
International Core Journal of Engineering Volume 7 Issue 12, 2021
ISSN: 2414-1895 DOI: 10.6919/ICJE.202112_7(12).0023

 

177 

Tree-based ensembling method for breast cancer drug candidate 
Yingying Jiang 

Shanghai Maritime University, Shanghai 201306, China. 

 

Abstract 
The incidence rate of breast cancer is increasing year by year, the development of 
candidate drugs for breast cancer is imminent. At present, the research process of breast 
cancer candidate drugs is more complex. The candidate drugs not only need to have good 
biological activity, but also have five properties, such as ADMET, which are good in 
absorption and metabolism in human body. In order to construct the quantitative 
prediction model of compound bioactivity and the classification prediction model of 
ADMET properties, operational variables need to be optimized to improve the 
bioactivity of ERα antagonists and the prediction performance of ADMET properties. In 
this paper, the data mining methods of filter, embedded feature screening, linear and 
nonlinear correlation analysis and the integrated learning technology based on tree 
model are used to analyze whether the compounds can be used as candidate drugs. 
Based on reality, the relevant features are modeled, screened, optimized, analyzed and 
predicted. Through the quantitative prediction experiment of compound biological 
activity and the classification prediction experiment of ADMET properties, it is proved 
that it has strong reference and high popularization in practical application. 

Keywords 
Feature screening, Integrated learning, LightGBM, Random forest, Correlation analysis. 

 

1. Introduction 

In recent years, the incidence rate of breast cancer has increased by [1], due to bad habits and living 
environment. According to the report released by the International Cancer Research Institute in 2020, 
the incidence rate and mortality rate of breast cancer ranks first in all kinds of malignant tumors that 
are harmful to women's health. The incidence of breast cancer worldwide is nearly 1 million 200 
thousand, and the number of breast cancer deaths has reached 500 thousand. Breast cancer has 
seriously threatened people's health and safety. At the same time, because the price of anti breast 
cancer drugs is generally high and needs to be taken for a long time, taking such drugs has brought 
enormous economic pressure to families. 

Drug research of breast cancer is a hot topic in the drug market. Due to the large demand for anti 
breast cancer drugs, the original supply of drugs has been unable to meet the treatment requirements, 
and the research on breast cancer has become a major problem demanding prompt solution [2]. At 
present, many effective therapeutic methods have been developed, such as immunotherapy, targeted 
therapy and so on. However, the mortality rate of breast cancer patients is still high due to the 
metastasis and recurrence of breast cancer. 

More than 70% of breast cancer patients are estrogen receptors α (ERα) positive. ERα can regulate 
the level of estrogen in the body, so it has become an important target in the treatment of breast cancer, 
and antagonize ERα compounds may be a candidate for treatment of breast cancer [3]. In the process 
of drug development, compound activity prediction is generally used to screen compounds. As a 
candidate drug, compounds should not only have good biological activity, but also have five 
properties such as good absorption and metabolism in human body (collectively known as ADMET) 
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[4]. If the ADMET property of a compound is poor, even if it has good activity, it can not become a 
drug suitable for human body. 

Breast cancer drug research and development need to establish a compound prediction model to save 
time and cost. In order to construct the quantitative prediction model of compound bioactivity and 
the classification prediction model of ADMET properties, it is necessary to optimize the operating 
variables to improve biological activity of ERα antagonists and ADMET properties of antagonists are 
predicted. 

In this paper, the data mining methods of filter, embedded feature screening, linear and nonlinear 
correlation analysis and the integrated learning technology based on tree model are used to analyze 
whether the compounds can be used as candidate drugs. 

2. Method 

2.1 Overview 

In the light of the molecular description variables of breast cancer compounds, a quantitative 
prediction model for biological activity of compounds and a classification prediction model of 
ADMET properties were established. For modeling, screening, optimization, analysis and prediction 
of relevant features, the following problems need to be solved:  

(1) Screening of significant variables: The molecular description variables were ranked according to 
the importance of their impact on biological activity, give the molecular descriptors with the most 
significant impact on biological activity. 

(2) Prediction model construction: according to the feature ranking obtained in stage (1), select no 
more than 20 molecular descriptor variables, and establish the quantitative prediction model of 
compounds on ERα biological activity by constructing a model with appropriate number of features. 

(3) Construction of classification model: build classification prediction models for Caco-2, CYP3A4, 
hERG, HOB, MN and other compounds. 

2.2 Significance variable screening 

The molecular descriptor variables are screened, sorted according to the importance of the variables 
on the biological activity, and 20 main variables are extracted, so that the selected variables are 
representative.  

The difficulties of molecular descriptor variable screening: (1) Because 729 molecular descriptor 
variables contain more discrete feature variables, the discrete feature may have the problem that the 
feature has basically no difference in the sample data, that is, the feature has little distinguishing effect 
on the sample; (2) Because of the highly nonlinear relationship between molecular descriptor 
variables and biological activity, it is difficult to determine the correlation between dependent 
variables and independent variables. At the same time, the selected variables must be the original 
variables, so the conventional feature dimensionality reduction method can not be used in dealing 
with feature screening. 

2.2.1 Variance filtering 

For difficulties (1)——Discrete features accounted for the majority, and the low variance feature 
deletion screening method excluded the discrete feature variables with low importance on biological 
activity. Variance is an important index to measure the degree of dispersion in mathematical statistics. 
The specific calculation method is shown in formula (1): 

𝜎 =
∑( )

                                   (1) 

When the data distribution is concentrated, the variance is small, otherwise the variance is large. The 
smaller the variance is, the smaller the data fluctuation is. Therefore, those features with 0 or smaller 
variance are filtered first, so as to achieve the purpose of feature screening.  
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2.2.2 Filter embedded joint sorting 

For difficulties (2)——Data dimensionality reduction algorithms are divided into feature selection 
and feature transformation.  

Feature selection is to directly select several important features from the given features, and feature 
transformation is to map the original input spatial data to a new space through some transformation 
[5]. Original features are required in this section, so the dimension reduction algorithm is not suitable 
for this problem. The filtered feature screening method can be adopted, that is, Spearman [6] Based 
on correlation coefficient can be used to obtain the ranking of all variables on the correlation degree 
of biological activity. Spearman correlation coefficient is an index used to measure the strength of 
nonlinear correlation between two variables. The specific calculation method is shown in formula (2): 


 


 


 2 2

( )( )

( ) (y )

i ii

i ii i

x X y Y

x X Y
                         (2) 

Where ρ is the correlation coefficient of variables X and Y; x
i
is the element of vector X; y

i
is the 

element of vector Y. The value range of correlation coefficient   is [- 1, 1]. When the absolute 
value of   is close to 1, it indicates that the two are more linear correlation. 

Similarly, the embedded feature screening method can be used, that is, the random forest algorithm 
[7] based on tree model can be used to obtain the ranking of the importance of all variables on 
biological activity. Finally, the two methods are sorted jointly, and the top feature variables are taken 
as representative features. The specific steps of Filter-Embedded sorting are as follows: 

1. First calculate the absolute value of Spearman correlation coefficient between all molecular 
descriptor features and biological activity, and then screen out the top 20 features with high 
correlation degree. At the same time, the embedded feature screening based on tree model is used to 
select the important features of the random forest model with the top 20 feature importance.  

2. The feature measure value of Spearman method is the absolute value of the corresponding 
Spearman correlation coefficient, the feature measure value of random forest algorithm is the 
corresponding feature importance value, and the feature is sorted according to the feature measure 
value from large to small. The two different features sorting obtained are integrated by mathematical 
statistics, that is, integrated according to the times appearing in the feature sorting table. If the feature 
appears in the two feature sorting tables the same number of times, they are sorted according to the 
cumulative ranking in the two tables from small to large. Two different feature sorting are integrated 
to obtain the final representative features. 

2.3 Prediction model construction 

Using the important molecular descriptor variables obtained by section 2.2 modeling, select no more 
than 20 variables, construct the quantitative prediction model of biological activity through the 
random forest algorithm based on tree model, verify the model, and select the most appropriate 
number of features to establish the prediction model according to the feature ranking in section 2.2. 
Random forest is a typical algorithm based on the integrated learning of classification regression tree 
and bagging, which can process high-dimensional data. The feature subset of the base learner is 
randomly selected, so there is no need to make feature selection [8]. Moreover, the stochastic forest 
model has the characteristics of high stability and difficult over fitting. In this section, 80% of the 
data are directly extracted from the sample data for model training, and the remaining 20% of the data 
are used to verify the model accuracy through 5 cross validation to evaluate the rationality of the 
model [9]. 

2.4 Classification model construction 

Because there are many characteristic variables, the remaining characteristic variables after screening 
the low variance discrete variables by section 2.2 modeling are used to construct the classification 
prediction models of Caco-2, CYP3A4, hERG, HOB and MN. From the type of compound data, there 
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may be a highly nonlinear relationship between variables. Lightgbm [10], a typical algorithm based 
on classification regression tree, capture the interaction between variables, and run faster. The 
numerical scaling does not affect the split point position of the tree model and the structure of the tree 
model. Therefore, lightgbm does not need to normalize or standardize the features [11]. In this section, 
we do not need to standardize the sample dataset data, directly extract 80% of the data from the 
sample data for lightgbm model training, and use the remaining 20% of the data to verify the model 
accuracy to evaluate the rationality of the model.  

3. Results and Discussion 

In this paper, 729 molecular descriptions of 1974 compounds in breast cancer are used to model, 
screen, optimize, analyze and predict the related characteristics. 

3.1 Significance variable screening 

3.1.1 Results and analysis of variance screening 

In the process of feature screening, if there are many discrete features, it is applicable to the low 
variance feature deletion screening method. Therefore, 225 discrete features with variance of 0 are 
deleted from 729 molecular descriptors, and these feature variables have low importance on 
biological activity. The results of 504 features after screening are shown in the Table 1: 

Table 1. Variance screening results 

Numble Variable name 
1 WPATH 
2 fragC 
3 ATSp5 
4 ATSp4 
5 ATSp3 

...... ...... 
500 ETA_EtaP_B_RC 
501 SsI 
502 ETA_Epsilon_3 
503 minsI 
504 ETA_dPsi_B 

The variance of eigenvalues only considers the value of the feature itself, but does not combine with 
the final prediction results. The features with high variance may not have the most significant impact 
on the prediction results. However, the importance of low variance characteristics for prediction 
results is obviously low. 

3.1.2 Results and analysis of Filter-Embedded joint model 

 
Fig. 1 Characteristic importance analysis of random forest 
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The embedded feature screening method in this paper uses the bagging based random forest to obtain 
a reliable feature importance ranking (as shown in Fig. 1). 

The filtered Spearman coefficient ranking method and the feature importance ranking method of 
embedded tree model respectively get the ranking of the importance of all variables on biological 
activity. Finally, the feature variables with high correlation degree are jointly selected as 
representative features. The final representative features obtained by sorting and integrating two 
different features are shown in the Table 2: 

Table 2. Filter results for union sort 
Ranking Frequency Variable name 

1 2 MDEC-23 
2 2 LipoaffinityIndex 
3 2 minsssN 
4 2 minHsOH 
5 2 BCUTc-1l 
6 2 MLFER_A 
7 2 nC 
8 2 MLogP 
9 1 maxHsOH 

10 1 C1SP2 
11 1 maxssO 
12 1 minsOH 
13 1 minHBint5 
14 1 'nHBAcc 
15 1 VC-5 
16 1 MDEO-12 
17 1 TopoPSA 
18 1 SHsOH 
19 1 ATSc3 

 

Feature screening method based on random forest, which is an embedded feature screening method 
based on ensemble learning. On the one hand, embedded feature filtering integrates the feature 
selection process with the learner training process. They are completed in the same optimization 
process, that is, feature selection is automatically carried out in the learner training process. On the 
other hand, the integrated learning model is divided into boosting algorithm and bagging algorithm, 
the purpose of bagging algorithm classifier is to reduce the variance of the model. The model variance 
measures the change of learning performance caused by the change of training sets of the same size, 
and depicts the impact caused by data disturbance [12]. Therefore, using the feature ranking method 
of random forest can obtain a reliable feature importance ranking from the direction of optimizing 
the variance of tree model.  

Feature screening method based on Spearman coefficient, which is a filtered feature screening method 
based on correlation coefficient, which obtains the feature ranking of bioactivity correlation from the 
direction of evaluating coupling variables.  

Therefore, using random forest and Spearman coefficient for joint ranking, combined with the feature 
ranking method with different advantages, it is obvious that a more reliable final screening result is 
obtained. 

3.2 Prediction model construction 

3.2.1 Evaluation indicator 

The model error is weighed by common indicators such as mean square error (MSE), mean absolute 
error (MAE) and R-square value (𝑅 ). The smaller MSE value, the better the model result. Assuming 
that the number of out of bag data samples is n, the specific calculation method is shown in formula 
(3): 
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When the predicted results are exactly the same as the actual results, MAE is 0, that is, the perfect 
model. The smaller the value of MAE, the lower the error of the prediction model. The specific 
calculation method is shown in formula (4): 
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the performance of the model. Generally, the larger 𝑅 , the better the model. The specific calculation 
method is shown in formula (5): 
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Where, the numerator represents the sum of the square difference between the real value and the 
predicted value, and the denominator represents the sum of the square difference between the real 
value and the mean value. 

3.2.2 Results and analysis of prediction model 

The ERα bioactivity dataset was divided into training set and verification set, and the verification set 
accounted for 20%. The comparison between the true value in the validation set and the predicted 
value of the model in this paper is visualized, as shown in Fig. 2: 

 
Fig. 2 Visualization of true and predicted values 

It can be seen from Fig. 2 that the true value is very close to the predicted value, and the change trend 
is consistent. It can be concluded that the random forest model used is effective. 

3.2.3 Results and analysis of models using different feature subsets 

According to the feature ranking of section 2.2, select no more than 20 feature variable in turn (the 
feature subset of the random forest algorithm based learner is randomly selected, so there is no need 
to make feature selection), and quantitatively predict the ERα biological activity on different number 
of feature sets through the random forest algorithm. Table 3 shows the results of model effect with 
the number of features: 
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Table 3 Model error 
Number of characteristic variables MSE MAE R2 

11 0.5505149497244 0.5331768981584 0.7325689136273 
12 0.5266824071339 0.5506240174346 0.7436033468829 
13 0.4778752367547 0.5245111966221 0.7314992161663 
14 0.5442587978219 0.5596009731532 0.6998801069453 
15 0.5566368177502 0.5384764219607 0.7194423507700 
16 0.5805805083364 0.5681363981178 0.5681363981178 
17 0.5146585818199 0.5200074008289 0.7500188468697 
18 0.3729470464450 0.4565907542803 0.8072364034918 
19 0.4195686322558 0.4796763201534 0.7699042482665 
20 0.4601446325818 0.5121465193050 0.7510077075752 

Visualizing the above Table 3 as shown in Fig. 3: 

 
Fig. 3 Visualization of evaluation indicators 

According to the above Fig. 3 and Table 3, when the number of molecular descriptor variables is 18, 
the value of R2 reaches 0.8, and the effect of ERα biological activity quantitative prediction model is 
the best. 

3.3 Classification model construction 

3.3.1 Evaluation indicator 

Receiver Operating Characteristic (ROC) curve was defined by the relationship between true positive 
rate (TPR) and false positive rate (FPR) [13]. TP is the number of true positive, FP false positive, TN 
is true negative and FN is false negative, TPR is defined by formula (6) while FPR is by formula (7). 

𝑇𝑃𝑅 =                                  (6) 

𝐹𝑃𝑅 =                                  (7) 

The area under the ROC curve is the value of AUC, which ranges from 0.5 to. The larger the value 
of AUC, the better the classifier effect [14]. AUC can still fairly measure the performance of the 
classification model on the data set with unbalanced samples. Therefore, this paper uses AUC as the 
evaluation index of the performance of the classification model. 

3.3.2 Results and analysis of classification model 

The ADMET dataset contains 1974 compounds and provides 729 molecular descriptors. On this data 
set, classification prediction models were constructed for Caco-2, CYP3A4, hERG, HOB, MN and 
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other compounds. The classification performance of the five classification models on AUC is shown 
in Table 4: 

Table 4 AUC values of 5 Classification Models 

Corresponding model AUC 

Caco-2 0.9810661865007912 

CYP3A4 0.9827642488738003 

hERG 0.9663376623376624 

HOB 0.9564007421150279 

MN 0.9898396929329419 

 

The ROC curves of the five classification models by the Table 4 are shown in the Fig. 4: 

 
Fig. 4 ROC curve of five classification models 

As shown in Table 4 and Fig. 4, the AUC of the five classification models exceeds 0.95, and three of 
them reach a higher 0.98. It is proved that the performance of lightgbm algorithm on ADMET data is 
good, and this method can reliably classify and predict compounds. 

4. Conclusion 

The research process of breast cancer candidate drugs is more complex. The candidate drugs not only 
need to have good biological activity, but also have five properties, such as absorption and 
metabolism in human body (ADMET). In order to construct the quantitative prediction model of 
compound bioactivity and the classification prediction model of ADMET properties, it is necessary 
to optimize the operating variables to improve biological activity of ERα antagonists and ADMET 
properties of antagonists are predicted. 

In this paper, the data mining methods of filter, embedded feature screening, linear and nonlinear 
correlation analysis and the integrated learning technology based on tree model are used to analyze 
whether the compounds can be used as candidate drugs. Based on reality, this paper establishes an 
optimization model from data preprocessing to screening important characteristic variables. Through 
the quantitative prediction experiment of compound biological activity and the classification 
prediction experiment of ADMET properties, it is proved that it has strong reference and high 
popularization in practical application. The accuracy of the results obtained by this method in the 
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quantitative prediction experiment of compound biological activity still has a certain room for 
improvement. 
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