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Abstract: Breast cancer is presently one of the most common malignancies worldwide, with a higher fatality rate. In this study, a quantita‐
tive structure-activity relationship (QSAR) model of compound biological activity and ADMET (Absorption, Distribution, Metabolism, Ex‐
cretion, Toxicity) properties prediction model were performed using estrogen receptor alpha (ERα) antagonist information collected from 
compound samples. We first utilized grey relation analysis (GRA) in conjunction with the random forest (RF) algorithm to identify the top 
20 molecular descriptor variables that have the greatest influence on biological activity, and then we used Spearman correlation analysis to 
identify 16 independent variables. Second, a QSAR model of the compound were developed based on BP neural network (BPNN), genetic 
algorithm optimized BP neural network (GA-BPNN), and support vector regression (SVR). The BPNN, the SVR, and the logistic regres‐
sion (LR) models were then used to identify and predict the ADMET properties of substances, with the prediction impacts of each model 
compared and assessed. The results reveal that a SVR model was used in QSAR quantitative prediction, and in the classification prediction 
of ADMET properties: the SVR model predicts the Caco-2 and hERG(human Ether-a-go-go Related Gene) properties, the LR model pre‐
dicts the cytochrome P450 enzyme 3A4 subtype (CYP3A4) and Micronucleus (MN) properties, and the BPNN model predicts the Human 
Oral Bioavailability (HOB) properties. Finally, information entropy theory is used to validate the rationality of variable screening, and sen‐
sitivity analysis of the model demonstrates that the constructed model has high accuracy and stability, which can be used as a reference for 
screening probable active compounds and drug discovery.
Key words: anti-breast cancer; drug discovery; quantitative structure-activity relationship (QSAR) model; ADMET (Absorption, Distri‐
bution, Metabolism, Excretion, Toxicity) prediction; machine learning
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0　Introduction

Breast cancer is currently one of the most common 
malignancies in the world with a higher mortality rate[1]. 

Breast cancer development is intimately linked to estro‐

gen receptors. According to research, estrogen receptor 

alpha (ERα) is present in less than 10% of normal breast 

epithelial cells, whereas it is expressed in 50%-80% of 

Article ID  1007-1202(2023)03-0257-14

DOI https://doi.org/10.1051/wujns/2023283257

Received date: 2022-11-30
Foundation item: Supported by the Postgraduate Research & Practice Innovation Program of Jiangsu Province (KYCX23_0082)
Biography: XU Zonghuang, male, Ph.D. candidate, research direction: information science, mathematical modeling, big data analysis, machine learning and national 
scientific and technological intelligence. E-mail: zonghuangxu@yeah.net



Wuhan University Journal of Natural Sciences 2023, Vol.28 No.3 

breast carcinoma cells[2-4]. While the experimental results 
of mice lacking in the ERα gene suggest that ERα does 
play a significant role in breast development[5,6]. Antihor‐
monal treatment, which reduces the level of estrogen in 
the body by controlling the activity of estrogen recep‐
tors, is commonly utilized in breast cancer patients with 
ERα expression now[7]. ERα is seen as a key target for 
breast cancer treatment, and chemicals that may inhibit 
ERα activity may be potential medications for the treat‐
ment of breast cancer[8,9]. Tamoxifen and raloxifene, two 
of the most often used medications in the therapeutic 
treatment of breast cancer, are ERα antagonists[10].

To screen probable active compounds in drug devel‐
opment, the process of building a compound activity pre‐
diction model is now employed to save time and money. 
Because each compound sample contains 729 compound 
descriptor variables, and not all of them can offer infor‐
mation on the biological activity of Erα, Li et al[11] pro‐
posed a technique for selecting representative features 
based on Pearson correlation analysis and Euclidean dis‐
tance, and then used this method to screen the represen‐
tative molecular descriptors in the quantitative structure-
activity relationship (QSAR) model. To hunt for charac‐
teristic compound descriptors and construct quantitative 
prediction models for QSAR, several studies used ma‐
chine learning approaches such as regression analy‐
sis[12-14], decision tree algorithm[15], artificial neural net‐
work[16-18], support vector machine[19], and so on. The spe‐
cific technique is as follows: given a disease-related tar‐
get (ERα), gather a series of compounds that operate on 
the target and their biological activity data, and then uti‐
lize a series of molecular structure descriptors as inde‐
pendent variables and the biological activity values of 
the compounds as a dependent variable in the construc‐
tion of a QSAR model of the compound, which is subse‐
quently used to forecast novel compound molecules with 
improved biological activity[20-23].

To become a drug candidate, a compound must 
have good biological activity (anti-breast cancer activ‐
ity), as well as good pharmacokinetic properties and 
safety in the human body, which are referred to collec‐
tively as ADMET (Absorption, Distribution, Metabo‐
lism, Excretion, Toxicity) properties. Among them, 
ADME mostly relates to the compound 􀆳 s pharmacoki‐
netic features, which define the law of the compound 􀆳s 
concentration in the organism over time, and T primarily 
refers to the hazardous and adverse effects that the 
chemical may create in the human body. No matter how 

active a molecule is, if its ADMET qualities are bad, for 
example, it is difficult to absorb by the human body, or 
the metabolism rate in the body is too quick, or it is poi‐
sonous. It will be difficult to become a medicine, thus 
ADMET properties must be adjusted. At present, ma‐
chine learning techniques based on random forest[24, 25], 
naive Bayes[26], and neural network algorithms[27, 28] are 
widely utilized in ADMET properties classification and 
prediction models, successfully advancing the drug de‐
velopment process[29-32]. This paper considers the com‐
pound 􀆳 s five ADMET properties, which are as follows: 
1) Small intestine epithelial cell permeability (Caco-2), 
which assesses a compound􀆳s capacity to be absorbed by 
the human body. 2) Cytochrome P450 enzyme 3A4 sub‐
type (CYP3A4), which is the main metabolic enzyme in 
the human body and can measure the metabolic stability 
of the compound. 3) Compound cardiac safety evalua‐
tion (hERG), which can measure the cardiotoxicity of the 
compound. 4) The Human Oral Bioavailability (HOB), 
which measures the proportion of a medicine absorbed 
into the human bloodstream after it enters the human 
body. 5) The Micronucleus (MN) test determines if a 
chemical is genetically harmful.

In this study, a QSAR model of compound biologi‐
cal activity and a classification prediction model of 
ADMET properties were performed for the biological ac‐
tivity of anti-breast cancer drug candidates. Specifically, 
the main contributions of this paper are as follows:

  ● Grey correlation analysis (GRA) model combined 
with random forest (RF) method was used to determine 
the top 20 molecular descriptor variables that had the 
greatest influence on biological activity. Moreover, infor‐
mation entropy theory and Spearman correlation analy‐
sis were used respectively to verify the rationality of 
variable selection and the independence of variables. 
This method can improve the preparation efficiency of 
new drug compounds to a certain extent.

  ● Support vector regression (SVR) model was used 
to construct QSAR prediction model. The prediction ef‐
fect of the model is better than that of BP neural network 
(BPNN) model and the BP neural network model opti‐
mized by genetic algorithm (GA-BPNN), which is of 
great value in the research of anti-breast cancer drugs.

  ● By comparing and evaluating the prediction effect 
of the models, different biological activities of com‐
pounds were predicted based on BPNN model, SVR 
model and logistic regression (LR) model, which can 
provide reference for screening possible active com‐
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pounds and drug discovery.

1　Materials and Methods

1.1　Dataset

The data set for this study was obtained from the 
2021 "Huawei Cup" China Postgraduate Mathematical 
Contest in Modeling[33]. There are three files in total: 
ERα_activity. xlsx, Molecular_Description. xlsx and 
ADMET.xlsx. The dataset in this study provided data on 
the biological activity of 1 974 compounds against ERα, 
729 molecular descriptor information (independent vari‐
ables), and data on five ADMET properties are supplied 
for the breast cancer therapy target ERα. The biological 
activity data of 1 974 chemicals on ERα were supplied 
for breast cancer therapy target ERα. These data may be 
found in the "ERα activity. xlsx" file 􀆳 s training table 
(training set). There are three columns in the training 
table. The structural formulae of 1 974 compounds are 
provided in the first column, which is represented by the 
one-dimensional linear expression SMILES (Simplified 
Molecular Input Line Entry System). The second col‐
umn contains the biological activity value of the com‐
pound against ERα (represented by IC50, it is an experi‐
mental measurement value, the unit is nmol/L. The 
smaller the value, the greater the biological activity, and 
the more effective it is to inhibit ERα activity). The third 
column contains the pIC50 (the negative logarithm of the 
IC50 value, which is the negative logarithm of the IC50 
value in the second column), which is usually positively 
correlated with biological activity; that is, the higher the 
pIC50 value, the greater the biological activity. The file 
also includes a test table (test set) with SMILES formu‐
lae for 50 substances.

The 729 molecular descriptor information (indepen‐
dent variables) of the 1 974 compounds are provided in 
the training table (training set) in the file "Molecular De‐
scriptor. xlsx". The first column also contains the com‐
pound􀆳s SMILES formula, and there are 729 columns af‐
ter that. Each column denotes a molecular description 
(an independent variable) of the molecule. The molecu‐
lar descriptor of a compound is a set of parameters used 
to describe its structure and properties, such as physical 
and chemical properties, topological structure character‐
istics, and many more. Similarly, there is a test table in 
the file that lists the 729 molecular descriptors of the 50 
test set compounds.

In addition to considering the compound 􀆳s biologi‐

cal activity, it is also vital to assess its ADMET proper‐
ties. Data on the ADMET attributes of the 1 974 com‐
pounds are supplied in the training table (training set) in 
the file "ADMET. xlsx". The first column also reflects 
the compound structure􀆳s SMILES formula, and the next 
5 columns correspond to the ADMET attributes of each 
compound, with the two-classification technique utilized 
to generate the relevant value, as shown below: 1) Caco-2: 
a value of 1 indicates that the chemical has improved 
small intestine epithelial cell permeability, while a value 
of 0 suggests that the compound has decreased intestinal 
epithelial cell permeability. 2) CYP3A4: A value of 1 in‐
dicates that the chemical may be metabolized by 
CYP3A4, whereas a value of 0 indicates that the mol‐
ecule cannot be metabolized by CYP3A4. 3) hERG: a 
value of 1 indicates that the chemical has cardiotoxicity, 
whereas a value of 0 indicates that the compound does 
not have cardiotoxicity. 4) HOB: A value of 1 indicates 
that the chemical has excellent oral bioavailability, 
whereas a value of 0 indicates that the drug has low oral 
bioavailability. 5) MN: A value of 1 indicates that the 
chemical is genotoxic, whereas a value of 0 indicates 
that the compound is not genotoxic.

1.2　Data Processing

If more than 90% of the compounds have a molecu‐
lar descriptor variable value of 1, this molecular descrip‐
tor variable is thought to have minimal influence and 
will not affect the biological activity of the ERα antago‐
nist. We delete the molecular descriptor variables with 
variances less than 10 and variable values all of which 
are 0. The remaining 474 molecular descriptor variable 
data are normalized. Although the biological activity and 
compound molecular descriptor data of ERα are not 
monitored values, they are given molecular characteris‐
tics, and the data are extremely trustworthy, but the mea‐
surement units differ owing to the varied properties of 
the indicators. Therefore, standardizing the data is re‐
quired to reduce the impact of dimensions between data 
components and to produce a consistent assessment stan‐
dard that allows diverse indications to be compared.

The most common contemporary normalizing meth‐
ods are linear scale transformation, range transforma‐
tion, and zero-mean normalization. When new data is 
added to them, the maximum and lowest values of the 
range transformation technique change. It needs to be re‐
defined at this moment, and there are severe maximum 
and lowest values. It is better suited for modest amounts 
of data. Obviously, it is not applicable to the 1 974 com‐

259



Wuhan University Journal of Natural Sciences 2023, Vol.28 No.3 

pounds􀆳 associated data. Because the zero-mean normal‐
ization criterion only applies to arrays that follow the 
normal distribution, we utilized the linear proportional 
transformation technique to normalize the data, such that 
all variable values are mapped to the range [0,1], and the 
original data is scaled proportionately.

1.3　Molecular Descriptor Variables Screening

Each compound sample has 729 compound descrip‐
tor variables, but not all of them can offer information 
on the biological activity of ERα. This is due to collin‐
earity, which occurs when the variables include the same 
or similar information. We first preprocess the data of 
729 molecular descriptor variables to remove dimen‐
sional impact and make various variables comparable. 
The original input spatial data will then be mapped to a 
new space via a specific transformation, thereby chang‐
ing the molecular descriptor variables, considering the 
dimensionality reduction methods of data feature trans‐
formation such as principal component analysis, factor 
analysis, and singular value decomposition. To establish 
a rating of the significance of each variable to biological 
activity, we first apply the gray correlation analysis 
model to analyze the correlation between each molecular 
descriptor variable and the biological activity value of 
the molecule to ERα. On this basis, we apply the random 
forest technique of supervised machine learning to ex‐
tract the amount of the contribution of various variables 
to better understand the relevance of variable discrimina‐
tion and its influence on biological activity. Finally, the 
top 20 factors with the greatest influence on biological 
activity are identified, and the rationale of the chosen 
variables is assessed.
1.3.1　The GRA model

The GRA model can calculate the relevance of each 
molecular descriptor variable 􀆳s effect on ERα biological 
activity[34]. The GRA model is a method for measuring 
the degree of correlation between the properties of vari‐
ous variables that is based on grey theory. We can com‐
pare and rank the importance of the variables by using 
the degree of correlation between each molecular de‐
scriptor variables and the biological activity value of the 
compounds for ERα. The greater the correlation is, the 
more important the variable is for the biological activity 
of ERα. The key process phases are as follows:

1) Establish the comparison and reference se‐
quences

The 474 molecular descriptor variable data se‐
quences are regarded as comparison sequences, and the 

experimentally observed value of the compound 􀆳 s bio‐
logical activity IC50 for ERα is regarded as the reference 
sequence.

2) Determine the grey correlation degree
The grey correlation degree between the compari‐

son and reference series is defined as

r(x0xi )=
1

1974∑k = 1

1974

ξ i (k) (1)

ξ i (k)=
min

s
min

t
|| x0 (t)- xs (t) + ρmax

s
max

t
|| x0 (t)- xs (t)

|| x0 (k)- xi (k) + ρmax
s

max
t

|| x0 (t)- xs (t)

(2)

where ξ i (k) represents the correlation coefficient of the 

comparison sequence xi to the reference sequence x0 on 
the k-th molecular descriptor variable. ρ is the model 

resolution coefficient and fulfills ρÎ[01], which is taken 

ρ = 0.5. min
s

min
t

| x0 (t)- xs (t) | represents the two-level 

minimum difference, and max
s

max
t

| x0 (t)- xs (t) | repre‐

sents the two-level maximum difference.
1.3.2　RF model

We utilize the RF technique of supervised machine 
learning to generate the top 100 variables based on the 
GRA model to extract the amount of the contribution of 
various variables to better understand the relevance of 
variable discrimination and its influence on biological 
activity, and lastly obtain the top 20 factors with the 
greatest influence on biological activity. The RF model 
is a very flexible integrated machine learning system  
that uses a decision tree as the primary learner[35]. Be‐
cause the algorithm has its own feature variable screen‐
ing method, it can assess the significance of each mo‐
lecular descriptor variable􀆳s effect on ERα biological ac‐
tivity. The major steps in the procedure are as follows:

1) Determining the contribution of variables
The RF model is used to filter molecular descriptor 

variables that influence the relevance of ERα biological 
activity. The average value of each variable 􀆳 s contribu‐
tion to each decision tree in the random forest is used to 
assess the relevance of the molecular descriptor vari‐
ables. The relevance of a variable is established by com‐
paring its contribution to that of other molecular descrip‐
tor variables. The Gini index (GI) is used to indicate the 
contribution of factors to ERα biological activity, and 
the formula is as follows:

GIm =∑
k = 1

|| K∑
k′¹ k

pmk pmk′ = 1 -∑
k = 1

|| K

p2
mk (3)

where GIm represents the Gini index of node m, pmk rep‐
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resents the fraction of category k in node m, and K indi‐
cates the number of decision tree categories.

Then the Gini index score of each molecular de‐
scription variable is

VIM( )Gini
jm =GIm -GI l -GIr (4)

where VIM( )Gini
jm  is the significance of the variable at node 

m, which indicates the change in the Gini index of the 
decision tree branch at node m; GI lGIr are the Gini indi‐
ces of the two new nodes after the decision tree is 
branched.

2) Training using random forests
We undertake RF training on the molecular descrip‐

tor variables that determine the relevance of ERα bio‐
logical activity in the RF model, which is primarily 
based on the Bagging concept[36] and the feature sub‐
space idea[37]. The Bagging idea is to use the bootstrap 
approach to randomly generate k new sample sets from 
the original data set of molecular descriptor variables 
with replacement, and then build k related decision trees. 
The feature subspace concept is primarily represented in 
the fact that whenever a decision tree is constructed, 
each node splitting must randomly and equiprobably 
take a subset of attributes from all attributes. Then, from 
the attribute subset, we choose one attribute that is 
thought to be the best to split the node. Because each de‐
cision tree 􀆳 s training is independent of the others and 
each decision tree is of equal importance, there is no 
need to consider the weight of the decision tree, and the 
RF algorithm can be implemented directly through paral‐
lel processing, which can improve the efficiency of our 
model.

3) Sorting the features based on their weights
The RF algorithm􀆳s feature weights represent varia‐

tions in molecular descriptors and the importance of the 
quantity to the biological activity of ERα. If the node of 
the molecular descriptor variable in the i-th decision tree 

is M, then the variable 􀆳 s relevance in the i-th decision 

tree is

VIM( )Gini
jm =∑

mÎM

VIM( )Gini
jm (5)

If the RF contains n decision trees, then

VIM( )Gini
j =∑

i = 1

n

VIM( )Gini
ij (6)

The significance scores of 474 molecular descriptor 

variables are then normalized as

VIM j =
VIM j

∑
i = 1

474

VIM i

(7)

Finally, the variables 􀆳 relevance ratings are ranked 
in descending order, and the top 20 are chosen as the mo‐
lecular descriptor variables with the greatest influence 
on ERα biological activity.

1.4　The QSAR Model

The QSAR prediction models primarily comprise 
linear and non-linear prediction models. A multiple lin‐
ear regression model is used in the standard linear 
model. However, because the molecular descriptor vari‐
ables of the compounds have interaction relationships, 
the variables are nonlinear and interrelated, making the 
traditional linear prediction models not applicable. More 
and more nonlinear prediction models are being used in 
QSAR prediction models, with neural network predic‐
tion models being the most common nonlinear predic‐
tion models presently. As a result, this paper employs the 
BP neural network model, the BP neural network model 
optimized by the genetic algorithm, and the support vec‐
tor regression model to develop a QSAR quantitative 
prediction model for ERα biological activity. Further‐
more, in this inquiry, we randomly choose 90% of the 
data from the 1 974 sample data set. The remaining 10% 
of the data are utilized for model accuracy verification 
and comparison to evaluate the model 􀆳s rationality after 
training the three models. The technical route is shown 
in Fig. 1.

1.4.1　The BPNN model
The BPNN model is a common artificial intelli‐

gence network algorithm[38]. It has high nonlinear map‐

Fig. 1　The QSAR prediction model technical framework 

diagram

261



Wuhan University Journal of Natural Sciences 2023, Vol.28 No.3 

ping capabilities and is made up of an input layer, many 
hidden layers, and an output layer. Furthermore, its net‐
work structure is basic, with superior data approxima‐
tion ability and high computation accuracy, making it 
particularly ideal for the prediction of nonlinear issues. 
The BPNN model􀆳s learning process may be broken into 
two steps: forward and back propagation. The forward 
propagation involves processing incoming information 
from the input layer via the hidden layer and passing it 
to the output layer. If the required output cannot be ac‐
quired in the output layer, back propagation is used, and 
the error signal is returned along the original connection 
line. The fundamental steps are as follows:

1) Determination of the hidden and output layer
The j-th neuron􀆳s input and output values in the hid‐

den layer are as follows:

ì

í

î

ïïïï

ïïïï

hidinputj
=∑

i = 1

I

wij xi

hidoutputj
=F ( )hidinputj

(8)

where F(x) denotes the transfer function.
The output layer􀆳s input and output calculation for‐

mulae are as follows:

ì

í

î

ïïïï

ïïïï

outinputm
=∑

j = 1

J

wjm hidoutputj

out_output1 =F ( )out_input1

(9)

2) Determination of the training error
The n-th generation􀆳s error is:

em(n) = out_output1 - ym (10)

where ym is the expected output.

The network􀆳s overall error is:

e (n) = 1
2∑m = 1

M

e2
m( )n (11)

3) Error back propagation
The following is how the weights between the out‐

put layer and the hidden layer are corrected:
wjm(n + 1) =wjm(n) +Dwjm(n) (12)

where wjm(n) is the amount of weight adjustment be‐

tween the output layer and the hidden layer.
The determination of the number of nodes in each 

layer of the neural network is a critical technology that 
has a direct impact on the network simulation 􀆳s perfor‐
mance. The BPNN model created in this article has the 
following structure: the input layer indicators are 16 mo‐
lecular description variables chosen using SCA. Accord‐
ing to the "Rule of Thirds" theorem, this paper defines 
the number of hidden layer nodes as 13 based on the 

consideration of decreasing errors, enhancing network 
convergence effect, and lowering model calculation 
time, and the output layer index is a pIC50 variable show‐
ing the biological activity of the ERα.
1.4.2　The GA-BPNN model

Because the BPNN model belongs to the local 
search optimization, the prediction result may be the lo‐
cal optimal rather than the global optimal, the learning 
convergence speed is slow, and the model cannot accu‐
rately obtain the initial connection weights and thresh‐
olds during training. The genetic algorithm is combined 
with BPNN in this paper, and the initial weight and 
threshold are optimized by genetic algorithm[39].

The GA-BPNN model is divided into two parts: ge‐
netic algorithm optimization of initial weights and 
thresholds, and BP neural network training and predic‐
tion. To begin with, because the BP neural network can‐
not precisely determine the initial connection weights 
and thresholds during training, it is often initialized to a 
random value in the range of -0.5 to 0.5 by default, 
which has a significant influence on the neural network􀆳s 
whole training process. When the genetic algorithm is 
applied to optimize the BP neural network 􀆳s prediction: 
1) The neural network topology is determined by the 
number of input and output parameters of the BP neural 
network training set data to determine the number of pa‐
rameters that need to be optimized by the genetic algo‐
rithm, namely the coding length of the population indi‐
viduals in the genetic algorithm. 2) Because everyone in‐
cludes the connection weight and threshold value of a 
specific network, just the fitness function is required to 
determine the population􀆳s individual fitness value. 3) When 
estimating the pIC50 of ERα biological activity, our aim 
is to minimize the residual difference between the devel‐
oped model 􀆳s predicted value and the actual value. As a 
result, it is utilized as the genetic algorithm fitness func‐
tion after sorting the norm of the model predicted value 
and the actual value error matrix. 4) The ideal connec‐
tion weights and thresholds may then be derived using 
selection, crossover, and mutation operations. 5) Finally, 
the evolutionary algorithm-optimized connection weights 
and thresholds are inserted into the network 􀆳s BP nerve 
train to obtain the prediction result.
1.4.3　The SVR model

The support vector machine (SVM) offers the ad‐
vantages of rapid learning, global optimization, and a 
high degree of generalization capacity. Its learning out‐
comes out-perform other regression prediction ap‐
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proaches, and it has been effectively implemented in a 
variety of applications such as text and speech recogni‐
tion, time series data prediction, and so on. The SVR 
model is a method for solving regression issues that em‐
ploys SVM[40]. The following are the procedures for us‐
ing the SVR model to solve the regression prediction is‐
sue:

1) Mapping and the definition of a loss function
Find a nonlinear mapping Φ from the input space to 

the output space for the regression problem using the 
sample set of (x1y1 ) (x2y2 ) (xnyn ). The data in the 

sample set is transferred to the high-dimensional space F 
via this mapping, and linear regression in this space F is 
performed using the following linear function in the fea‐
ture space:

f ( x) = tΦ ( x) + bΦ: n®FtÎF (13)

where b is the threshold. Because the mapping is fixed, 

the total of empirical risks impact t and | t |2
 that cause it 

to be flat in high-dimensional space, namely:

R (t ) = 1
2
 t

2 +∑
i = 1

n

ε [ ]f ( )xi - yi (14)

where n is the number of samples. ε[x] is the loss func‐

tion, and it only computes sample points other than 
[-εε].

2) Minimizing the objective function.
To control the function 􀆳s complexity, the linear re‐

gression function should be as flat as possible, even if 
the Euler norm of t is the smallest, and the fitting error 
that may exceed the accuracy is considered. The relax‐
ation factor is introduced. According to the statistical 
learning theory 􀆳s structural risk criteria, the SVR model 
determines t and b in equation (13) by minimizing the 
objective function, that is, the following equation is 
minimized:

R (tξ iξ *
i ) = 1

2
 t

2 +C∑
i = 1

n

( )ξ i + ξ *
i

s.t.

ì

í

î

ïïïï

ï
ïï
ï

yi - tΦ ( )xi - b ≤ ε + ξ i

tΦ ( )xi + b - yi ≤ ε + ξ *
i

ξ iξ *
i ≥ 0

(15)

where the first term flattens the regression function and 
improves generalizability, and the second term is error 
reduction. The constant C > 0 is used to balance the re‐
gression function􀆳s flatness and the number of deviations 
bigger than the number of sample points ε.

3) Creating a Lagrangian equation
We introduce the Lagrangian multiplier α iα*

i λ iλ*
i , 

and establish the equation:

L ( )tbαξ =
1
2
 t

2 +C∑
i = 1

n

( )ξ i + ξ *
i

-∑
i = 1

n

α i( )ε + ξ i - yi + tΦ ( )xi + b

-∑
i = 1

n

α*
i ( )ε + ξ *

i + yi - tΦ ( )xi - b

-∑
i = 1

n

( )λ iξ i + λ*
i ξ

*
i (16)

Allow the partial derivative of the parameters to be 

equal to 0 to obtain the minimum value of the equation 

(16), and then solve the dual optimization problem. As a 

result, the SVM function regression issue may be simpli‐

fied to a quadratic programming problem.

We can get t represented by data points and the lin‐

ear regression function by solving the quadratic pro‐

gramming problem:

         

f ( x) = tΦ ( xi) + b

=∑
i = 1

n

(α i - α*
i )[ ]Φ ( )xi Φ ( )x + b

=∑
i = 1

n

(α i - α*
i ) K ( xxi) + b (17)

where K(xxi ) is the kernel function. Different SVM 

may be generated by using different types of kernel func‐

tions.

4) Selection of the kernel functions

The kernel functions that are commonly utilized in‐

clude the radial basis function, polynomial function, per‐

ceptron function, linear function, and so on. Based on a 

priori understanding of the sample data set, we choose 

the radial basis function, which is appropriate for nonlin‐

ear sample data, has less parameters for the polynomial 

kernel function, and performs well for a variety of 

sample sizes. The formula is as follows:

K ( xxi) = e
-
 x - xi

2

δ2 (18)

1.5　ADMET Prediction Model

The qualities of compound ADMET are connected 
to its molecular features and are dependent factors. The 
properties of the five compounds are all classed as 0-1 
binary variables. As a result, we intend to categorize and 

forecast compound ADMET properties using three mod‐

els: the BPNN model, the SVR model, and the LR 

model[41]. Five categorization prediction models of 

ADMET properties were determined by a comparison in‐

vestigation of the prediction effects of the three models, 

to produce matching predictions for the 50 compounds. 

We develop a Logistic regression-based compound 
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ADMET property categorization prediction model.
An LR model can be created by knowing that Xi =

(x1x2xr ) is a compound molecular descriptive vari‐

able that impacts the ADMET properties of the i-type 
compound and Yij is the value of the j-th ADMET attri‐
bute of the i-type compound:

Yij = α i0 + α1 x1 + α2 x2 + + αr xr (19)

where α i0 is the intercept, αr is the slope coefficient, xr is 
the independent variable, that is, the compound molecu‐
lar descriptor variable.

We define the probability that the compound 􀆳 s 
ADMET property is good as P, and the probability that 
the compound􀆳s ADMET property is poor as the value of 
the probability PÎ[01]. When the Caco-2 value of 

ADMET is 1, it suggests that the compound has superior 
small intestine epithelial cell permeability, indicating 
that the molecule has excellent properties. Similarly, a 
CYP3A4 score of 1 indicates that the substance has ex‐
cellent properties. The compound has excellent proper‐
ties when the hERG value is 0. The compound has excel‐
lent properties when the HOB value is 1. The compound 
has excellent properties when the MN value is 0.

We apply a Logistic transformation on P while also 
using Logistic P as the dependent variable to construct a 
linear regression equation:

Yij =Pij =
1

1 + e
(a +∑

k = 1

r

xik × αk)
(20)

where Pij represents the probability that the compound 􀆳s 
ADMET property is excellent, a is the regression inter‐
cept, xik is the independent variable, that is, the com‐
pound molecular descriptor, which is the number of mo‐
lecular descriptors of the i-th compound, and αk repre‐
sents each molecular descriptor􀆳s regression coefficient.

2　Results

2.1　The Top 20 Variables

The RF technique is used to solve the top 100 vari‐
ables obtained by the GRA model, and the top 20 vari‐
ables with the greatest effect on biological activity are fi‐
nally achieved. The results are shown in Table 1.

2.2　Variable Independence Analysis

The top 20 variables with the greatest influence on 
biological activity may contain the same or comparable 
information, resulting in collinearity of the variables, 
which will be serious if there is a strong correlation be‐
tween the variables. We employ Spearman 􀆳s correlation 

analysis (SCA) to assess the relationship between 20 
variables. The SCA method is a non-parametric statisti‐
cal tool created by statistician Spearman that is primarily 
based on the study of correlations between two vari‐
ables[42]. The greater the connection between the two 
variables, the bigger the Spearman correlation coeffi‐
cient. The 20 molecular descriptor variables were sub‐
jected to Spearman correlation analysis, the results are 
shown in Fig. 2.

Figure 2 shows that the correlation between the 20 
molecular descriptor variables is lighter in color, indicat‐
ing that most of the variables are not linearly correlated. 
The more prominent correlations between a few vari‐
ables are mainly 10-18 (ξ=0.999 2), 1-14 (ξ=-0.921 9), 

12-14 (ξ=0.885 9), 15-17 (ξ=0.881 5), and 11-19 (ξ=

0.821 5). We excluded the four variables rated 14, 17, 
18, and 19 in terms of relevance, MAXDN, minaaCH, 
gmax, and SP-6.

2.3　The Results of QSAR Model

In this paper, we randomly chose 90% of the data 
from the 1 974 set of sample data for training the three 
models, and the remaining 10% was utilized for model 
accuracy verification and comparison to evaluate the 
model 􀆳s reasonableness. The mean square error (MSE), 
root mean square error (RMSE), mean absolute error 
(MAE), mean absolute percentage error (MAPE), and 
symmetric mean absolute percentage error (SMAPE) of 
the BPNN, GA-BPNN, and SVR models are used to as‐
sess the five categories of predictions. The indicators 
compare and examine the models 􀆳 predicted impacts. 
The smaller the value of the five categories of prediction 
assessment indicators, the better the fitting effect, that is, 
the prediction model 􀆳 s prediction impact, as shown in 
Table 2.

Table 2 shows that the SVR model 􀆳s five types of 
prediction evaluation index values are all the smallest, 
indicating that the SVR model 􀆳s prediction effect is bet‐
ter than the BPNN and the GA-BPNN model, so the 
SVR model is chosen as the QSAR quantitative predic‐
tion model.

2.4　The Results of ADMET Prediction Model

Similarly, we chose 90% of the data from the 1 974 
set of sample data at random for training the three mod‐
els, with the remaining 10% utilized for model accuracy 
verification and comparison. For the five ADMET prop‐
erties, the three models were employed. Simultaneously, 
the four assessment indicators of the model 􀆳s Accuracy 
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Score, Precision Score, Recall Score, and F1 Score, as 

presented in Table 3, are statistically examined.

Table 3 indicates that using the SVR model to pre‐

dict Caco-2 and hERG properties, the LR model to pre‐

dict CYP3A4 and MN properties, and the BPNN model 

to predict HOB properties yields good prediction results. 

As shown in Fig. 3, we visualized the prediction results 

of the five models that made the best use of ADMET 

properties.

Table 1　The top 20 variables that have the greatest influence on biological activity

Molecular descriptor 
variables

ATSc3

BCUTc-1h

minHBa

ATSc2

BCUTc-1l

BCUTp-1l

gmin

VP-7

gmax

maxHBa

MDEC-22

minaasC

ETA_Shape_P

hmax

MAXDN

minaaCH

ETA_BetaP_s

MAXDN2

SPC-6

SP-6

Description

ATS autocorrelation descriptor, weighted by charges

nlow highest partial charge weighted BCUTS

Minimum E-States for (strong) Hydrogen Bond acceptors

ATS autocorrelation descriptor, weighted by charges

nhigh lowest partial charge weighted BCUTS

nhigh lowest polarizability weighted BCUTS

Minimum E-State

Valence path, order 7

Maximum E-State

Maximum E-States for (strong) Hydrogen Bond acceptors

Molecular distance edge between all secondary carbons

Minimum atom-type E-State: :C:-

Shape index P

Maximum H E-State

Maximum negative intrinsic state difference in the molecule (related to the 
nucleophilicity of the molecule)

Minimum atom-type E-State: :CH:

A measure of electronegative atom count of the molecule relative to molecular size

Maximum negative intrinsic state difference in the molecule (related to the 
nucleophilicity of the molecule)

Simple path cluster, order 6

Simple path, order 6

Contribution

0.020 2

0.019 5

0.018 7

0.017 6

0.017 5

0.017 2

0.017 1

0.017 1

0.016 7

0.016 7

0.016 6

0.016 6

0.016 1

0.015 2

0.015 1

0.015 0

0.015 0

0.014 9

0.014 8

0.014 7

Ranking

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

Fig. 2　The correlation coefficient diagram of 20 molecular 

descriptor variables

Table 2　The prediction and evaluation results of the three 

models

Model

BPNN

GA-BPNN

SVR

MSE

0.006 0

0.005 8

0.003 5

RMSE

0.077 6

0.075 8

0.059 0

MAE

0.073 6

0.068 1

0.053 2

MAPE

1.198 6

1.067 4

0.843 2

SMAPE

1.199 9

1.066 7

0.843 2
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Figure 3 shows the classification prediction model 
results for five ADMET properties. If the blue and red 
histograms are lower, the model􀆳s accuracy is better. On 
the other hand, if the blue and red histograms are larger, 
the model􀆳s categorization prediction impact is poor. So, 
we established that the SVR model predicted the Caco-2 
and hERG properties, the LR model predicted the 
CYP3A4 and MN properties, and the BPNN model pre‐
dicted the HOB properties of 50 substances.

3　Discussion

3.1　Verification of Rationality

To further validate the rationality of variable selec‐
tion, we employ information entropy theory to validate 
the top 20 factors that have the greatest influence on bio‐
logical activity. Information entropy is a measure of in‐
formation uncertainty in information theory. It is in‐
spired by thermodynamic entropy, and Shannon presents 
a mechanism for quantifying the information deliv‐
ered[43]. The smaller the information entropy value of an 
indicator variable, the larger the degree of variation of 

Table 3　The prediction and evaluation results of the three 

models for the ADMET properties

Property

Caco-2

CYP3A4

hERG

HOB

MN

Model

BPNN

SVR

LR

BPNN

SVR

LR

BPNN

SVR

LR

BPNN

SVR

LR

BPNN

SVR

LR

Accuracy 
Score

0.842 6

0.852 8

0.875 6

0.934 0

0.918 8

0.956 9

0.842 6

0.837 6

0.789 3

0.928 9

0.857 9

0.878 2

0.842 6

0.852 8

0.799 5

Precision 
Score

0.805 2

0.772 2

0.700 0

0.951 7

0.985 8

0.959 3

0.887 8

0.850 9

0.894 2

0.966 2

0.879 0

0.657 1

0.805 2

0.772 2

0.825 5

Recall 
Score

0.794 9

0.847 2

0.636 4

0.958 3

0.908 5

0.989 8

0.813 1

0.866 1

0.834 4

0.940 8

0.938 8

0.389 8

0.794 9

0.847 2

0.923 9

F1 
Score

0.800 0

0.807 9

0.666 7

0.955 0

0.945 6

0.976 6

0.848 8

0.858 4

0.863 3

0.953 3

0.907 9

0.489 4

0.800 0

0.807 9

0.870 3

Fig. 3　Classification and prediction model results for the five 

ADMET properties

(a) Caco-2 property on SVR model; (b) CYP3A4 property on LR model; 

(c) hERG property on SVR model; (d) HOB property on BPNN model;  

(e) MN property on LR model
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the variable, the greater the utility value of the informa‐
tion, that is, the more information that can be offered, ac‐
cording to the concept of entropy. On the contrary, the 
higher the entropy value, the lower the degree of fluctua‐
tion in the variable, the lower the utility value of the in‐
formation, and the less information delivered. The infor‐
mation entropy cumulative weight of 20 significant vari‐
ables were calculated, as shown in Fig. 4. Figure 4 
shows that the cumulative information entropy weight of 

the top 20 variables having the greatest influence on bio‐
logical activity is 0.045 5, indicating that variable infor‐
mation entropy has reached 4.55% of the total informa‐
tion entropy of all 474 variables. The average amount of 
information entropy for 474 variables is 20/474=4.22%. 
It is possible to explain that the top 20 molecular descrip‐
tor variables presented in this article have a certain de‐
gree of relevance and smoothness, so confirming the ra‐
tionale of the molecular descriptor variable screening.

3.2　Sensitivity Analysis

This study used the sensitivity analysis approach to 

quantitatively quantify the proposed QSAR model 􀆳s de‐

pendency on molecular descriptor variables to validate 

its performance[44]. We use the controlled variable ap‐

proach in the sensitivity analysis, a case study of the 

compound #1, which requires us to modify only one mo‐

lecular description at a time. In the range of -15% to 

+15%, the variables are changed in 5% increments with‐

out affecting the values of the other molecular descriptor 

variables, and the data after each variable change is in‐

serted into the SVR model. The prediction of the pIC50 

value of ERα biological activity was achieved, as shown 

in Fig. 5.

Figure 5 shows that, except for variations in 

ETA_BetaP_s and maxHBa, which generate consider‐

able fluctuations in the projected value of ERα􀆳s biologi‐

cal activity pIC50, the remaining 14 molecular descriptor 

variables have an influence on the pIC50 value. The vola‐

tility of the change range is small, implying that the de‐

Fig. 4　Histogram of cumulative information entropy weights of molecular descriptor variables

Fig. 5　Sensitivity analysis of pIC50 value and variable range
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gree of influence is small. To some extent, it demon‐

strates that the established QSAR quantitative prediction 

model is stable. Simultaneously, if you pay attention to 

the changes in the two variable values of ETA_BetaP_s 

and maxHBa, the model􀆳s promise may be realized.

4　Conclusion

In this study, a QSAR model of compound biologi‐

cal activity and a classification prediction model of 

ADMET properties were performed for the biological ac‐

tivity of anti-breast cancer drug candidates. 

We first utilized grey correlation analysis in con‐

junction with the random forest algorithm to find the top 

20 molecular descriptor variables having the highest in‐

fluence on biological activity, and then we used Spear‐

man correlation analysis to discover 16 independent vari‐

ables. The reasonableness of variable screening was vali‐

dated using information entropy theory, and the result re‐

veals that the cumulative information entropy weight of 

the top 20 variables has reached 4.55% of the total infor‐

mation entropy of all variables. It implies that it has a 

specific level of relevance and smoothness, so verifying 

the justification for the molecular descriptor variable 

screening. Second, a QSAR model of the compound 

were established based on BPNN, GA-BPNN, and SVR. 

The MSE, RMSE, MAE, MAPE, and SMAPE of the 

three models are used to assess the five categories of pre‐

dictions. 

The result shows that the SVR model's five types of 

prediction evaluation index values are all the smallest, 

and sensitivity analysis of the model demonstrates that 

the model has high accuracy and stability. Furthermore, 

The BPNN, the SVR, and the LR model were used to 

identify and predict the ADMET properties of sub‐

stances, with the prediction impacts of each model com‐

pared and assessed. The results reveal that a SVR model 

was used in QSAR quantitative prediction, the SVR 

model predicts the Caco-2 and hERG properties, the LR 

model predicts the CYP3A4 and MN properties, and the 

BPNN model predicts the HOB characteristics in the 

classification prediction of ADMET properties.

The source data and codes of this study are avail‐

able from GitHub at: https://github. com/guitar-boy/

source-data-and-codes.
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