment results on
wogonin and its candidate target proteins also showed that our proposed method is effective and accurate for finding target proteins.
The computer program of implementing the model FMGNN is available at https://github.com/tcygxu2021/FMGNN.

Index Terms—Compound protein interaction, Deep learning, Graph Neural Network, Factorization Machines, Pharmacophore features

1 INTRODUCTION

HE identification of compound-protein interactions
(CPIs) is of extraordinary significance to modern drug
discovery in terms of suggesting new drug candidates and
repositioning old drugs. The biological assays for CPIs iden-
tification like high-throughput screening assays, are still
extremely experimental costly. To reduce the experimental
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cost, computational methods for identifying potential CPIs
were proposed in the past decade [1], [2], [3].

To identify potential CPIs, a variety of machine learning
based predicting algorithms have been proposed since 2008.
Most of machine learning based CPIs prediction methods
treat the CPIs prediction problem as binary classification task,
in which its goal is to determine whether a compound-protein
pair interacts. The CPIs prediction procedure mainly consists
of generating feature vectors, training model with known
CPIs, and predicting unknown compound-protein pairs on
the trained model. Yamanishi et al. [4] proposed a bipartite
network by integrating the chemical and genomic features
into a pharmacology feature space, and applied a kernel
regression method to predict CPIs. Bleakley et al. [5] presented
a supervised bipartite local model called BLM using support
vector machines (SVM) classifier to predict drug and target
sets respectively. Laarhoven et al. [6] constructed a Gaussian
interaction profile (GIP) kernel to capture the topological fea-
tures in CPIs network. The Matrix Factorization (MF) based
methods were introduced by decomposing the interaction
feature vectors into drug latent factors and target latent factors
to predict potential CPIs [7], [8], [9]. By treating the CPIs as a
network link prediction problem, Chen et al. [10] developed a
network-based random walk model with restart on heteroge-
neous networks (NRWRH) to predict potential CPIs. Tang
et al. [11] proposed a method called MDMHN to predict hid-
den or missing CPIs on a heterogeneous network by trans-
forming a compound-protein interaction pairs prediction
problem to a matrix denoising problem.

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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With the fast development of biological technology, the
chemical biology data in the public databases, such as Pub-
Chem[12], ChEMBL[13], KEGG[14], and STITCHI[15], have
increase to millions over the past 20 decades. The advantage of
deep learning method is more obvious in dealing with large
scale compound protein interaction pairs. In recent years, many
deep learning frameworks have been utilized in drug discovery
research [16], [17]. Compared with traditional machine leaning
methods, deep learning methods have the advantage of extract-
ing high-order feature interactions and mining deep hidden
relationship between compounds and proteins.

The method DL-CPI [18] uses PubChem fingerprints of
compound molecular and PFam descriptors of protein as
input feature vectors, and then trains the prediction model
with Deep Neural Networks (DNNSs). Regarding com-
pounds and proteins as 1D sequences or word-based sequen-
ces, the method DeepDTA [19] uses convolutional neural
networks (CNNs) to extract real-valued features of com-
pounds and proteins. The method WideDTA [20] adapts the
word-based sequence representation for compounds and
proteins, and utilizes two extra features LMCS (ligand max
common structures) and PDM (protein motifs and domains)
to improve model performance and prediction accuracy.
From the perspective that compound structure is regarded
as molecular graph, the methods CPI-GNN[21] and Graph-
DTA[22] use graph neural networks (GNNs) [23], [24] and
graph convolutional neural networks (GCNs) [25] to learn
representation of compounds, the model GANDTI integrates
a graph convolutional autoencoder and generative adversar-
ial network (GAN) to deeply learn the feature vectors for
drugs and targets [26]. Regarding both compounds and pro-
teins as sequence data, recurrent neural networks (RNNs)
are used to extract feature vectors of compounds and pro-
teins in DeepAffinity [27] and Zheng's work [28]. In addition,
attention mechanism is introduced to improve the prediction
accuracy, the model TransformerCPI addresses sequence-
based CPI classification task by modifying transformer archi-
tecture with self-attention mechanism [29], the method
MHSADTI predicts DTIs based on the graph attention net-
work and multi-head self-attention mechanism [30].

Deep learning model can achieve good high-order feature
interactions of compound molecules and target proteins.
However, since the compound-protein interactions are high-
order sparse, deep learning model will over-generalize and
produce prediction of less relevant drugs when it extracts
only the high-order feature interactions. By introducing
hybrid architectures with learning both low and high-order
feature interactions, the methods Wide&Deep [31] and
DeepEM [32] overcome the problem of prediction error caused
by data sparsity. The low-order feature interactions can use
cross-product transformations over sparse features. However,
the method DeepFM [32] uses DNN as the deep part, which is
suitable for learning the categorical features in the prediction
of click-through rate (CTR), but not suitable for learning com-
pound subgraph features in the CPIs prediction problem.

For the compound-protein interactions, 1-order feature inter-
actions can be obtained directly from the raw feature, e.g., the
feature “GetAtomic = = O” has value of 1 if the compound
contains oxygen atoms. 2-order feature interactions can be
achieved effectively by using cross-product transformations
over sparse features. For example, AND (GetAtomic = = S,
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GetFormalCharge = = 0) has value of 1 if the compound con-
tains sulfur atoms and the sulfur atoms have no charge. The 1-
order and the 2-order feature interactions are defined as the low-
order feature interactions, and the combination of the 3-order
and over 3-order feature interactions is defined as the high-order
feature interactions. The low-order and high-order feature inter-
actions correlate with the final compound-protein interaction.

Inspired by the model DeepFM [32], we proposed a new
hybrid model called FMGNN to learn both low and high-
order feature interactions. Learning the low-order feature
interactions can find the frequent co-occurrence of features.
Learning the high-order feature interactions can explore
implicit feature interactions. The model FMGNN integrates
the architectures of factorization machine (FM) [33] and
graph neural network (GNN) [23] to learn the low and high-
order feature interactions of compound graph, and integra-
tes the architectures of FM and convolutional neural network
(CNN) to learn the low and high-order feature interactions of
protein sequences. The feature interactions of compounds
and protein sequences are concatenated to predict CPIs.

Our main contributions are summarized as follows:

1)  We propose a novel model called FMGNN that inte-
grates the architectures of factorization machine (FM)
and graph neural network (GNN). The FMGNN
builds prediction model using low-order feature inter-
actions of compounds and proteins with FM and it
also builds prediction model using high-order feature
interactions of compounds and proteins with GNN
and CNN. The model FMGNN can learn low and
high-order feature interactions concurrently.

2) We generate the compound feature vectors with
compound substructure graphs and pharmacophore
features, which consider not only the topological
similarity, but also the functional similarity between
compound subgraphs. This ensures that the predic-
tion results much more fit the expectation of biologi-
cal experiment.

3) We construct the gram corpus and treat it as the pre-
trained model in the embedding layer of CNN model,
which can reduce the training iteration times and
improve the convergence rate of the proposed model.

2 MATERIAL AND METHODS

2.1 Material
The experimental data used are the datasets for human and C.
elegans that created by Liu et al. [34]. They include highly cred-
ible negative samples of compound-protein pairs obtained by
a systematic screening framework. The positive samples were
retrieved from DrugBank [35] and Matador [36]. The dataset
human contains 3364 positive interactions between 1052 com-
pounds and 852 proteins. The dataset C.elegans contains 4000
positive interactions between 1434 compounds and 2504
proteins.

To inspect our proposed prediction method on large-scale
data, we retrieved the compound-protein pairs of Homo sapi-
ens from database STITCH Version 5.0 [15]. To ensure the
highly credible samples, we retrieved the compound-protein
pairs that their interaction probability is greater than 90% as
positive samples, and lower than 10% as negative samples.



1032

MLP

sput format
aming acid sequence

input loreat: SES CN{CC1=CN=C2C(=N1)C... MEKLLCFLV..KPOLWP

Fig. 1. Framework of FMGNN.

The final dataset STITCH used contains 115927 positive inter-
actions between 13286 compounds and 5313 proteins.

Because real CPI datasets are typically imbalanced, we
evaluate the robustness of the prediction methods by the
imbalanced dataset. Fixed the number of positive samples,
we set three ratios of positive and negative samples as 1:1,
1:3, and 1:5 respectively in our experiment. This kind of
experimental setting was first proposed by Tabei and Yama-
nishi [37]. All the negative samples were retrieved from the
low candidates based on the scores obtained by the data-
base STITCH. As a classification problem, the metrics such
as the AUC, precision, recall and F1-score are used to evalu-
ate CPI prediction performance.

2.2 Method
In this paper, we propose a novel prediction model called
FMGNN, which learn both low and high order feature inter-
actions, to predict compound-protein interactions. The
model FMGNN integrates the architectures of factorization
machine (FM) [33] with graph neural network (GNN) [21],
[23] and graph convolutional neural networks (GCNs) [21],
[25], respectively. Fig. 1 shows the framework of FMGNN.
As illustrated in Fig. 1, the compound with SMILES notation
and protein amino acid sequence are two inputs of the predic-
tion model FMGNN. Compounds are represented by a mole-
cule graph with atoms as nodes and chemical bonds as edges
(details in Section 2.2.1), and proteins are represented as a
word sequence with fixed amino acids sub-sequences as
words. The model FMGNN jointly trains with FM and GNN to
learn low and high-order feature interactions among substruc-
ture graphs of compounds, and outputs the combined feature
vector of compound yc = f(yrv + yonn), and then the model
FMGNN jointly trains with FM and CNN to learn low and
high order feature interactions among sub-sequences of amino
acids, and outputs the combined feature vector of protein
yp = f(yem + yonn ). Finally, the model FMGNN concate-
nates two feature vectors and passes through fully-connected
layers and a softmax layer to calculate the final output ¢ :

9 = Softmax(ReLU (yo + yp) o))

where g € (01) is the predicted CPI probability, y¢ is the fea-
ture vector of compounds, yp is the feature vector of pro-
teins, and ReLU is a non-linear activation function [38].
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2.2.1 Compound Substructure Graphs With

Pharmacophore Features

In this section, we introduce compound substructure graphs
with pharmacophore features. We use r-radius subgraphs
[39] to represent the compound substructures. The r-radius
subgraphs are induced by the neighboring vertices and
edges within radius r from a vertex. However, the predic-
tion bias may be caused if only the substructure similarity
between compounds is considered. The prediction bias will
be corrected if the pharmacophore features of compound
molecules, such as hydrogen bond acceptors and hydrogen
bond donors, are taken into account. So we use the pharma-
cophore features of compound molecules in the process of
constructing the substructure graphs of compound mole-
cules. In our work, we used 7 types of pharmacophore fea-
tures, including hydrogen bond donors, hydrogen bond
acceptors, aromatic, poslonizable, neglonizable, hydro-
phobe and ZnBinder, to construct the substructure graphs
of compound molecules.

Pharmacophore [40] is used to featurize the compound
molecules by identifying essential properties of molecular
recognition. Every type of atom or group in a compound
can be reduced to a pharmacophore feature, which can be
used to analyze the similarity among small molecules and
identify the key contributing features to the biological func-
tion. In pharmacophore-based model, the concept of bioi-
sosterism is used to guarantee the model more reliable,
which considers not only the topological similarity of mole-
cules, but also the functional similarity of groups.

For example, Fig. 2 shows the topological structure-based
and pharmacophore-based alignments between methotrex-
ate and dihydrofolate, respectively. By comparing with the
conformation superposition (1rx2, 1rb3) verified by experi-
ment, we can see that the pharmacophore based conforma-
tion is closer to the experimental result. Therefore, we will
obtain higher prediction accuracy by adding the pharmaco-
phore features of molecules than using only the topological
structure of compounds in learning representation of r-
radius substructure graphs of compound.

To describe the compound substructure graphs with
pharmacophore features, we use a graph G = (V(A,P),€) ,
where V( A, P) is the set of atoms, A is the set of atom types,
P is the set of pharmacophore features of A, £ is the set of
chemical bonds between adjacent atoms, and e;; € £ is the
chemical bond connecting the i-th and j-th atoms. For atom
v, vi(ai,pi) € V(A,P) represents the i-th atom with atom
type a; and pharmacophore feature p; Firstly, we embed all
atoms and chemical bonds in a d-dimensional real-valued
vector space with these atom types and pharmacophore fea-
tures. Then, we construct r-radius substructure graphs [39]
by the neighboring vertices and edges within radius r from
a vertex [21].

We defined a set NV (i,r) to represent neighboring atoms
within radius r from the i-th atom. Note that N'(4,0) = {i}.
We define the r-radius substructure graphs for vertex v,

vf-r) , as follows:

o = (Ve €17) @
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Fig. 2. Comparison between topological structure and pharmacophore.

where

VI (ai, i) = {vj(aj, )i € Ny}, .
£ = {emn € El(m,n) € N(i,7) x N(i,r = 1)}

Then, we define the r-radius substructure graphs for
edge e, 67(;;-’) , as follows:

el = (VW (@p) W Vaip, el ne) ¥

Next, the model FM is used to train the substructure
graphs of a compound for getting the low-order feature
interactions (see: Section 2.2.2). Meanwhile, the model GNN
is used to train the substructure graphs of a compound for
getting the high-order feature interactions (see: Section 2.2.3).

2.2.2 Factorization Machines (FM) Model

The model FM [33] is a factorization machine to learn fea-
ture interactions for recommendation system. The model
FM combines the advantages of Support Vector Machines
(SVM) with factorization models to estimate feature interac-
tions using factorized parameters reasonably in very sparse
data. The computation complexity of the model FM is lin-
ear, and its optimization effect is good. The model FM is a
general predictor working with any real value feature vec-
tor. So we choose the model FM to learn low-order feature
interactions in CPIs prediction. The procedure to learn com-
pound feature vectors with model FM is shown in Fig. 3.

As shown in Fig. 3, the substructure graphs of a compound
(Section 2.2.1) are the input of the model FM. When both sub-
structure graph i and substructure graph j appear in the same
compound, the output of component FM, ymy; , is the
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Fig. 3. Procedure to learn compound feature vectors with model FM.

summation of weighted 1-order and 2-order feature interactions:

n n n
=t Y w3 wgmen @

i=1 i=1j=i+l

where x;, x; are the i-th and j-th substructure graphs of a
compound respectively, w, is the global bias, wjis the
parameter of x; w;; is the parameter of the interaction
between x;and x;,i,j =1, 2,.. .n.

For any positive definite matrix W, there exists a matrix V
such that W= Vx VT, where V € R"™* and V" is the transpo-
sition of V.

The 2-order interaction between x; and x; can be learned
via the inner product of their latent vectors v; and v;.

i: i: Wij - X~ Tj = 2”: Zn: (vi, vj)@; - T (5)

i=1j=i+l =1 j=it1

where (v;, v;) is the dot product of two latent vectors v; and
v; with size k:

k
(i v) = > gy (©)
f=1

Then, the 2-order interaction between x; and x; can be
reformulated as follow [33]:

Z Z (vi, vj) w5
i=1j=1i+1
1 k n 2 n
:5 Z (Z ’Ui"fl’i) - Zi)zfﬂl‘% (7)
f=1 i=1 i=1

Meanwhile, the output of FM component,
rewrited as follow:

yrv , is

k n 2 n
+% Z (Z v, f:vz-) - Z U,Z fx? (8

While the FM can model high-order feature interactions,
in practice only 2-order feature interactions are usually
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considered due to high complexity. The models GNN [23]
and CNN [21] are applied to learn high-order feature inter-
actions for compound molecule graphs and protein amino
acids sequences, respectively.

2.2.3 Model GNN

In our work, the model GNN is based on learning represen-
tations of r-radius substructure graphs of compound. The
model GNN maps a graph G to a vector y € R? with two
functions, i.e., transition and output functions [21], [23].

In the model GNN, firstly, the feature vector for the sub-
structure graphs of a compound is randomly initialized in
embedding layer, the i-th substructure graph embedding at
time step t is represented as vf-,t), and vf;t) is updated with
transition function [21]:

oY = sigmoid (vgt) + Z hf?) 9)
JEN ()

where sigmoid is the activation function, N (¢) is the set of
neighboring indices of the i-th substructure graph, and
h%) € R?is the hidden neighborhood vector.

" Then, the model GNN learns the neural network parame-
ters including the feature vectors via back propagation to
obtain the final output yoyy:

1 X ®
YGNN = m Z v;

i=1

(10)

where |V| is the number of substructure graphs of a
compound.

Random initialization operation will spend a long time to
achieve convergence in the GNN training. To accelerate the
training for protein feature vector, we construct a gram cor-
pus with the physicochemical properties of amino acids for
proteins.

2.2.4 CNN Model With Physicochemical Properties of
Amino Acids

As shown in Fig. 4, the models FM [33] and CNN [21] are used
to embed the n-gram amino acids into vector, and then obtain
low and high-order feature vectors for protein sequences,
respectively. The model FM can obtain the low-order feature
interactions of protein sequences as described in Section 2.2.2.
In this section, we describe the model CNN, which can
obtain high-dimensional real-valued vector representations of
protein sequences. The model CNN maps sequence S =
{s%,89,... ,s?sl} to vector yoyy € RY with multiple filter

functions in f times, sgt) = ReLU (me,vgt’fl) Fbeonw ) Yonn =
ﬁ Z‘i 1s@where the dimensionality d of protein sequences is

3
the same as that of the compound substructure graphs
described in Section 2.2.1. Fig. 4 shows the procedure to learn
protein feature vectors with the models FM and CNN.

To apply the model CNN to deal with protein sequence,
the protein sequences is first divided into overlapping n-
gram amino acids, and then the n-gram amino acids are
defined as “words” [41]. Since a protein consists of 20 amino
acids, the number of all possible n-grams is 20". To keep the
vocabulary of reasonable size and avoid low-frequency
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words in the learning representations, we set an n-gram
number 1 = 3. For example, we divide an adenosine deami-
nase-like protein into an overlapping 3-gram amino acid
sequence as follow:

MAQTP...GQNL—"MAQ”, “AQT”, “QTP”, ..., “GQN”,
“QNL”.

To accelerate training the model CNN, we construct a
gram corpus for “words” based on 554 physicochemical
properties of amino acids. These physicochemical properties
of amino acids are obtained from the dataset AAindex1 [42].

The dataset AAindex1 adopts different dimensions for dif-
ferent attributes of amino acids, and the differences between
their values are also very large, the direct use of the dataset
AAindex1 will affect the results of data analysis. We use Z nor-
malization method to normalize the original data from the
dataset AAindex1. A normalization term fis defined as follows:

fo_.f

(o2

f=

where f, is the original data, f is the mean value of f,, o is
the standard deviation of f,.

Given a set of amino acids AA = {x1,X5,. . .,Xo0}, where each
amino acid x; = {fi1, fi2- - . fissa | i€[1], [20]} is a vector with
the Z normalized 554 physicochemical properties, we con-
struct gram corpus C = {gram,, gramy,. .., gram | gam |}, where
|gram| is the total number of grams, |gram | =20". Forn =3,
each 3-gram gram(z;,x;,zi) = %(ml +x;+ ;) is a feature
vector, where z;, x;, x; € {z1,z2, ---,T9} are any three
amino acids, the addition operation of vector is the addition
of corresponding components of vector. Hence, we have

(11

1
—n(.Z'L' + x; +Ik)

_ {f},1+fj4,1+fk11 fio+ fiz + frp fi,544+fj.544+fk,544}

n n n
(12)

Next, the principal component analysis (PCA) was
applied to keep only the most important features by
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g

removing the noise and unimportant features. In our
study, we set Npca = d, d is the same as the dimensionality
of protein sequences. Finally, the gram corpus C is loaded
as the pretrained model in the embedding layer of model
CNN.

For example, the construction of gram corpus for an
adenosine deaminase-like protein is shown in Fig. 5. The
Z_AAindex.txt file stores the Z normalized 554 physico-
chemical properties from the dataset AAindex1.

2.2.5 Algorithm

Based on the above steps, we propose an algorithm for pre-
dicting compound-protein interactions integrating the
architectures of models FM and GNN called FMGNN, in
which its input file “CPIFile” includes the positive and
negative CPI pairs extracted from database, the file
“Z_AAindex.txt” stores the normalized 554 physico-chemi-
cal properties from the dataset AAindex1, r is the radius of
substructure graphs and the default value of r is 2, and 7 is
the number of amino acids in a gram and its default value
of n = 3. Algorithm 1 describes our proposed prediction
algorithm called FMGNN.

Our algorithm FMGNN can obtain more accurate pre-
diction than other existing algorithms because FMGNN
learns high-order feature interactions to mine deep hid-
den relationship between compounds and proteins,
extracts low-order feature interactions to solve the prob-
lem of over-generalized and produced prediction of less
relevant drugs when the compound-protein interactions
are high-order sparse; and it uses pharmacophore fea-
tures of compound to ensure that the prediction results
much more fit the expectation of biological experiment,
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and refers the physicochemical properties of amino acids
to improve the convergence speed and accuracy of pro-
tein feature extraction.

Algorithm 1 FMGNN

Input: CPIFile, Z_AAindex.txt, r, n
Output: AUC, Precision, Recall, F1-score
Begin
1. Construct r-radius substructure graphs with pharmacophore
features for compounds. For i-th vertex, o\ = (V"

(a,,p,), i ) for edge e1] between the 1-th and j-th vertex,

e g) = W (a5, p) UV (a5, p:), £V N Sj )}, as described in
Section 2.2.1;

2. Divide the protein sequences into overlapping n-gram
amino acids;

3. Construct the gram corpus C = {¢y, o, -,
n-gram amino acids;

4. For i-th vertex, initialize the feature vector of compound xi
randomly in the embedding layer.

5. Compute the low-order feature vector of compound yrar_.
with the model FM as described in Section 2.2.2, where
Yre = o + 307wt
3 Zf 1 (22w, fxz)z - 1”22fx );

6. Compute the high-order feature vector of compound ygny
with model GNN, yony = i ZZ v El), as described in
Section 2.2.3;

7. Concatenate the low and high-order feature vectors of com-
pound to generate the final compound feature vector y¢,
yo = concatenate(Yru_c, YGNN);

8. For the i-th gram, initialize the feature vector of protein gi
with the gram corpus C as the pretrained weight in the
embedding layer.

9. Compute the low-order feature vector of protein sequence
yruv_p With the model FM described in Section 2.2.2,where
yFJlI p)f wo+ Zz =1Wigi +3 Zf =1 ((ZI = lvl,fgv,) - Z:L= 1

1, gl

10. Cofmpute the high-order feature vector of protein sequence
yony with the model CNN, yoyy = ol Z‘ " 1gZ , described
in Section 2.2.4;

11. Concatenate the low and high-order feature vectors of pro-
tein sequence to generate the final protein feature vector
yp, yp = concatenate(yYpn _p, YONN);

12. Concatenate y¢ and yp, and pass through fully-connected
layers to calculate the final output § = ReLU(W (yc + yp)
+b).

End.

¢} for all the

3 EXPERIMENT

For the compounds, we taken the SMILES notation of the
compounds as input, which was converted to a graph repre-
sentation, and extracted information of the molecular graph
with tool RDKit, such as atom types, pharmacophore fea-
tures, chemical bonds, and the adjacency list of atoms. For
proteins, we taken amino acid sequences as input. We nor-
malized 554 physicochemical properties of amino acids
from the dataset AAindex1, and constructed an n-gram cor-
pus to accelerate the embedding process for protein
sequences.

We implemented our proposed algorithm FMGNN by
using Pytorch 1.4.0 with CUDA 10.0 and RDKit 2020.03.3.
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TABLE 1 TABLE 3

Hyper-parameters in Algorithm FMGNN Experimental Results of Nine Algorithms on Dataset C.Elegans
Name value Algorithm AUC Precision Recall Fl-score
Number of GNN layers 3 KNN 0.858 0.801 0.827 0.814
Number of CNN layers 3 RF 0.902 0.821 0.844 0.832
Number of output layers 3 SVM 0.894 0.785 0.818 0.801
Dimension of feature vectors 10 GraphDTA 0.974 0.927 0.912 0.919
Learning rate le-4 GCN 0.975 0.921 0.927 0.924
Learning rate decay 0.01 CPI-GNN 0.978 0.938 0.929 0.933
Decay interval 10 TransformerCPI 0.988 0.952 0.953 0.952
Weight decay le-4 DeepFM 0.535 0.523 0.847 0.647
Iteration time 100 FMGNN 0.990 0.969 0.931 0.949
Optimizer LookAhead+RAdam

TABLE 2 s i |
Experimental Results of Nine Algorithms on Dataset Human I- l . . = g3 ! -
Algorithm AUC Precision Recall F1-score | L .
KNN 0.860 0.927 0.798 0.858 h e i i =R o i b h H =N
RF 0.940 0.897 0.861 0.879 ¥ - R
SVM 0.910 0.964 0.969 0.968 o
b.P

GraphDTA 0.960 0.882 0912 0.897 R reasion
GCN 0.956 0.862 0.928 0.894 = W CPLONN 8 Fiaci - B R
CPI-GNN 0.970 0.918 0.923 0.921 P _ |
TransformerCPI 0.973 0.916 0.925 0.921 [ L : |
DeepFM 0.525 0.636 0.263 0.372 | gou = = E
FMGNN 0.984 0.976 0.953 0.959 - ' |- Tos . . l
We used the optimizers LookAhead [43] and RAdam [44] to ¢c. Recall d. F1-score

train our proposed prediction model. The use of combining
LookAhdad with RAdam can solve the serious convergence
problem caused by the optimizer Adam without learning
rate warmup. The experiment was conducted at the CPU/
GPU server at high-performance computing center of
Guangxi University'. The experimental configuration is
shown at https://hpc.gxu.edu.cn/gkl/yjzy.htm. All the
settings and hyper-parameters in algorithm FMGNN are
summarized in Table 1.

To compare with the traditional machine learning meth-
ods, we chose K nearest neighbors (KNN), random forest
(RF), and support vector machines (SVM), whose results are
obtained by Liu et al. [34]. To compare with other deep
learning methods, we chose four methods CPI-GNNI21],
GraphDTA[22], GCNI25], and TransformerCPI [29]. To
compare with relative method, we also chose the method
DeepFM [32]. The performance of our algorithm FMGNN
with the above eight algorithms was compared in terms of
AUC, Precision, Recall and F1-score. Tables 2 and 3 show the
experimental results for nine algorithms on datasets human
and C.elegans, respectively.

From Tables 2 and 3, we can see that compared with other
eight algorithms, our proposed algorithm FMGNN achieved
higher values of AUC and precision on both two datasets
human and C.elegans. The algorithm SVM achieved higher
values of recall and Fl-score than the algorithm FMGNN on
dataset human, and the algorithmTransformerCPI achieved
higher values of recall and Fl-score than the algorithm

1. http:/ /hpc.gxu.edu.cn

Fig. 6. Experimantal results in different negative ratio for the algorithms
FMGNN and CPI_GNN on dataset STITCH.

FMGNN on dataset C.elegans. On the whole, the experimental
results of AUC, precision, recall and F1-score show that our pro-
posed algorithmFMGNN has advantages.

To inspect our proposed algorithm FMGNN on the bal-
anced and imbalanced large-scale datasets, we conducted
the experiment on the dataset STITCH, where the dataset
STITCH is a larger and much sparser dataset than datasets
human and C.elegans. Both the two algorithms FMGNN
and CPI_GNN are GNN-based prediction algorithms. We
conducted the experiment for algorithms FMGNN and
CPI_GNN on the dataset STITCH. The experimental results
are shown in Fig. 6.

As shown in Fig. 6, compared to the algorithm
CPI_GNN, our proposed algorithm FMGNN obtained
higher values for AUC, Precision, Recall and Fl-score. It
illustrates that our algorithm FMGNN is robust even if the
dataset is imbalanced and larger one. Moreover, the more
imbalanced the data is, the higher the performance of our
algoorithm is. i.e.,, the AUC score increased 9% when the
negative ratio is 5, and only 1% when the negative ratio is 1;
the Recall score increased 15% when the negative ratio is 5,
and only 5% when the negative ratio is 1; the Fl-score
increased 9% when the negative ratio is 5, and only 3%
when the negative ratio is 1. It indicates that the more spares
the dataset is, the more efficient of considering both low and
higher-order features is, and the more important the low-
order feature interactions is.
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TABLE 4
Experimental Results for FMGNN and FMGNN Without Layer
FM on Dataset STITCH
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TABLE 5
Experimental Results for FMGNN and FMGNN Without Phar-
macophore Features on Dataset STITCH

Algorithm AUC Precision Recall Fl-score  Algorithm AUC  Precision  Recall ~ Fl-score
FMGNN w/o FM 0.970 0.923 0.918 0.920 FMGNN w/o 0.970 0.923 0918  0.920
FMGNN w/ FM 0.983 0.963 0.936 0.949 pharmacophore features

FMGNN w/ 0.984 0.977 0.944  0.960

4 DISCUSSION

4.1 Effect of Learning Both Low and Higher-Order
Feature Interactions
Some prediction methods achieve high performance in CPI
with the learning models CNN, DNN, and GNN [18], [19],
[20], [21], [22]. The major contribution of these deep learning
models is that they explore new implicit feature interactions.
But along with the increase of compounds, the compound-
protein pairs become high-order sparse like the pairs in data-
set STITCH, the models CNN, DNN, and GNN [18], [19],
[20], [21], [22] will over-generalize and produce prediction of
less relevant drugs. The major downside of these deep learn-
ing models is that they focus more on high-order feature
interactions while ignore low-order feature interactions. In
general, there are sophisticated feature interactions between
compounds and proteins in CPI prediction, learning both
low and high-order feature interactions can find the frequent
co-occurrence of features, and explore implicit feature inter-
actions. We integrated model FM with models GNN and
CNN in our proposed prediction model. This allows our pro-
posed model to improve the prediction accuracy of CPI by
jointly learning low and high-order feature interactions.
Learning both low and high-order features brings addi-
tional improvement over the case of learning only one feature.
To show the effect of learning both low and high-order feature
interactions, we conducted experiment on dataset STITCH for
our algorithm FMGNN with and without the layer FM,
respectively. The experimental results are shown in Table 4.
From Table 4 we can see that compared to the algorithm
FMGNN without layer FM, the algorithm FMGNN with FM
obtained higher values for all the metrics on dataset
STITCH. It indicates that low-order feature interactions con-
tribute to the prediction results.

4.2 Effect of Pharmacophore Features
Pharmacophore [40] has great significance in process of drug
discovery. There are seven kinds of pharmacophore features,
including hydrogen bond donor, hydrogen bond acceptor,
positive and negative charge center, aromatic ring center,
hydrophobic group, hydrophilic group, and geometric con-
formation volume collision. The methods based on pharma-
cophore features make use of not only the topological
similarity of compounds but also the functional similarity of
groups. Thus, using the concept of bioisosterism makes the
prediction model more reliable.

To show the effect of pharmacophore features, we con-
ducted the experiment for the algorithms FMGNN and
FMGNN without pharmacophore features on dataset
STITCH. The experiment results are shown in Table 5.

We can see from Table 5 that compared to the algorithm
FMGNN without pharmacophore features, the algorithm
FMGNN with pharmacophore features obtained higher

pharmacophore features

alue

1 4 )13 16 19 22 25 28 31 34 37 40 43 46 49
ieration iimes

a. Comparison on dataset human

CPl GNN

alue

feration tumes

b. Comparison on dataset STITCH

Fig. 7. Convergence comparison for the algorithms FMGNN and
CPI_GNN.

values for all the metrics on dataset STITCH. It means that
pharmacophore features are contributed to the prediction
results.

4.3 Convergence Effect of Gram Corpus

In general, randomly initialization operation is used to
embed feature vector in the embedding layer for deep learn-
ing model. But random initialization makes the algorithm
take a long time to achieve convergence and have a large
loss value for large-scale dataset. To accelerate the algo-
rithm converge and reduce the loss value for the predicted
value and real value, we used a gram corpus to initialize the
weight of embedding layer. The gram corpus was con-
structed by the physicochemical properties of amino acids
for proteins based on the dataset AAindexl, and it was
loaded as the pretrained model for embedding layer in the
model CNN. To evaluate the convergence effect of gram
corpus, we conduct the experiment for the algorithms
FMGNN and CPI_GNN on datasets STITCH and human.
Fig. 7 shows the experiment result.

As shown in Fig. 7, our proposed algorithm FMGNN
spent a short time to achieve convergence and had a less
loss value on both two datasets. The loss value was stable at
40 iterations with the algorithm FMGNN, but stable at 50
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a. Comparison on loss values during training

b. Comparison on elapsed time for training

c. Comparison on AUC, Precision, Recall and F1_score after training

Fig. 8. Comparison on training loss value, elapsed time and four matric
for linear GNN, GCN and GATs layer as the deep part in algorithm
FMGNN on dataset Human.

iterations with the algorithm CPI_GNN on both two data-
sets. The details are given in Table S1-Table S4.

For the human dataset, the average loss value was 0.0025
in our proposed algorithm, but 0.0178 in the algorithm
CPI_GNN. For the dataset STITCH, the average loss value
is 0.0384 in our algorithm FMGNN, but 0.0569 in algorithm
CPI_GNN. The details of average loss values are given in
Table S5. This indicates that our proposed algorithm
FMGNN had a less loss value, and the gram corpus contrib-
uted to the low computational cost.

4.4 Comparing With Different GNNs
We used the linear GNN [23] as the deep part to learn high-
order features for compounds in our proposed algorithm.

As we know, there are other popular GNN models, such as
GCN [25] and GATs [45]. To evaluate the contribution of
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TABLE 6
Top 5 Candidate Target Proteins for Wogonin
UniprotID Protein Name Score
P36542 ATP5F1C 0.972
P62424 RPL7A 0.970
075822 EIF3] 0.968
000425 IGF2BP3 0.968
P18754 RCC1 0.968
A Wogonin (uM)  48h B
—————————— 15
0 50 100 150 g T
ATPSCL [ <0
% 0.5
actin — — —— — 5
0.0

0 50 100 150

Wogonin (uM)

Fig. 9. (A) Hep G2 cells were treated with 0 uM, 50 M, 100 M and 150
1M of wogonin for 48 hours, and then the expression levels of protein
ATP5C1 were detected by western blot (n = 3). (B) Quantification of pro-
tein ATP5C1 obtained by using Image J software. The values were the
ratios of ATP5C1/actin (n = 3, ns, not significant, *P < 0.05).

various GNN models in our algorithm FMGNN, we con-
ducted the experiment for linear GNN, GCN and GATs as
the deep part layer to extract high-order feature interactions
for compounds on the dataset Human. Fig. 8 shows the
experiment result.

As shown in Fig. 8, the GATs layer spent a shortest time
to finish the training. The GCN layer had the minimum
training loss value. And the GNN layer had the best metric
values. In practical applications, we should choose the lin-
ear GNN or GCN or GATs according to the actual dataset
and environment.

4.5 Case Study

To verify the reliability of the algorithm FMGNN, we pre-
dicted the interactions between wogonin and 300 candidate
target proteins. Wogonin is a dihydroxy-and monome-
thoxy-flavone. It has a role as a cyclooxygenase 2 inhibitor,
an antineoplastic agent, an angiogenesis inhibitor, and a
plant metabolite. Its SMILES expression is “COC1 = C (C2
= cloc (=CC2 =0) C3 =CC = CC = C3) O”. We choose
the algorithm FMGNN trained by dataset STITCH as pre-
diction model. After calculating prediction scores by algo-
rithm FMGNN, the prediction scores of 300 candidate
target proteins were ranked, and the top 5 proteins were
shown in Table 6. Furthermore, the Top 1 protein was
selected for biological experiment verification, and the
experimental results were shown in Fig. 9.

The ATP5C1 encodes a subunit of mitochondrial ATP
synthase, which catalyzes the synthesis of ATP utilizing an
electrochemical gradient of protons across the inner mem-
brane during oxidative phosphorylation [46]. It has been
reported that the expression of protein ATP5C1 in liver
tumor tissues was lower than that in non-tumor tissues [47].
Our western blot experiment results showed that compared
with the control group, the expression of protein ATP5C1
was increased as HepG2 cells were exposed to 50uM,
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100uM and 150uM of wogonin for 48 hours. This indicates
that protein ATP5C1 may be a potential target of wogonin.

5 CONCLUSION AND FUTURE WORK

In this paper, we propose a hybrid model of incorporating Fac-
torization Machines (FM) and GNN/CNN with pharmaco-
phore features of compounds and physicochemical properties
of amino acids to predict potential compound-protein interac-
tions. The model FM was applied to extract the low-order fea-
ture interactions, the models GNN and CNN were used to
learn the high-order feature interactions for compounds and
proteins, respectively. The experimental results demonstrated
that a jointly low and high-order feature interactions obtained
additional improvement of CPIs prediction. Generating the
compound feature vectors with compound substructure
graphs and pharmacophore features can ensure the prediction
results closer to the expectation of biological experiment. Load-
ing the physicochemical properties of amino acids as the pre-
trained weight model in embedding layer can accelerate the
training process of the model CNN. The experimental results
on datasets Human and C.elegans showed that our proposed
prediction method outperformed the classical machine learn-
ing methods and existing deep learning methods in term of
AUC and precision. In addition, the experimental results on a
large-scale balance and imbalance dataset also showed that our
proposed algorithm outperformed the algorithm CPI_ GNN in
all terms of AUC, precision, recall and Fl-score. The western
blot experiment results on wogonin and its candidate target
proteins showed that our algorithm FMGNN was effective and
accurate for finding potential target proteins.

The target of drugs usually refers to protein, but RNA is
also a potential target. One future research direction is how
to predict the drug-RNA interactions because the known
drug-RNA interaction data is scarce. Meanwhile, it is also
another future research direction for predicting drug-target
interactions using deep learning framework on multiomics
information such as gene regulatory omics and metabolome.
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