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A Deep Learning Drug-Target Binding Affinity Pre-
diction Based on Compound Microstructure and
Its Application in COVID-19 Drug Screening

Yijie Guo, Xiumin Shi‘z, Han Zhou

Abstract: Drug target relationship (DTR) prediction is a rapidly evolving area of research in com-
putational drug discovery. Despite recent advances in computational solutions that have overcome
the challenges of in vitro and in vivo experiments, most computational methods still focus on binary
classification. They ignore the importance of binding affinity, which correctly distinguishes between
on-targets and off-targets. In this study, we propose a deep learning model based on the microstruc-
ture of compounds and proteins to predict drug-target binding affinity (DTA), which utilizes topo-
logical structure information of drug molecules and sequence semantic information of proteins. In
this model, graph attention network (GAT) is used to capture the deep features of the compound
molecular graph, and bidirectional long short-term memory (BiLSTM) network is used to extract
the protein sequence features, and the pharmacological context of DTA is obtained by combining
the two. The results show that the proposed model has achieved superior performance in both cor-
rectly predicting the value of interaction strength and correctly discriminating the ranking of bind-
ing strength compared to the state-of-the-art baselines. A case study experiment on COVID-19 con-

firms that the proposed DTA model can be used as an effective pre-screening tool in drug discovery.

Keywords: compound microstructure; drug-target interaction; binding affinity; deep learning;

COVID-19

1 Introduction

Over the past few decades, the economy and
technology have developed rapidly, and medical
technology has also made significant progress,
but the research and development of new drugs is
still a long process [1]. According to statistics,
the discovery and development of a new drug
from the start of research to successful market-
ing costs $ 8-15 billion, 10-15 years [2].

(DTRs) predic-

tion is the key step in drug discovery and devel-
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opment. In this process, developers can select
effective drugs from many candidates according
to the newly discovered DTRs, so as to improve
the efficiency and speed of new drug research and
development. In addition, DTRs can also be used
for drug repositioning, aiming at finding new uses
for approved drugs [3]. Traditional high through-
put screening experiments in drug discovery and
development are costly, with long cycle times and
high failure rates. Therefore, computational DTR
prediction has attracted increasing attention. The
in silico DTR prediction method not only con-
tributes to a better understanding of complex
biological interaction mechanisms, but also
reduces the experimental cycle and cost of find-
ing new potential drug-target interaction candi-
dates.

In the field of drug discovery, machine learn-

— 396 —


mailto:sxm@bit.edu.cn
https://doi.org/10.15918/j.jbit1004-0579.2023.041

Yijie Guo et al. / A Deep Learning Drug-Target Binding Affinity Prediction Based on Compound Microstructure ...

ing and deep learning have played an increas-
ingly important role in the identification of drug-
target interactions. Among them, DTR predic-
tion can be divided into classification problem
(drug —target interaction, DTI) and regression
problem (drug —target binding affinity, DTA)
according to the different predicted values. Most
scientists study whether there is mutual interac-
tion between drug targets, treating the binding
between drug targets as a binary classification
problem without considering the strength of
binding affinity [4]. For example, GNN-CPI [5],
DeepConv-DTI [6], Transformer [7], MolTrans
[8], HyperAttentionDTT [9], etc. The binary clas-
sification problem divides the sample data into
positive samples and negative samples, where the
positive samples correspond to the drug-target
with binding effect and the negative samples cor-
respond to the target without binding effect. This
method

whether negative samples contain potential posi-

sample division cannot determine
tive samples, and at present there is no objective
standard to divide the drug-target relationship
into two categories: yes and no. The division
threshold has a great influence on the prediction
results of binary classification. Therefore, an
increasing number of researchers have turned
their attention to the prediction of drug-target
binding affinity. In DTA prediction, early meth-
ods such as KronRLS [10] and SimBoost [11]
both use similar information from drugs and tar-
gets to predict DTAs. While the aforementioned
methods yield favorable outcomes in drug-target
affinity assignments, their effectiveness relies on
chemical expertise, thereby constraining the
potential for model optimization. Additionally,
the rapid progression of deep learning techniques
has significantly expedited the prediction of DT
pairs' affinity, resulting in the application of a
plethora of data-driven models for describing
drugs and targets. Popular methods in recent
years include DeepDTA [12], WideDTA [13], and
GraphDTA [14]. Among them, DeepDTA adopts

two three-layer 1D convolutional neural network

modules to extract the features of drug SMILES
string and protein amino acid sequence, respec-
tively, then splices and inputs them into the
three-layer DNN for prediction, and obtains bet-
ter results than traditional methods. WideDTA
uses word-based sequence representation to input
ligand SMILES,

domains and motifs, and maximum common sub-

protein  sequences, protein
structure words into the CNN module to predict
binding affinity. To enhance the capture of com-
pounds’ topological structure features, GraphDTA
was proposed by Nguyen et al. This method uti-
lizes RDKit [15] technology to transform drug
strings into graphs that reflect their structural
characteristics, then uses a graph convolutional
neural network to extract spatial features for pre-
dicting drug and target affinity. In the DeepGS
model proposed by Lin et al. [16], GAT and
BiGRU are used to model drug molecules and
sequences, and CNN is used to extract protein
features. DTITR [17] is a drug-target binding
affinity prediction model based on Transformer
that provides end-to-end solutions. The model
utilizes self-attention layers to capture the biolog-
ical and chemical background presented within
protein 1D sequence and compound structure
data. Additionally, cross-attention layers are
employed to effectively exchange information,
thus capturing the pharmacological context of
the DTAs.

In summary, the prediction of drug-target
binding affinity is a regression problem, and the
prediction results should be actual values [18].
The approach proposed in this study is based on
the features extraction of compounds and pro-
teins microstructure, and the affinity between
drugs and proteins is studied by using the frame-
work of graph attention neural network and BiL-
STM. The relevant information has been inte-
grated and optimized to enhance the accuracy of
affinity prediction. In the experiment section, the
proposed model is compared with three baselines,

and a case study is conducted on three targets of
COVID-19.
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2 Methods

We proposed a deep learning-based model with
graphs and sequences representation for DTA
prediction (DGS-DTA), as shown in Fig.1. The
framework of DGS-DTA can be divided into four
modules: data preprocess block, GAT module,
BiLSTM module and output block.

SMILES: CCON=...CO AA Seq: MKSAT..LLK

Rdkit & DGL ProtAlbert

Multilayer perceptron

[ e a2 » 1]

Affinity
Fig. 1  The framework of the DGS-DTA

The data preprocess module represents the
original data as the recognizable input of the
neural network. The GAT module is used to
learn the molecular graph representation of
drugs. The BiLSTM module learns protein fea-
tures from Albert encoded word vectors. The
output module uses the full connection layer to

calculate the final binding affinity value.

2.1 Data Preprocess

In the original data, drugs are represented in
Simplified molecular input line entry specifica-
tion (SMILES) format. We first use the Python
package RDKit to convert drug SMILES into
mol objects, then use the package DGL [19] to
initialize a molecular graph, where each node rep-
resents each atom of the drug, and each edge rep-
resents a chemical bond. In this study, 5 physi-
cal and chemical features are selected to gener-

ate drug molecule graphs. Each drug molecule is

characterized by a 78-dimensional embedding
matrix. The statistics of atomic node features are

shown in Tab.1.

Tab.1 Node features of molecular graph

Feature Representation Dimension
C,N,O,S,F,Si......
Atom symbol 44
(one hot)
0,1,2,3,4,5,6,7,8,9,
Degree of atom 11
10 (one hot)
Total number of H bound 0, 1, 2, 3,4,5,6,7,8,9, 11
to the atom 10 (one hot)
.. 07172737475767778797
Implicit valence electrons 11
10 (one hot)
Aromaticity Oorl 1

ProtAlbert [20] is selected as the word vec-
tor model for encoding protein sequences. ProtAl-
bert is a 12-layer 64- head Albert model, which is
pre-trained on UniRefl00 dataset [21]. In com-
parison with the traditional word vector model
word2vec [22], ProtAlbert is capable of encoding
protein sequence context information into the
vectors. Compared with the ProtBert model,
ProtAlbert utilizes factorized embedding parame-
terization and cross-layer parameter sharing to
reduce the model parameters and exhibits a sig-
nificant advantage in terms of training speed. In
addition, ProtBert trained 90% of the steps with
128-length sentences and the remaining 10% with
512-length sentences. However, it is generally
believed that longer sentences can stimulate mod-
els to learn higher-level and more abstract vec-
tor representations, thereby improving perfor-
mance. During ProtAlbert’s pre-training, the
place coding was trained using 512-length sen-
tences for the first 90% of steps and 128-length

sentences for the remaining 10% of steps.

2.2 GAT for Molecular Graph

Attention mechanism is one of the keys to the
success of natural language processing. By intro-
ducing the attention mechanism into graph con-
volutional networks (GCN), the relative impor-
tance between atoms can be calculated to cap-
ture the dynamic relationship between adjacent
atoms. Graph attention network (GAT) [23]
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incorporates the attention mechanism into the
graph propagation process to obtain the weight
value of each interlinked node pair. The utiliza-
tion of parallel computing operations signifi-
cantly enhances the computational efficiency of
GAT, and enables its applicability to graphs with
unknown structures, thus addressing a limitation
of spectral GCN. In the GAT architecture, the
node feature set x = {z,,z,, ...,z,} is fed into an
attention layer, which learns a novel feature set
h = {hy, h,,

coefficients «,; of each edge (i,j) are then com-

...y h,} for each node. The attention

puted using the following equation as

exp (LeakyRELU (a" [W,, | W, ]))
> ren, xp(LeakyRELU (ar [W,, | W, ]))
(D

;=

where N, indicates the set comprising of neigh-
boring nodes of V;, a denotes the weight vector
which can be learned, and W represents a shared
weight matrix for performing linear transforma-
tions. We expect the model to describe the
molecular interaction from many aspects, so we
introduce the multi-head attention mechanism.
Multi-head attention expands the attention layer
into K independent attention mechanisms, which
makes the self-attention learning process more
stable. The output features of each node are cal-

culated by the following equation as

K
hi=0o (Il( Z Z aifjW":rj> @)
k=1 jEN;
where o is the activation function, and k repre-
sents the current node. K is set to 4 here.
To extract comprehensive substructure infor-
mation, this study adopts a three-layer GAT net-
work architecture and

incorporates dropout

between each layer to mitigate overfitting.

2.3 BiLSTM for Protein Sequence

To fully learn the contextual relationships of pro-
tein sequences, a bidirectional LSTM network
[24] is used to extract the amino acid sequence
features of proteins in DGS-DTA.

BiLSTM is a recurrent neural network model

that comprises two unidirectional long short-term
memory (LSTM) units, oriented in opposing
directions. At each time step, the inputs are con-
catenated with the outputs from the correspond-
ing hidden states of the two LSTMs, which are
then used jointly to determine the output. Conse-
quently, the feature extraction process of BiL-
STM is achieved through a bidirectional flow of
information, which enables the model to effec-
tively capture both forward and backward infor-
mation in the input protein sequence. The fea-

ture extraction process of BILSTM is as follows.

hy = LSTM(z,, h,_., C\ 1) (3)
b, = LSTM(z,, by, C,y) (4)
htzth—i—vti—i—bt (5

The function LSTM () denotes a sequence of
LSTM operations performed by the network
layer, and z, denotes the input embedding. The
cell state of the previous stage is represented by
C, . and K, the corresponding hidden layer
state in the forward and reverse directions is rep-
resented by EZ and E , respectively. The weights
associated with the forward and reverse hidden
layer states of the bidirectional LSTM at time ¢
are denoted by w, and wv,, while the bias corre-
sponding to the hidden layer state at time ¢ is
represented by b,.

2.4 Output Block
After extraction, the drug and protein features
are combined and inputted into the multilayer
perceptron (MLP) [25] for final prediction. The
MLP contains two fully connected layers, with a
dropout rate of 0.2 after each layer to counteract
overfitting. The activation function for the fully
connected layers is rectified linear unit (ReLU).
The output of the last layer reveals the pre-
dicted affinity value for the drug and protein.
The goal of the model is to minimize the dif-
ference between the label and the prediction
score during the training process, so the mean

square error (MSE) is used as the loss function

— 399 —



Journal of Beijing Institute of Technology, 2023, Vol. 32, No. 4

n

1
loss = — 7 —u.)’ (6)
=13~
where 7 is the predicted value of the model, and
y corresponds to the ground truth value. n repre-

sents the number of samples in the training set.

3 Experiments and Results

3.1 Datasets

The performance of the DGS-DTA was evalu-
ated using the Davis [26] and the KIBA [27]
datasets. The Davis kinase binding affinity
dataset and the KIBA large kinase inhibitor bio-
logical activity dataset are widely used as stan-
dard datasets for affinity fitting experiments and
the details of these two datasets are presented in
Tab. 2.

Tab. 2  Details of the benchmark datasets

Dataset Compound Protein Binding entity
Davis 68 442 30056
KIBA 2111 229 118254

The label value in the Davis dataset is K,
(kinase dissociation constant). Because of the
high K value and high variance, it is common to

use equation as
K,
pK, = —log,, (g:) D

to convert the label value to logarithmic space to
obtain the pK, value [65], the label value ranges
from 5.0 to 11.0. The KIBA dataset is derived
from a method known as KIBA, in which kinase
inhibitor bioactivity data from different sources
such as K,, K, and IC,, are combined to con-
struct a KIBA score using statistical information
to optimize the consistency between K,;, K, and

IC,,. The label values range from 0 to 18.0.

3.2 Baselines
In this experiment, three state-of-the-art models
based on deep learning are selected: DeepDTA,
GraphDTA and DTITR.

DeepDTA: DeepDTA consists of two inde-
pendent CNN blocks that are used to learn the

feature representation of the drug SMILES string
and the protein sequence, respectively.

GraphDTA: GraphDTA is a model based on
drug molecular graph structure and amino acid
sequence. This model uses different graph convo-
lution models to extract the features of drug
graph structure, and uses CNN and global maxi-
mum pooling layer to get the feature vector of
protein. The two features are spliced and
inputted into the fully connected network to get
the prediction result.

DTITR: DTITR wuses original 1D sequence
and structure data to represent proteins and
compounds, and utilizes Transformer-based archi-
tecture to extract features to predict drug-target
binding affinity.

3.3 Evaluation Metrics

We choose mean square error (MSE) and concor-
dance index (CI) to evaluate the DGS-DTA. CI
is an index to evaluate the consistency of the
ordering of predicted values and their actual val-
ues, which is calculated by the following two

equations as

1
Cl=- > h(b, —b,) (8)
dg>dy
1, ifz>0
h(z)=< 0.5, ifz=0 D)
0, ifz<0

where b, is the predicted value of the higher
affinity d,, b, is the predicted value of the lower
affinity d,, and Z is the normalization constant;
h(z) is a step function.

The MSE can be computed as the mean of
the sum of the squared differences between the
predicted values 3, (i =1, 2, ...,n, n is the sam-
ple size) and the actual values y,. A smaller MSE
indicates that the predicted values are more simi-

lar to the actual values in the sample

n

1 A 2
MSE = EZ(yi—yi) (10)

=1

3.4 Experimental Setup
The DGS-DTA was implemented in PyTorch. All
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the methods were trained and tested with eight Tab. 5 Results of various methods on the KIBA dataset
Nvidia Titan XP Graphics Processing Unit. Method Drug Target CIr ~ MSEJ
We performed 10 times repeated 5-fold DeepDTA CNN 0861 0.195
. . .. s hDTA IN NN . 1
cross-validation to evaluate the predictive ability Grap G ¢ 0873 0.165
. DTITR Transformer 0.892 0.139
of models. For each time, we conducted random
. . Proposed GAT BiLLSTM 0.896 0.130
split of datasets under different random seeds.
The parameter settings of the model are shown ’
. ‘ — DGS-DTA Test
in Tab. 3. --- DGS-DTA Train
— DTITR Test
0.8 --- DTITR Train
— GraphDTA Test
Tab. 3 Main parameter settings of the model --- GraphDTA Train
0.6} DeepDTA Test
Parameter Setting value g; DeepDTA Train
Batch _size 128 04+
Learning_rate 0.0002
02}
Log_interval 100
Num _ epochs 1000 0.0 S S S S S
- 0 100 200 300 400 500 600 700 800 9001000
Dropout 0.2 Epoch
Graph_output_ dim 128 @)
: i 1.0
Graph_features dim 78 — B 8%'8% ﬁ %est
Seq_embed _dim 4096 DTIR Tost ™
_ 0.8 --- DTITR Train
N_filters 256 — GraphDTA Test
-=- GraphDTA Train
Seq_output_ dim 1024 0.6 DeepDTA Test
— — = DeepDTA Train
=
3.5 Experimental Results 0.4
To verify the performance of the model, the com- oal
parison experiments of the DGS-DTA and three /;.,L—“a"ﬁi

baselines are conducted on the Davis and KIBA
datasets. The drug and protein feature extrac-
tors used in four models are listed in Tab. 4 and
Tab. 5. We applied these baselines to the
datasets in the study and followed the same
hyper-parameter setting described in the original
papers. Learning curves of different models are
drawn on two datasets to show the training his-
tory, as shown in Fig. 2. It can be seen that
DGS-DTA gives consistently lower MSE

pared with other models. We also observe that

com-

the convergence progress of MSE is faster on the
Davis dataset than on the KIBA dataset.

0 100 200 300 400 500 600 700 800 9001000
Epoch

(b)
Fig. 2 Learning curves of different models on: (a) the Davis
dataset; (b) the KIBA dataset

3.5.1 Performance Evaluation on the Davis
Dataset
The results of the CI and MSE on the Davis
dataset is shown in Tab. 4. As shown in Tab. 4,
the CI and MSE of DGS-DTA are improved by
0.006 and 0.019, respectively, compared to the
best performance of the baseline. This demon-
strates the ability of the model to correctly pre-
dict the binding strength between drugs and tar-

Tab. 4 Results of various methods on the Davis dataset gets, which is critical for DTA prediction in drug
Method Drug Target CIt MSE| discovery.

DeepDTA CNN 0.873  0.261 The ten cross-validation results for each

GraphDTA GIN CNN 0.882  0.256 method on the Davis dataset are presented as
DTITR Transformer 0891 0.234 boxplots, as shown in Fig. 3. It can be seen that

DGS-DTA CAT BiLSTM  0.897  0.215

the DGS-DTA is not only significantly superior
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to the other three methods in overall scores on
CI and MSE, but also has the lowest interquar-
tile range on CI, which indicates that the model

is more robust.

0.22

021¢

0.20 1

0.19
201871 ' DeepDTA
£0.17 ¢ = GraphDTA
50.16¢ a DTITR

0.15 ¢ _ "DGS-DTA (ours)

0.14 + e

0.13 1 T —

0.12

Method
(@

0.90

0.89 1
o 083}
2 = - 1 DeepDTA
£ 087t . = GraphDTA
m = DTITR
E 0.86 @ DGS-DTA (ours)

0.85

0.84 —

(b)
Fig. 3 Boxplot representation of experimental results on the
Davis dataset: (a) CI values of the four methods; (b)
MSE values of the four methods
3.5.2 Performance Evaluation on the KIBA
Dataset
To further evaluate the performance of the pro-
posed model, we performed experiments on
another dataset. Tab.5 shows the results of these
models on the KIBA datasets. On KIBA, the
DGS-DTA outperforms DTITR by 0.004 and
0.009 on CI and MSE.

The boxplot displays all the experimental
results of four models in Fig. 4. The results show
that, the average values of CI and MSE scores of
the DGS-DTA is much better than DeepDTA,
although the interquartile range of the DGS-
DTA is slightly lower than DeepDTA. All indices
of DGS-DTA are better than those of GraphDTA
and DTITR, fully demonstrating that the model
has better predictive performance.

The performance improvement of our model
benefits from integrating the microstructure fea-
tures of drug molecules and protein sequence fea-

tures as input. Compared with the method of

0.27

0261 &

025}
8 _ =DeepDTA
<0241 =GraphDTA
z E =DTITR
0023} mDGS-DTA (ours

022 ¢ -

0.21

Method
(a)
091
0.90 |
*Q@

5089 NS
s : - ©DeepDTA
> 0.88 - sGraphDTA
2 sDTITR
=087 sDGS-DTA (ours)

0.86 |

0.85

Method

(b)
Fig. 4 Boxplot representation of experimental results on the
KIBA dataset: (a) CI values of the four methods; (b)
MSE values of the four methods
DeepDTA, which only uses sequence features as
input, DGS-DTA can capture the deep
tural information of drugs. Compared with
GraphDTA and DTITR, DGS-DTA has more

advantages in protein feature extraction. We

struc-

exploit Albert as a word vector model to encode
protein sequences, and use Bi-LSTM to learn
these embedding vectors. The contextual infor-
mation and spatial correlation of protein
sequence are fully considered. The DGS-DTA
improves the ability to predict the drug-target
binding affinity by enriching the data input and
feature extraction.

3.6 Case Study

Severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) has caused a pandemic COVID-
19 in the end of 2019. In fact, except for several
drugs that are only effective against severe
COVID-19, there are no real anti-COVID-19
drugs until today. To verify the reliable predic-
tion performance of the proposed model, we used
the trained DGS-DTA to predict the binding
affinity between 3137 FDA-approved drugs and
three key proteins of SARS-CoV-2: spike, 3C-like
proteinase and helicase. Neither of these 3137

drugs nor the 3 proteins are included in the
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training dataset. The SMILES sequences of 3137
FDA-approved drugs is acquired from literature
[28]. We screened the top 50 drugs with affinity
score for each target, then listed the antiviral
drugs among them in Tab. 6. There are totally
14 antiviral drugs screened out, 5 drugs for spike,
4 drugs for 3C-like proteinase and 5 drugs for

helicase.

Tab. 6 Antiviral drugs with better affinity for three replica-
tion-related proteins of SARS-CoV-2 predicted by

DGS-DTA
Key proteins in ~ Antiviral ~ Predicted ADV  Rank of
SARS-CoV-2 drug score score 3137 drugs
Spike Saquinavir 9.48 —6.74 11
Ritonavir 9.35 —-6.51 16
Tenofovir 9.06 -5.03 25
Boceprevir 8.95 -5.26 34
Danoprevir 8.93 —4.89 38
3C-like proteinase Saquinavir 9.19 —6.73 21
Peramivir 9.08 —6.18 27
Danoprevir 9.02 -5.67 33
Lopinavir 9.01 -5.53 35
Helicase Lopinavir 9.51 —6.05 9
Ritonavir 9.36 —-6.39 15
Saquinavir 9.31 -6.11 17
Boceprevir 8.79 -5.94 42
Peramivir 8.72 5.82 48

We scored these 14 antiviral drugs by
AutoDock-Vina (ADV) [29]. As shown in Tab. 6,
the trends of the predicted scores and ADV
scores are generally consistent, which proves that
the score ranking is reliable.

The case study demonstrates that DGS-
DTA can be used as a tool to accelerate drug

development and discovery.

4 Conclusions

A deep learning DTA prediction model based on
the microstructure of compounds and proteins is
proposed. The experimental results on the Davis
and the KIBA datasets are better than the state-
of-the-art baseline models. The improved perfor-
mance of DGS-DTA is due to: 1) The input data
encoding method. The drugs are represented by

molecular graph data, and the ProtAlbert is con-
sidered as a word vector model to encode pro-
tein sequence. 2) Feature extraction. A three-
layer GAT neural network is used to extract
molecular graph features that fully model the
microstructure of drug molecules and learn deep
internal information. A bidirectional LSTM is
employed to learn the context correlation of the
protein sequence and capture the structural fea-
tures of the sequence.

To validate the practical value of the pro-
posed model in COVID-19 drug discovery, we
selected three key proteins of SARS-CoV-2, pre-
dicted their affinity scores with 3137 FDA-
approved drugs. We compared the antiviral
drugs of top 50 binding scores with the
AutoDock Vina scores. The results of the case
study show high agreement the ADV scores and
the predicted scores.

The proposed model exhibits excellent per-
formance in evaluation experiment and performs
well in case study experiment. As a result, the
DGS-DTA can be work as a screening tool in

drug development.
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