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Abstract 
In order to train the best prediction model, this paper uses over-sampling and under-
sampling methods to deal with unbalanced data sets, and SPSS software is used to 
analyze the correlation between variables, variable standardization and factor 
dimension reduction operation, and finally seven different data sets are obtained.They 
are a cross combination of the above methods.A total of eight classifiers were used, 
including two integrated classifiers and six single classifiers.Seven different data sets 
were put into eight kinds of classifier for training, and the performance of 56 models 
were compared, so as to find the optimal data set processing method, variable selection 
method and classifier.Rank the importance of variables and get the most important 
factors affecting online shoppers' purchase intention.It is found that some important 
variables can train better prediction model than all relevant variables. 
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1. Introduction 

In order to find the data set processing method, variable selection method and classifier that 
can train the best prediction model, this paper takes a public data set on UCI website as an 
example for data analysis. The dataset is a "online shopper's purchase intention" dataset, which 
contains 12,330 data objects, 17 independent variables and 1 category label. 
Because there is a high level of category imbalance in the data set, the ratio of the number of 
samples labeled "not shopping" to the number of samples labeled "shopping" is 5.5:1. Therefore, 
two resampling methods are adopted in this experiment to overcome the category imbalance 
in the original data set. In addition to the processing method of data sets, this paper also used 
SPSS software to analyze the correlation between variables, and did the operation of variable 
standardization and factor dimension reduction. Finally, seven different data sets were 
obtained. They are a cross combination of the above methods. A total of eight classifiers were 
used, including two integrated classifiers and six single classifiers. They are Adaboost, random 
forest, Artificial Neural Network (ANN), K-nearest Neighbor (KNN), Support Vector Machine 
(SVM), decision tree, Naive Bayes and Logistic Regressive (LR). 
Seven different data sets were put into eight kinds of classifiers for training, and the 
performance of 56 models were compared. By comparing the performance of the model in 
"original unbalanced data set, over-sampled balanced data set and under-sampled balanced 
data set", the optimal data set processing method is found. Similarly, the performance of the 
model trained by "standardized variables, variables without standardization, variables after 
factor dimension reduction" is compared to find the optimal variable selection method; Finally, 
the model performance of "eight classifiers" is compared to find the optimal classifier. 
The decision tree algorithm is used to rank the importance of 17 original independent variables, 
so as to get the most important factors affecting online shoppers' purchase intention. Then 
according to the importance of variables, the first 10 most important variables are selected and 
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re-put into the classifier to see whether their performance in the test set is improved. Finally, it 
is found that a better prediction model can be trained from some important variables than from 
all the correlation variables. 

2. Related Studies 

With the advent of the era of big data, all walks of life hope to predict consumers' potential 
purchase intentions from massive personal basic information and historical transaction data, 
especially in the field of e-commerce [1]. 
At present, the methods to predict consumer buying behavior mainly include parameter 
estimation, simulation and machine learning. The Pareto/NBD model (later called SMC model) 
in parameter estimation deals with customer activity and is used to predict purchasing 
behavior in non-contractual relationships [2]. The model assumes that the transactions 
between active customers and enterprises are random, and the transaction process obeys the 
Poisson distribution. Once customers are lost, they cannot be won back forever.BG/NBD model 
improves the customer churn point based on SMC model. If the customer churn is assumed 
immediately after a purchase, this model can be used for modeling [3]. The above two models 
are widely used in identifying customer groups and predicting purchase frequency. 
In relevant domestic studies, Li Meiqi et al. introduced covariables into the classic Pareto/NBD 
model of non-contract situation to predict users' future purchase behavior [4]. Ma Shaohui et 
al. proposed combining Pareto/NBD model and purchase amount expectation model to 
calculate the lifetime value of customers with (without) purchase history, and set customer 
churn warning points according to them [5]. Chen Jie et al. proposed to classify online 
consumers by using the purchase rate. According to the actual shopping panel data of an online 
mall, BG/NBD model was used to predict the purchase times of the next 27 weeks through the 
consumption in the first 26 weeks, and the results had a high degree of fit [6]. Shu Fang et al. 
combined SMC model and HIPP model through genetic algorithm and proposed a combined 
prediction method to predict customers' purchase [7]. 
In relevant studies abroad, Marshall relaxed the conditions of hypothetical purchase and the 
limitation of customer churn rate, and proposed a simple estimation process suitable for large 
data sets based on Pareto/NBD model [8]. Van Oest et al. added the customer history purchase 
complaint information into the original BG/NBD model, and found that the faster the customer 
bought, the faster the return [9]. 
To solve the problem of unbalanced categories in the training data, Wang Keli et al. proposed a 
strategy of random sampling and assigning different weights to each category. Based on the 
user shopping behavior data obtained from Alibaba contest in 2017, SVM and random forest 
algorithm were used to predict the user's repurchase behavior respectively [10]. 

3. Data set and Method Introduction 

3.1. Data Sources 
This experiment uses a publicly available dataset from the UCI website, which is a dataset of 
"online shoppers' purchase intentions" with a sample period of 2018.The dataset is a standard 
two-dimensional table with 12,330 records and 18 fields. That's 12,330 customers' web 
browsing history, plus 17 independent variables and 1 category tag. FALSE stands for "do not 
shop" and TRUE stands for "shop". The specific meanings of the 18 variables (characteristics) 
are shown in Table 1 below. 
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Table 1. Features and meanings of data sets 
Variable variable attribute meaning 

Administrative administrative The numerical 
Number of administrative types of pages 

visited by visitors 

Administrative_Duration The administrative 
time 

The numerical Total time spent on administrative pages 

Informational informational The numerical The number of pages that visitors visit for 
the type of information 

Informational_Duration Informative duration The numerical Total time spent on informative pages 

Product-Related Products related to The numerical The number of product-related pages that 
visitors visit 

Product-
Related_Duration Product duration The numerical Total time spent on product-related pages 

Bounce Rates Bounce rate The numerical 

The percentage of visitors who enter a site 
from a page and then leave (" jump out ") 
without triggering any other request to 

the analytics server 

Exit Rates Dropout rates The numerical Based on all the page views calculated 

Page Values Page value The numerical 
The average number of pages a user visits 

before completing an e-commerce 
transaction 

Special Day Special date The numerical 
Indicates how close the site visit time is to 

a specific special date, such as Mother's 
Day or Valentine's Day 

Month in classification The month of the visit date 

Operating Systems The operating system classification Category of operating system used by 
online shoppers 

Browser The browser classification The type of browser used by online 
shoppers 

Region region classification The area where online shoppers live 

Traffic Type Flow type classification 
The type of traffic used by online 

shoppers 
Visitor Type Visitor type classification A return visitor or a new visitor 

Weekend Over the weekend classification Whether the visit is on a weekend 

Revenue income Category label The ultimate behavior of online shoppers: 
shopping or not shopping 

3.2. Algorithm Introduction 
In this experiment, a total of 8 classifiers were used for prediction, including 2 ensemble 
classifiers and 6 single classifiers. The ensemble classifier selects the common Adaboost and 
random forest, For single classifier, Artificial Neural Network (ANN), K-nearest Neighbor (KNN), 
Support Vector Machine (SVM), decision tree, Naive Bayes and Logistic are selected Regressive 
(LR).The following is a brief introduction to these classifiers. 
Adaboost is Boosting's most successful delegate. As an important integrated learning 
technology, the weak learner with slightly higher prediction accuracy than random guess can 
be enhanced into strong learner with high prediction accuracy, which provides an effective new 
idea and new method for the design of learning algorithm when it is very difficult to construct 
strong learner directly. Adaboost is an iterative algorithm, whose core idea is to train different 
classifiers (weak classifiers) for the same training set, and then assemble these weak classifiers 
to form a stronger final classifier (strong classifier). 
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Random forest: In machine learning, a random forest is a classifier containing multiple decision 
trees, and its output categories are determined by the mode of the categories output by the 
individual trees. Random forest refers to a classifier that uses multiple trees to train and predict 
samples. 
ANN: ANN refers to a complex network structure formed by a large number of interconnected 
processing units (neurons), which is an abstraction, simplification and simulation of the human 
brain's organizational structure and operating mechanism. ANN is an information processing 
system based on the structure and function of brain neural network. Artificial neural network 
has the ability of self - learning, self - organization, self - adaptation, nonlinear function 
approximation and strong fault tolerance. It can realize simulation, binary image recognition, 
prediction and fuzzy control. It is a powerful tool for dealing with nonlinear systems. 
KNN: Neighbor algorithm, or K-nearest neighbor classification algorithm, is one of the simplest 
methods in data mining classification technology. K nearest neighbors, K nearest neighbors, 
means that every sample can be represented by its closest K neighbors. The nearest neighbor 
algorithm is a method to classify every record in the data set. The idea of this method is very 
simple and intuitive: a sample belongs to a category if most of the K most similar samples in the 
feature space (that is, the closest neighbors in the feature space) belong to that category. This 
method only determines the classification of the samples according to the category of the 
nearest one or several samples. 
SVM: Support vector machine (SVM) is a kind of generalized linear classifier for binary 
classification of data based on supervised learning. Its decision boundary is the maximum 
margin hyperplane to be solved for learning samples. 
Decision tree: Decision tree is a decision analysis method to evaluate project risk and judge its 
feasibility by constructing decision tree to obtain the probability that the expected value of net 
present value is greater than or equal to zero on the basis of known probability of occurrence 
of various situations. It is a graphical method to intuitively use probability analysis. In machine 
learning, decision tree is a prediction model, which represents a mapping relationship between 
object attributes and object values. A decision tree is a tree structure in which each internal 
node represents a test on an attribute, each branch represents a test output, and each leaf node 
represents a category. 
Naive Bayes: The naive Bayes method is a classification method based on Bayes theorem and 
independent assumption of feature conditions. The prime-Bayes method is a simplification of 
the Bayesian algorithm, that is, it assumes the mutual condition independence of the attributes 
when the target value is given. That is to say, no attribute variable has a large proportion for 
the decision result, and no attribute variable has a small proportion for the decision result. 
Although this simplified method reduces the classification effect of The Bayesian classification 
algorithm to a certain extent, it greatly simplifies the complexity of the Bayesian method in 
practical application scenarios. 
Logistic regression: Logistic regression is a kind of generalized linear regression, which is one 
of the classification and prediction algorithms. Regression analysis is used to describe the 
relationship between independent variable X and dependent variable Y, or the degree of 
influence of independent variable X on dependent variable Y, and to predict dependent variable 
Y. The dependent variable is the result we hope to obtain, and the independent variable is the 
potential factor that affects the result. There can be one or more independent variables. One 
independent variable is called unary regression analysis, and more than one independent 
variable is called multiple regression analysis. 

3.3. Data Sampling Methods 
Because of the 12,330 instances in the original data set, 84.5% (10,422) instances were classed 
as "FALSE" (not shopping) and only 15.5% (1908) instances were classed as "TRUE" (shopping). 
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This is a classic class imbalance problem. Therefore, the original data set needs to be resampled. 
Resampling includes oversampling and undersampling. 
The methods of over-sampling and under-sampling adopted in this experiment are very simple. 
Over-sampling means that instances of a few classes are copied to make them consistent with 
the number of instances contained in most classes. Undersampling is the random sampling of a 
portion of instances from the majority class to match the number of instances contained in the 
minority class. At present, the category proportion of the two data sets processed by over-
sampling and under-sampling is balanced, and these two balanced data sets and the original 
unbalanced data sets will be put into the model for comparison. 

3.4. Performance Specifications 
Several common indexes in classification algorithms are used in this experiment. 
Confusion matrix: is a matrix composed of TP, TN, FP and FN.TP in this experiment means "the 
actual non-shopper is correctly predicted to be the non-shopper", similarly, TN means "the 
actual shopper is correctly predicted to be the shopper". FP means that "actual shoppers are 
wrongly predicted as non-shoppers"; FN means "actual non-shopper is wrongly predicted to be 
shopper". In this experiment, the "not shopping" group was concerned, so the "not shopping" 
group was set as P (positive). 
Accuracy/Balanced_Accuracy: that is, Accuracy and Accuracy under balanced conditions. They 
have different applicable conditions. Balanced_Accuracy is suitable as a performance indicator 
of balanced data set. It can also be found in subsequent experiments that "Accuracy" and 
"Balanced_Accuracy" are basically the same in the model developed by intensive training of 
balanced data processed by "over sampling" or "under sampling", while in the model developed 
by intensive training of original unbalanced data, "Accuracy" is significantly greater than 
"Balanced_Accuracy". 
Precision: Precision, which is the ratio of the number of actual non-shoppers who are correctly 
predicted to be non-shoppers (TP) to the number of all non-shoppers who are predicted to be 
non-shoppers (TP+FP). 
Recall: The Recall rate, which is the ratio of the number of actual non-shoppers that were 
correctly predicted to be non-shoppers (TP) to the number of all actual non-shoppers (TP+FN). 
It is a trade-off with Precision. 
F1-score: it is the reciprocal of harmonic average of "Precision" and "Recall", which is a way to 
compare and compromise by comprehensively considering both of them. 
ROC curve: is the combination curve under different probability thresholds. The abscissa of this 
curve is the false positive rate, that is, the ratio of the number of actual shoppers (FP) to the 
number of all actual shoppers (FP+TN) is wrongly predicted. The smaller the abscissa is, the 
better the performance is. The ordinate is the true positive rate, that is, the ratio of the number 
of actual non-shoppers (TP) correctly predicted to the number of all actual non-shoppers 
(TP+FN). The larger the ordinate is, the better the performance is. To sum up, the farther to the 
left of the ROC curve, the better the performance of the model. 
AUC: the area under the ROC curve. The greater the area, the better the model performance. It 
is also the final comparison index of this experiment. 

4. Experimental Design 

This experiment aims to compare different data sets, different variables, and different 
classifiers to find the model with the best performance. The specific experimental process is 
shown in Figure 1 below. 
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Figure 1. Experimental framework 

5. Analysis of Experimental Process And Results 

5.1. Processing of Data Sets 
This experiment attempts to compare the original unbalanced data set with the resampled 
balanced data set, as well as the oversampling and undersampling methods. Therefore, this 
experiment will have three data inputs. 
The first dataset is the original unbalanced dataset, with a total of 12,330 records. There are 
10,422 records in the category of "False (not shopping)", while there are only 1908 records in 
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the category of "True(shopping)". The proportion of positive and negative samples is seriously 
unbalanced, with a ratio of 5.5:1. 
The second dataset, i.e., the balanced dataset after "over-sampling", obtained 20,844 records by 
copying the sample data of less categories. The ratio of positive and negative categories was 1:1, 
and 10,422 records were obtained for each category. 
The third dataset, i.e., the balanced dataset after "undersampling", was manually sampled 
multi-category sample data, and finally 3816 records were obtained. The ratio of positive and 
negative samples was 1:1, making the total number of records in each category 1098. 

5.2. Variable Selection 
First, remove irrelevant variables manually according to common sense, and find that there 
may be a certain correlation between the original 17 independent variables and dependent 
variables, so it is not eliminated for the time being.Then SPSS was used for "correlation 
analysis" between independent variables and dependent variables, and 17 independent 
variables and dependent variables were tested for one-to-one correlation in order to eliminate 
irrelevant variables. 
Because 10 of the 17 variables are numerical variables and 7 are classified variables, different 
correlation analysis operations are required. For continuous numerical variables, the 
correlation between the two variables was analyzed. Click "Marked significance correlation" in 
SPSS, and it can be found that all the 10 numerical variables were displayed at 0.01 level, 
indicating significant correlation. For categorization variables, the Chi-square test in cross table 
test is carried out to observe whether Pearson chi-square value is less than 0.05. If it is less than 
0.05, it indicates correlation. 
The final result is: all the 17 original independent variables are correlated with dependent 
variables, so all the 17 original independent variables are retained. It is worth noting that only 
the "correlation" between the input independent variables and the dependent variables has 
been proved so far, and the "importance" order between the independent variables will be 
carried out later. 

5.3. Data Preprocessing 
Three preprocessing operations are performed in this stage. 
(1) Firstly, some "character" input is transformed into "numerical" input. Three fields are 
transformed: the attribute value of "month" is converted from the original English word to 12 
numbers of "1-12"; The type of visitor will be 0 for repeat visitor, 1 for new visitor, and 2 for 
other. The Weekend property will be 0 for non-weekend and 1 for weekend. After the 
transformation, make sure the input of the arguments is all numerical. 
(2) Secondly, SPSS was used to carry out the operation of "standardization of variables", and 
the original unstandardized variables were retained, which would be compared later. 
(3) SPSS can also be used to perform factor dimensionality reduction on the three data sets in 
4.1. However, the three data sets may not all be suitable, and the KMO test is required. Only 
when the KMO value is greater than 0.6, the variable can be performed factor dimensionality 
reduction. Finally, only the KMO value of the original unbalanced data set was 0.604, greater 
than 0.6, so it was suitable for factor dimension reduction, and the original 17 independent 
variables were converted into 6 factors. However, the KMO value of the "over-sampled" 
balanced data set is 0.584, which is not suitable for factor dimension reduction. Similarly, the 
KMO value of the "undersampled" balanced data set is 0.585, which is also not suitable for factor 
dimension reduction. 
After the operation of "variable standardization" and "factor dimension reduction", the original 
3 data sets were changed into 7 data sets. Respectively: "original unbalanced data set - variables 
not standardized" data set; "Raw unbalanced dataset - Variable Normalization" dataset; 
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"Original unbalanced dataset - Factor Dimension Reduction" dataset;" Oversampled balanced 
dataset -Variables not standardized" dataset; "Oversampling balanced Dataset-Standardization 
of variables" dataset;"Undersampled balanced dataset - Variables not standardized" dataset; 
"Undersampled balanced Dataset - Variable Normalization" dataset. The seven data sets will be 
compared later. 

5.4. Algorithm Parameter Settings 
There are two main steps: first, eight classification algorithms are used in this experiment, 
among which three kinds of algorithms "KNN, Adaboost and Random forest" use 
"GridSearchCV" to determine the optimal K (neighboring point) value of KNN, the optimal 
number of classifiers in Adaboost and random forest;Then the partition ratio of training set and 
test set is set as 0.2. 

5.5. Training Prediction Model 
The 7 data sets in 4.3 were successively put into 8 categories of classifiers to start training 
prediction models, and a total of 56 prediction models were obtained. Compare their 
performance indicators on the test set for correlation analysis of the results. Table 2-8 shows 
the results. 

 
Table 2. Original unbalanced data set - performance index score without standardization of 

variables 

model The actual category 
The forecast 

is for 
shopping 

Forecast for 
shopping 

Accuracy Precision Recall F1-score AUC 

AdaBoost 
Not actually shopping 1970 114 

0.891 0.93 0.95 0.94 0.9209 
The actual shopping 155 227 

Random 
forests 

Not actually shopping 2015 69 
0.906 0.93 0.97 0.95 0.9323 

The actual shopping 163 219 

ANN 
Not actually shopping 1773 311 

0.832 0.95 0.85 0.90 0.8504 
The actual shopping 103 279 

KNN 
Not actually shopping 2044 40 

0.867 0.88 0.98 0.93 0.7914 
The actual shopping 287 95 

SVM 
Not actually shopping 2083 1 

0.847 0.85 1 0.92 0.8342 
The actual shopping 377 5 

The 
decision 

tree 

Not actually shopping 1924 160 
0.866 0.92 0.92 0.92 0.7391 

The actual shopping 170 212 

Naive Bayes 
Not actually shopping 1913 171 

0.873 0.93 0.92 0.92 0.7527 
The actual shopping 141 241 

Logistic 
regression 

Not actually shopping 2025 59 
0.879 0.89 0.97 0.93 0.7997 

The actual shopping 239 143 
 
Where, AdaBoost traverses 1-50 under the "network style parameter", and finally obtains the 
best result n_ESTIMators =17; The random forest traverses 50-1010 under "net style 
parameter" and sets the step size to 50. The best result is finally obtained as n_ESTIMators =200; 
KNN iterates through 1-50 and gets n_NEIGHBORS =6.MultinomialNB classification algorithm 
based on naive Bayes is selected because most of the data sets before the variables are 
standardized are multivariate discrete values. 
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Table 3. Original unbalanced data set - performance index score under variable 
standardization 

model The actual category 
The forecast 

is for 
shopping 

Forecast for 
shopping 

Accuracy Precision Recall F1-score AUC 

AdaBoost 
Not actually shopping 1970 114 

0.891 0.93 0.95 0.94 0.9209 
The actual shopping 155 227 

Random 
forests 

Not actually shopping 2010 74 
0.902 0.92 0.96 0.94 0.9306 

The actual shopping 168 214 

ANN 
Not actually shopping 1979 105 

0.897 0.93 0.95 0.94 0.9182 
The actual shopping 148 234 

KNN 
Not actually shopping 2049 35 

0.887 0.89 0.98 0.94 0.8224 
The actual shopping 243 139 

SVM 
Not actually shopping 2015 69 

0.893 0.91 0.97 0.94 0.8936 
The actual shopping 196 186 

The 
decision 

tree 

Not actually shopping 1932 152 
0.873 0.92 0.93 0.93 0.7528 

The actual shopping 161 221 

Naive 
Bayes 

Not actually shopping 1715 369 
0.803 0.94 0.82 0.88 0.8321 

The actual shopping 117 265 
Logistic 

regression 
Not actually shopping 2035 49 

0.886 0.90 0.98 0.94 0.8975 
The actual shopping 233 149 

 
Where, AdaBoost traverses 1-50 under the "network style parameter", and finally obtains the 
best result n_ESTIMators =17; The random forest traverses 50-1010 under "net style 
parameter" and sets the step size to 50. The best result is finally obtained as n_ESTIMators 
=100.KNN iterates through 1-50 and gets n_NEIGHBORS =8.Among them, the GaussianNB 
classification algorithm in Naive Bayes is selected because most of the data set changes to 
continuous values after the standardization of variables. 
 

Table 4. Performance index score under factor reduction of original unbalanced data set 

model The actual category 
The forecast is 
for shopping 

Forecast for 
shopping Accuracy Precision Recall F1-score AUC 

AdaBoost 
Not actually shopping 2030 54 

0.856 0.87 0.97 0.92 0.7933 
The actual shopping 301 81 

Random 
forests 

Not actually shopping 2050 34 
0.871 0.88 0.98 0.93 0.8376 

The actual shopping 285 97 

ANN 
Not actually shopping 2051 33 

0.861 0.87 0.98 0.92 0.8223 
The actual shopping 310 72 

KNN 
Not actually shopping 2035 49 

0.850 0.86 0.98 0.92 0.7765 
The actual shopping 320 62 

SVM 
Not actually shopping 2084 0 

0.849 0.85 1 0.92 0.7029 
The actual shopping 373 9 

The 
decision 

tree 

Not actually shopping 1844 240 
0.810 0.89 0.88 0.89 0.6379 

The actual shopping 229 153 

Naive Bayes 
Not actually shopping 1938 146 

0.813 0.86 0.93 0.89 0.7372 
The actual shopping 314 68 

Logistic 
regression 

Not actually shopping 2061 23 
0.852 0.86 0.99 0.92 0.7941 

The actual shopping 342 40 

 
Where, AdaBoost traverses 1-50 under the "network style parameter", and finally obtains the 
best result n_ESTIMators =28; The random forest traverses 50-1010 under "net style 
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parameter" and sets the step size to 50. The best result is finally obtained as n_ESTIMators =800; 
KNN iterates through 1-50, and the best result is N_NEIGHBORS =11. Since most of the data set 
changes to continuous values after factor dimension reduction, GaussianNB classification 
algorithm in Naive Bayes is selected at this time. 
 

Table 5. Oversampled balanced data set - performance index score without standardization 
of variables 

model The actual category 
The forecast 

is for 
shopping 

Forecast for 
shopping 

Accuracy 
&balanced_ 

Accuracy 
Precision Recall F1-score AUC 

AdaBoost 
Not actually 

shopping 1770 266 0.849 
0.850 

0.83 0.87 0.85 0.9198 
The actual shopping 363 1770 

Random 
forests 

Not actually 
shopping 

1896 140 0.966 
0.966 1 0.93 0.96 0.9994 

The actual shopping 0 2133 

ANN 
Not actually 

shopping 1859 177 0.806 
0.808 

0.75 0.91 0.82 0.8922 
The actual shopping 633 1500 

KNN 

Not actually 
shopping 

1818 218 0.948 
0.946 1 0.89 0.94 0.9465 

The actual shopping 0 2133 

SVM 
Not actually 

shopping 1472 564 0.743 
0.743 0.74 0.72 0.73 0.8158 

The actual shopping 506 1627 

The 
decision 

tree 

Not actually 
shopping 1832 204 

0.951 
0.950 1 0.9 0.95 0.9499 

The actual shopping 0 2133 

Naive Bayes 
Not actually 

shopping 1742 294 0.750 
0.753 

0.70 0.86 0.77 0.8375 
The actual shopping 747 1386 

Logistic 
regression 

Not actually 
shopping 

1825 211 0.833 
0.835 0.79 0.90 0.84 0.8796 

The actual shopping 484 1649 

 
Where, AdaBoost traverses 1-50 under "network style parameter", and finally obtains the best 
result n_ESTIMators =49; The random forest traverses 50-1010 under the "net style parameter" 
and sets the step size to 50. The best result is finally obtained as n_ESTIMators =50. KNN 
iterates through 1-50 and gets n_NEIGHBORS =1.MultinomialNB classification algorithm based 
on naive Bayes is selected because most of the data sets before the variables are standardized 
are multivariate discrete values. In addition, it can be found that "Accuracy" and "Balanced_ 
Accuracy" are basically the same. 
Where, AdaBoost traverses 1-50 under "network style parameter", and finally obtains the best 
result n_ESTIMators =49; The random forest traverses 50-1010 under the "net style parameter" 
and sets the step size to 50. The best result is finally obtained as n_ESTIMators =50.KNN iterates 
through 1-50 and gets n_NEIGHBORS =1. Among them, the GaussianNB classification algorithm 
in Naive Bayes is selected because most of the data set changes to continuous values after the 
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standardization of variables. In addition, it can be found that "Accuracy" and "Balanced_ 
Accuracy" are basically the same. 
 

Table 6. Performance index score under variable standardization under oversampling 
balanced dataset 

model The actual category 
The forecast 

is for 
shopping 

Forecast for 
shopping 

Accuracy 
&balanced_

Accuracy 
PrecisionRecall F1-score AUC 

AdaBoost 
Not actually 

shopping 
1770 266 0.849 

0.850 0.83 0.87 0.85 0.9198 
The actual shopping 363 1770 

Random 
forests 

Not actually 
shopping 

1908 128 0.969 
0.969 1 0.94 0.97 0.9993 

The actual shopping 0 2133 

ANN 
Not actually 

shopping 
1730 306 0.880 

0.879 0.90 0.85 0.87 0.9466 
The actual shopping 195 1938 

KNN 
Not actually 

shopping 
1809 227 0.946 

0.944 1 0.89 0.94 0.9443 
The actual shopping 0 2133 

SVM 
Not actually 

shopping 1804 232 0.850 
0.850 0.82 0.89 0.85 0.9244 

The actual shopping 395 1738 

The decision 
tree 

Not actually 
shopping 1831 205 0.951 

0.950 1 0.90 0.95 0.9497 
The actual shopping 0 2133 

Naive Bayes 
Not actually 

shopping 1138 898 0.718 
0.715 0.80 0.56 0.66 0.8292 

The actual shopping 276 1857 

Logistic 
regression 

Not actually 
shopping 1825 211 0.821 

0.823 0.77 0.90 0.83 0.900 
The actual shopping 534 1599 

 
Table 7. Undersampled balance dataset - performance index score without standardization of 

variables 

model The actual category 
The forecast is 
for shopping 

Forecast for 
shopping 

Accuracy 
&balanced_ 

Accuracy 
Precision Recall F1-score AUC 

AdaBoost 
Not actually shopping 343 41 0.880 

0.880 
0.87 0.89 0.88 0.9336 

The actual shopping 51 329 
Random 
forests 

Not actually shopping 346 38 0.877 
0.877 

0.86 0.90 0.88 0.9353 
The actual shopping 56 324 

ANN 
Not actually shopping 341 43 0.798 

0.798 0.75 0.89 0.82 0.8858 
The actual shopping 111 269 

KNN 
Not actually shopping 295 89 0.705 

0.705 
0.68 0.77 0.72 0.7758 

The actual shopping 136 244 

SVM 
Not actually shopping 198 186 0.653 

0.654 
0.71 0.52 0.60 0.7159 

The actual shopping 79 301 
The decision 

tree 
Not actually shopping 308 76 0.819 

0.819 
0.83 0.80 0.82 0.8195 

The actual shopping 62 318 

Naive Bayes 
Not actually shopping 365 19 0.800 

0.799 
0.73 0.95 0.83 0.9001 

The actual shopping 134 246 
Logistic 

regression 
Not actually shopping 348 36 0.817 

0.816 
0.77 0.91 0.83 0.8953 

The actual shopping 104 276 
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Where, AdaBoost traverses 1-50 under the "network style parameter", and finally obtains the 
best result n_ESTIMators =10; The random forest traverses 50-1010 under "net style 
parameter" and sets the step size to 50. The best result is finally obtained as N_ESTIMators=550; 
KNN iterates through 1-50, and the best result is N_NEIGHBORS =9.MultinomialNB 
classification algorithm based on naive Bayes is selected because most of the data sets before 
the variables are standardized are multivariate discrete values. In addition, it can be found that 
"Accuracy" and "Balanced_Accuracy" are basically the same. 
 

Table 8. Undersampled balanced dataset - Performance index score under variable 
standardization 

model The actual category 
The forecast 

is for 
shopping 

Forecast for 
shopping 

Accuracy 
&balanced_ 

Accuracy 
Precision Recall F1-score AUC 

AdaBoost 
Not actually shopping 343 41 0.880 

0.880 0.87 0.89 0.88 0.9336 
The actual shopping 51 329 

Random 
forests 

Not actually shopping 346 38 0.877 
0.877 0.86 0.90 0.88 0.9368 

The actual shopping 56 324 

ANN 
Not actually shopping 327 57 0.840 

0.840 0.83 0.85 0.84 0.9236 
The actual shopping 65 315 

KNN 
Not actually shopping 349 35 0.771 

0.770 0.71 0.91 0.80 0.8642 
The actual shopping 140 240 

SVM 
Not actually shopping 342 42 0.830 

0.830 0.80 0.89 0.84 0.9158 
The actual shopping 88 292 

The 
decision 

tree 

Not actually shopping 313 71 
0.834 
0.834 0.85 0.82 0.83 0.8339 

The actual shopping 56 324 

Naive Bayes 
Not actually shopping 376 8 0.741 

0.740 0.66 0.98 0.79 0.8972 
The actual shopping 190 190 

Logistic 
regression 

Not actually shopping 346 38 0.843 
0.843 0.81 0.90 0.85 0.9190 

The actual shopping 82 298 
 

Where, AdaBoost traverses 1-50 under the "network style parameter", and finally obtains the 
best result n_ESTIMators =10; The random forest traverses 50-1010 under "net style 
parameter", sets the step size to 50, and finally obtains the best result as N_ESTIMators =300; 
KNN traverses 1-50 and gets the best result n_NEIGHBORS =31.Among them, the GaussianNB 
classification algorithm in Naive Bayes is selected because most of the data set changes to 
continuous values after the standardization of variables. In addition, it can be found that 
"Accuracy" and "Balanced_Accuracy" are basically the same. 

5.6. Model Comparison and Result Description Analysis 
In order to compare "three different data set processing methods", "three different variable 
inputs" and "eight different classifiers" more clearly, 7 performance indicator tables in 4.5 are 
combined to some degree, and the specific results are shown in Table 9 below.In this 
experiment, AUC index was taken as the final performance evaluation standard. 
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Table 9. AUC score comparison of 56 models 

classifier 

Original 
unbalanced 

data set - 
variables not 
standardized

Raw 
unbalanced 

data set - 
Variable 

normalization 

Original 
unbalanced 

data set - 
factor 

dimension 
reduction 

Oversampled 
balanced 
data set - 

variables are 
not 

standardized 

Oversampling 
balanced data 
set - variable 

normalization 

Undersampled 
balanced data 
set - variables 

are not 
standardized 

Undersampled 
balanced data 
set - Variable 
normalization 

AdaBoost 0.9209 0.9209 0.7933 0.9198 0.9198 0.9336 0.9336 
Random 
forests 0.9323 0.9306 0.8376 0.9994 0.9993 0.9353 0.9368 

ANN 0.8504 0.9182 0.8223 0.8922 0.9466 0.8858 0.9236 
KNN 0.7914 0.8224 0.7765 0.9465 0.9443 0.7758 0.8642 
SVM 0.8342 0.8936 0.7029 0.8158 0.9244 0.7159 0.9158 
The 

decision 
tree 

0.7391 0.7528 0.6379 0.9499 0.9497 0.8195 0.8339 

Naive 
Bayes 0.7527 0.8321 0.7372 0.8375 0.8292 0.9001 0.8972 

Logistic 
regression 0.7997 0.8975 0.7941 0.8796 0.9 0.8953 0.919 

 
According to Table 9, AUC scores of all models are compared, and the experimental results are 
described and analyzed: 
(1) By comparing the processing methods of "unsampled", "over-sampled" and "under-
sampled" data sets, it can be found that: ① The best AUC score of any classifier appears in the 
last four columns, indicating that the model trained by "over-sampled or under-sampled 
balanced data set" has better performance than the model trained by "original unbalanced data 
set without any sampling"; ② The AUC scores of "random forest, ANN, KNN, SVM and decision 
tree" on "over-sampled balanced data set" are higher than those on "under-sampled balanced 
data set", while the three classifiers "AdaBoost, Naive Bayes and Logistic regression" are on the 
contrary. They had the highest AUC score on the "undersampled balanced data set".According 
to "the more complex the model, the more model parameters, the larger the matched training 
sample size", it is speculated that the internal parameters of the five classifiers may be more 
complex, so the model trained by the samples obtained by the over-sampling method has better 
performance. 
(2) After analyzing different "variable input", we found that: ①  No matter which kind of 
classifier, their AUC score in "original unbalanced data set - factor dimension reduction" is the 
worst, indicating that the data set of this experiment is not suitable for factor dimension 
reduction; ② The AUC scores of most models on the dataset with "standardized variables" were 
almost the same as those on the dataset with "unstandardized variables", indicating that the 
"standardized variables" had little effect on the training performance of the model. 
(3) Finally is the eight kinds of classifier is used in the comparison: ① The table shows that in 
addition to the "unbalanced after factor dimension reduction of the original data set" AUC 
scores on the trained model is not high, the rest of the AUC scoring models are also higher, 
especially after four columns on the score is higher, to illustrate the eight kinds of classifier 
classification effect is good; ② The performance of these eight classifiers is ranked by the model 
with the highest AUC score of each classifier, as follows: Random forest > decision 
tree >ANN>KNN>AdaBoost>SVM> Logistic regression > Naive Bayes, the performance of 
random forest and decision tree is the best, and they are optimal on the model trained by "over-
sampled balanced data set - variables not standardized" data collection.At this time, the optimal 
parameter value of the random forest model under the network style parameter is 50, that is, 
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the random forest uses 50 decision trees to jointly predict.Their AUC values reached 0.9994 
and 0.9499, respectively. See Figure 2 and Figure 3 below. 
 

 
Figure 2. ROC curve of random forest 

 

 
Figure 3. ROC curve of decision tree 

 
The above figure shows ROC curves and corresponding AUC values of the two optimal models 
trained by various indicators (" balanced data set processed by over-sampling method "and" 
unstandardized variables "are put into random forest or decision tree classifier). 

5.7. Ranking of Importance of Variables 
After model comparison in 4.6, for the data set with the best performance index (the highest 
AUC score) in the test set, the "Feature_importances_ ()" method of the decision tree algorithm 
is used to return the importance weight of each variable. And the feature_importances_.argsort() 
method returns an order of importance between variables, from 'least important' to 'most 
important'. 
The results are as follows: 
(1) The importance weight of each variable is: [0.01620311, 0.03619526, 0.00931952, 
0.01869546, 0.05513755, 0.06623899, 0.04350901, 0.06152839, 0.52847013, 0.00148922, 
0.07711017, 0.01547116, 0.01607868, 0.01961764, 0.02279057, 0.00542876, 0.00671638]. 
(2) The "order of importance" of the 17 independent variables is as follows: [9 15 16 2 11 12 0 
3 13 14 16 4 7 5 10 8], that is, the most important independent variables for the dependent 
variables are as follows: Page Value > Month > Product Related Duration > Exit Rate > Product 
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Related > Jump Rate > Administrative Duration > Traffic Type > Region > Administration > 
Information Duration > Browser > Operating System > Information > Weekend > Visitor Type > 
Special Date. 

5.8. Retrain the Model 
According to 4.7 between the independent variables of the importance of sorting, chose the top 
10 most important variable, in the original "by sampling method to deal with the balance data 
set (variable not standardized)" on the basis of removing the less important seven variables, 
the new data set, the new data set to into random forests and decision tree classifier, See if its 
performance on the test set (AUC score) has improved.The results are shown in Table 10 below: 
 

Table 10. Comparison of AUC scores of models after changing independent variables 
The independent variables classifier AUC 

All 17 of them 
Correlation variable 

Random forests 0.9994 
The decision tree 0.9499 

10 top heavy 
Should sex variable 

Random forests 0.9995 
The decision tree 0.9509 

 
As can be seen from Table 10, the performance (AUC score) of the random forest model and the 
decision tree model trained from the first 10 importance variables has been improved. Figures 
4 and 5 below are their ROC curves. Among them, the best parameter value obtained by the 
trained random forest model under the network style parameter is still 50, that is, 50 decision 
trees are used in the random forest model to jointly predict. 
 

 
Figure 4. ROC curve of the random forest after changing variables 

 

 
Figure 5. ROC curve of the decision tree after changing variables 
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6. Conclusion 

In this paper, two resampling techniques -- over-sampling and random under-sampling are 
used to overcome the problem of category imbalance in the original data set. In the choice of 
variables using SPSS software for correlation analysis between variables; The data were 
preprocessed by variable standardization and factor dimension reduction, and finally seven 
different data sets were obtained. They are a cross combination of "unsampled, over-sampled, 
under-sampled" and "variable normalization, raw variable, factor dimension reduction" 
methods. A total of eight classifiers were used, including two integrated classifiers and six single 
classifiers. In the parameter setting of the algorithm, GridSearch CV is used to adjust the K 
(neighboring point) value of KNN, AdaBoost and the number of classifiers contained in the 
random forest to obtain the optimal parameters. The ratio of training set and test set was 0.2. 
Seven different data sets were successively put into eight classifiers for training, and a total of 
56 prediction models were obtained.Finally, the AUC value was taken as the only evaluation 
criterion to conduct correlation analysis on 56 models.The following three conclusions are 
drawn: 
(1) The over-sampling and under-sampling methods depend on the specific classifier, but both 
perform better than the model trained from the "unbalanced data set". 
(2) This experiment is not suitable for factor dimension reduction. The model performance 
developed by data training after factor dimension reduction is the worst. Whether variables 
should be standardized has little influence on the model performance of this experiment. 
(3) The model trained by random forest and decision tree has the best performance. At the 
same time, the classification effect of other classifiers is also ok. 
After model comparison, the importance ranking among 17 independent variables is obtained 
by decision tree algorithm for the data set with the best performance in the test set. The 
conclusions are as follows: 
(4) for online shoppers to purchase intention between the influence factors of importance as 
follows: page value > > month product related time > quit rate > products > bounce rate > 
administrative time > > > area flow types > the informational time > > browser operating 
system > informational type > > > weekend visitors special dates. 
Then, according to the importance ranking above, the top 10 most important variables are 
selected and re-invested into random forest and decision tree classifier to see whether their 
performance in the test set is improved. The final results showed that the performance (AUC 
score) of the random forest model and the decision tree model trained from the first 10 
importance variables were improved. Therefore, the fifth conclusion of this experiment can be 
drawn: 
(5) The performance of the model trained by some importance variables is better than that 
trained by all correlation variables. 
The above five conclusions are all the contributions of this experiment. Through the 
performance comparison of the model, I have a certain understanding of the data set processing 
method, variable selection method and classification algorithm. Hope to provide some 
reference for future research. Finally, there are shortcomings: the classifier used in this 
experiment is relatively basic, and more complex classifiers can be used for correlation analysis 
in the future to further improve the prediction performance of the model. 
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