
Highlights in Science, Engineering and Technology MMML 2022 

Volume 22 (2022)  

 

270 

Research on sales strategy of electric vehicle target customers 
based on machine learning algorithm 

Zhichong Li * 

College of data science, University of Taiyuan University of Technology of China, Jinzhong, 
030600, China 

* Corresponding Author Email: 305229019@qq.com 

Abstract. Due to the influence of various subjective and objective factors, there is great uncertainty 
in consumers' willingness to purchase new energy vehicles. In this study, it is hoped that based on 
customer satisfaction and personal characteristic information, the main factors affecting whether the 
target customers are willing to purchase new energy vehicles are explored, so that corresponding 
sales strategies can be formulated. In this study, two different embedding methods based on penalty 
terms and tree models are used for feature selection, the former using three models LR, LASSO and 
SVM, and the latter using RF and LightGBM models for a total of five models for machine learning 
to find out the relevant features that affect the sales of different brands, and the voting method is 
applied to the selected features, and the results are found. The battery technology performance of 
electric vehicles, comfort, annual mortgage of target customers and the ratio of auto loan to annual 
household income have a significant impact on the sales of all three brands. In addition, affordability, 
safety and customer's work situation also had different degrees of influence on sales of the different 
brands. A multilayer perceptron (BP neural network) prediction model is built for each brand's target 
customers to predict their purchase intention. The prediction accuracy of the network is improved by 
balancing the positive and negative samples so that the ratio of the two types of samples in the 
dataset is approximately 1:1. The test set is also used for real-time testing to determine the fit status 
of the dataset. The accuracy of the final model was above 80% on both the training and test sets, 
and the model predicted the 1st, 5th, 6th, 7th, 12th, and 12th samples. The model predicted the 
purchase intention of the 1st, 5th, 6th, 7th, 12th and 13th customers. 
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1. Introduction 

In recent years, China has proposed to achieve the goal of "carbon peak" and "carbon neutral" as 

soon as possible, and vigorously developing new energy electric vehicles is considered an effective 

way to solve the energy and environment problems, which has a broad market prospect. General 

Secretary Xi Jinping also emphasized that "the development of new energy vehicles is the only way 

to become an automobile power" when he visited Shanghai Automotive Group in 2014. However, 

compared with traditional cars, people still have certain doubts about the batteries of new energy 

vehicles, so the marketing needs to make scientific decisions and develop corresponding marketing 

strategies for target customers to increase the purchase rate and create revenue for the company. 

A car company has newly launched three brands of electric vehicles, namely, joint venture brand, 

independent brand and new power brand. In order to study consumers' willingness to purchase the 

company's electric vehicles and develop corresponding sales strategies for scientific decision making, 

the sales department invited 1964 target customers to experience the three brands of electric vehicles. 

This study uses the knowledge of mathematical models to solve the following problems. 

1. To explore the factors that may affect the sales of different brands of electric vehicles based on 

the purchase of electric vehicles by the target customers in the experience campaign. 

2. Combine the results of the previous studies to build a customer mining model for different 

brands of electric vehicles, evaluate the excellence of the model, and determine the likelihood that a 

given target customer will purchase an electric vehicle. 
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2. Model building and solving 

2.1. Problem 1 

The filtering and wrapping methods in feature selection methods are carried out independently in 

the feature selection process and model training process, while the embedding method integrates these 

two processes and carries out feature selection while learning, therefore, in order to make the results 

more representative and facilitate model training, the following two embedding methods are used in 

this paper. 

One is the feature selection method based on penalty term. In this paper, we use the penalty term 

feature selection method based on SVM model, LASSO model, and logistic regression model to select 

features. In this paper, we use the penalty term feature selection method based on SVM model, 

LASSO model and logistic regression model to select features. 

Second, the feature selection method of the tree model, which can be used to calculate the 

importance of features and therefore can be used to remove irrelevant features. In this paper, the 

random forest model and the tree model feature selection method of the LightGBM model are used 

to select features. Then a threshold value is set according to the feature importance degree to get the 

top ranked features for each algorithm. Finally, a voting method is used on the results selected by the 

five models to filter out the features with greater than or equal to 2 votes as the main factors affecting 

the sales of the brand [1,8]. 

2.1.1 Logistic regression modeling 

Logistic regression (LR) is a powerful statistical method for representing a binomial outcome in 

terms of one or more explanatory variables [2-5]. It measures the relationship between class-

dependent variables and one or more independent variables, which obey a cumulative logistic 

distribution, by using a logistic function to estimate probabilities. It is defined by the following 

equation [3-5]: 

ℎ(𝑥) =
1

1 + exp(−𝑥)
                                                              (1) 

This function is defined over the entire domain of real numbers, has a value domain of (0, 1), and 

is a monotonically increasing function. According to the requirements for the distribution function, 

this function can be used as the distribution function of the random variable x, i.e. 

𝑝(𝑥 ≤ 𝑧) = ℎ(𝑧)                                                                   (2) 

2.1.2 LASSO regression modeling 

The full name of LASSO is Least absolute shrinkage and selection operator, which is a 

compression estimator that obtains a more refined model by constructing a penalty function that 

makes it compress some regression coefficients, i.e., force the sum of the absolute values of the 

coefficients to be less than a fixed value, while setting some regression coefficients to zero. Thus 

retaining the advantage of subset shrinkage, it is a biased estimator dealing with data with complex 

covariance. lASSO is the addition of an lp parametrization as a penalty constraint to the calculation 

of RSS minimization. lp parametrization has the advantage of shrinking some coefficients to be 

estimated exactly to zero when λ is sufficiently large. By cross-validation method: for a given value 

of λ, cross-validation is performed and the value of λ with the smallest cross-validation error is 

selected, and then the model is simply refitted with the full data according to the obtained value of λ 

[6,7]. 

𝛽𝐿𝑎𝑠𝑠𝑜 = 𝑎𝑟𝑔𝑚𝑖𝑛𝛽∈𝑅𝑑 (||𝑌 − 𝑋𝛽||
2
+ 𝜆∑|𝛽𝑗|

𝑑

𝑗=1

)                                (3) 

where t corresponds to λ one-to-one and is the adjustment coefficient. 
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2.1.3 SVM model building 

SVM support vector machines are mainly targeted at binary linear classifiers by determining a 

hyperplane such that the distance from the data points to the hyperplane is maximized, which is a 

quadratic programming problem [8-10]. Since finding its appropriate mapping for any dataset is 

difficult, it is usually chosen from the commonly used kernel functions [11]. The commonly used 

kernel functions are polynomial kernel functions, Gaussian functions, linear functions, etc. The 

constraint for the classification hyperplane [8] is  

𝑦𝑖(𝑤
𝑇𝑥𝑖 + 𝑏) ≥ 1                                                               (4) 

The objective function is for the hyperplane to be sufficiently far from the two types of samples, 

which can be written as 

1

2
||𝑤||. 𝑝𝑜𝑤(2)                                                                  (5) 

If the slack variable ξi and the penalty factor C are added to penalize the samples that violate the 

inequality, the following optimization problem can be obtained. 

𝑚𝑖𝑛
1

2
𝑤𝑇𝑤 + 𝑐∑𝜖𝑖

𝑙

𝑖=1

                                                            (6) 

𝑦𝑖(𝑤
𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜖𝑖                                                             (7) 

𝜖𝑖 ≥ 0, 𝑖 = 1,2,… , 𝑙                                                              (8) 

2.1.4 Random forest model building 

A random forest is an algorithm that uses multiple decision trees to train and predict samples 

[12,13]. The random forest algorithm is an algorithm that contains multiple decision trees, and its 

output is determined by the species tree of the output category of the individual decision trees. Its 

advantages lie in most of the data, it has better classification, can handle high-dimensional features, 

is less prone to overfitting, has faster model training for large data, can evaluate the importance of 

variables in deciding the category, and is adaptable to the data set, can handle both discrete and 

continuous data, and the data set does not need to be purposely normalized. Random forest is an 

integrated learning model based on the idea of Bagging, by building multiple learners to accomplish 

the learning task together [14]. The principle of this model Bagging algorithm is similar to voting, 

where one weak learner is trained using one training set at a time, and n weak learners are trained 

based on different training sets after n random draws with put-backs. For the classification problem, 

the final prediction is based on the voting of all the weak learners, and the final prediction is based 

on the "majority rule". For the regression problem, the average of all the learners is taken as the final 

result. The statistical gain of the Gini coefficient is used in the decision tree. The Gini coefficient 

indicates the degree of variation of samples in the dataset, and the larger the Gini coefficient, the more 

diverse the dataset is, i.e., it indicates that there are multiple classification results, and the more 

diverse the current characteristics of the dataset is, i.e., the more impure it is, i.e., it may be a multi-

classification problem [9].  

The specific formula is as follows. 

𝐺𝑖𝑛𝑖(𝐷) = 1 −∑𝑝𝑘
2

|𝑦|

𝑘=1

                                                           (9) 

The feature with the smallest Gini coefficient is generally selected as the initial root node. The 

selection of the root node is performed in the actual project based on the defined classification results 

by counting the features and categories of the training samples, and deciding the selection of the root 

node at each subsequent step based on the gain of the Gini coefficient of the features relative to the 

initial category. The Gini index when used as a basis for judgment for each feature needs to be known 

before calculating the Gini coefficient gain by the following formula. 
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𝐺𝑖𝑚𝑖𝑖𝑛𝑑𝑒𝑥(𝐷, 𝑎) =∑
|𝐷𝑣|

|𝐷|
𝐺𝑖𝑛𝑖(𝐷𝑣)

𝑣

𝑣=1

                                           (10) 

Genie gain is: 

Gini(D, a) = Gini(D) − Giniindex(D,a)                                            (11) 

In this paper, we run the program to continuously classify the internal nodes until the final 

classification result is displayed. At this point, the training of the samples is completed, and we make 

predictions based on the current model when new samples come in for testing. In practical engineering 

it is necessary to control the depth of the decision tree to prevent overfitting situations, i.e., the training 

samples can perform well, but the accuracy of the test samples is not guaranteed, which can easily 

occur when the training set is large. 

2.1.5 LightGBM model building 

LightGBM is a distributed gradient boosting framework based on decision tree algorithm. It has 

the advantage of reducing the use of data for memory, ensuring that a single and its use as much data 

as possible without sacrificing speed, while reducing the cost of communication, improving the 

efficiency when multi-stage parallelism, and achieving linear speedup in computation [10]. 

2.1.6 Results of selecting features based on tree model feature method  

In this paper, the random forest model and the tree model feature selection method of LightGBM 

model are used to select features, and the calculation results are shown in Tables 1. 

Table 1. Features selected by the penalty term-based embedding method 

Feature selection 

method 

Select results 

Brand 1 Brand 2 Brand 3 

LR Logistic 

Regression 

a1, a2, a3, b4, b5, B15, 

B16, B17 

a1, a2, a3, a4 , a5, a7, B11, 

B15, B16, B17 

a1, a2, a3, a5, a6, 

B15, B16 

SVM 
a1, a2, a3, b3, b6, B10, 

B16, B17 

a1, a3, a5, a6, a8, b8, B10, 

B15, B16, B17 

a1, a2, a3, a7, B2, 

B6, B16 

LASSO 
a1, a2, a3, a6, b6, B12, 

B16 , B17 

a1, a3, a5, a6, a7, B10, B11, 

B13, B16, B17 

a1, a2, a5, b6, B10, 

B16, B17 

RF 
a1, a2, a3, B2, B15, 

B16, B17 

a1, a2, a3, a4 , a5, a7, B13, 

B15, B16, B17 

a1, a2, a3, a5, a3, 

a6, a8, B16 

LightGBM 
a1, a4, a5, B6, B7, B10, 

B16, B17 

a1, a3, a7, B1, B11, B13, 

B14, B15, B16, B17 
a2, B16 

 

The figure 1 shows the graph of the number of occurrences of the features obtained by voting on 

each feature using five models. In this paper, the features with occurrences greater than or equal to 2 

are selected as important features and are considered to have an impact on each of the three brands of 

electric vehicles. 
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Figure 1. Number of feature occurrences 

As can be seen from the figure, for the three brands, the battery technical performance, comfort, 

target customer's annual mortgage, and car loan as a percentage of annual household income are two 

or more for EVs, indicating that these four indicators have a greater influence on customers' purchase 

situation. In addition to the above four indicators, the factors affecting the purchase of Brand 1 include 

economy, safety, driving control, and the position of target customers; economy, safety, power, 

exterior and interior, target customers' work status (including the number of years of work and the 

nature of the unit), annual household income, and disposable annual income are the main factors 

affecting the purchase of Brand 2 by target customers; the main factors affecting the sales of Brand 3 

are power, target customers' annual mortgage, and the percentage of annual household income. The 

main influences on brand 3 sales are dynamics, marital and family status of the target customer, and 

length of employment [11] [12]. 

2.2. Problem 2 

2.2.1 Customer mining model based on multi-layer perceptron 

Based on Problem 1, we use a multi-layer perceptron (BP neural network) to build a mining model 

for different brands of customers and then predict their purchase intention. Since the prediction is 

done separately for different brands of EVs, the multilayer perceptron model is also trained under the 

training set of different brands, so a total of 3 multilayer perceptron models f1(x), f2(x), and f3(x) are 

trained to predict the purchase intention of customers for brands 1, 2, and 3, respectively. 

2.2.2 Multi-layer perceptron model 

The multilayer perceptron model used in this problem is based on the single-layer perceptron 

model described above, with two hidden layers of 4 neurons each and input data with 25 features 

(a1~a8, B1~B17) and direct quantization of the categories corresponding to the category variables. 

The structure of double hidden layer neural network is shown in Figure 2.[13] 
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Figure 2. The structure of double hidden layer neural network  

The specific steps of parameter initialization, forward propagation, loss function calculation and 

parameter update of the double hidden layer neural network are almost the same as those of the single 

hidden layer, while the activation function in the middle layer uses the ReLu activation function, and 

the layer-by-layer back propagation formula from the last output layer to the first hidden layer is 

given here, where the capital letters represent the matrices.[14] 

{
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 𝑑𝐴[3] =

1 − 𝑌

1 − 𝐴[3]
−

𝑌

𝐴[3]

𝑑𝑍[3] = 𝑑𝐴[3] ∗
1

1 + 𝑒−𝑧
[3]
∗ (1 −

1

1 + 𝑒−𝑧
[3]
)

𝑑𝑊[3] =
1

𝑁
𝑑𝑍[3]. 𝐴[2]

𝑑𝑏[3] =
1

𝑁
∑𝑑𝑍[3](𝑖)
𝑁

𝑖=1

𝑑𝐴[2] = 𝑊[3]𝑇 . 𝑑𝑍[3]

𝑑𝑍𝑖
[2] = {𝑑𝐴

[2]   𝑍[𝑖] > 0
0   𝑍[𝑖] ≤ 0

(𝑖 = 1,2…𝑛1)

𝑑𝑊[2] =
1

𝑁
𝑑𝑍[2]. 𝐴[1]

𝑑𝑏[2] =
1

𝑁
∑𝑑𝑍[2](𝑖)
𝑁

𝑖=1

𝑑𝐴[1] = 𝑊[2]𝑇 . 𝑑𝑍[2]

𝑑𝑍𝑖
[1] = {𝑑𝐴

[1]   𝑍[𝑖] > 0
0   𝑍[𝑖] ≤ 0

(𝑖 = 1,2…𝑛2)

𝑑𝑊[1] =
1

𝑁
𝑑𝑍[1]. 𝑋

𝑑𝑏[1] =
1

𝑁
∑𝑑𝑍[1](𝑖)

1

1 + 𝑒−𝑍
[3]

𝑁

𝑖=1

                                           (12) 
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The process of back propagation is similar to that of the previous single hidden layer. It should be 

noted that * represents multiplication and ∙ represents matrix multiplication. n1 is the number of 

neurons in the first hidden layer, and n2 is the number of neurons in the second hidden layer. 

2.2.3 Solution of multi-layer perceptron model 

1) Training test data pre-processing 

If the input customer feature data is not normalized, the neural network training effect is very poor 

and the classifier is prone to failure. Each feature of the customer is normalized separately, and the 

normalization is done by 

𝑋∗ =
𝑋 − 𝜇

𝜎
                                                                 (13) 

In order to determine the training and test sets, the data set needs to be partitioned, and it is 

important to ensure that in the training set, the proportion of samples of each class is approximate 

(1:1), otherwise the neural network is more inclined to predict all the input samples as the class with 

more samples in the training set. 

A macroscopic presentation of the distribution of the dataset is first made (Table 2). 

Table 2. Distribution of the data set 

 
Number of people 

buying cars 

Number of people who did not 

purchase a car 

Purchase/Not 

purchased 

Brand 1 23 533 0.0432 

Brand 2 65 1208 0.0538 

Brand 3 11 124 0.0887 

 

Obviously, the distribution of the two types of samples is extremely unbalanced, and the number 

of samples that purchased cars is much smaller than the number of samples that did not purchase cars. 

Here, the method of replicating the sample of customers who bought cars is used to expand the data 

set, and then the data set is disrupted, which can alleviate the problem of unbalanced positive and 

negative samples to some extent. 

The specific algorithm flow is as follows. 

Let a be the number of samples in category A (purchased), b be the number of samples in category 

B (not purchased). 

𝑛 =
[𝑏 − 𝑚𝑜𝑑(𝑎, 𝑏)]

𝑎
                                                        (14) 

n is the result of the operation of dividing b by a. The samples of category A are copied n+1 times, 

so that category A has a(n+1) samples and a (n +1)  b. The last a(n +1) -b samples of category A 

are deleted, and the number of samples of category A and category B is 1:1. The number of samples 

of category A and category B is 1:1, and the equalization is achieved. It is proved that the equalization 

of samples can greatly improve the prediction accuracy of the network. In order to avoid the 

occurrence of overfitting and underfitting, in addition to the training set, we also need to use the test 

set for real-time testing to determine the accuracy of the network.  

In order to avoid the occurrence of overfitting and underfitting, in addition to training with the 

training set, a test set is also required for real-time testing to determine the fitting status of the data 

set (Table 3). 

Table 3. Table of positive and negative sample proportions of the original data set 

 Training set Test set 

 Purchase Not purchased Purchase Not purchased 

Brand 1 526 526 7 7 

Brand 2 1193 1193 15 15 

Brand 3 120 120 4 4 
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3) Model solving results 

The following are the iterative curves of the accuracy of each of the three brands of neural networks 

during the training process, respectively (Figure 3). 

 

Figure 3. Iteration Curve 

It can be seen that the training results are still relatively good, and there is no overfitting or 

underfitting, and the model converges to a relatively good state. The accuracy of the final model on 

the training and test sets is shown in Table 4 below. 

Table 4. prediction accuracy of the model in the training and test sets 

 Training Set Accuracy Test Set Accuracy 

Brand 1 86.4068% 85.7143% 

Brand 2 83.9899% 80.0000% 

Brand 3 84.5833% 87.5000% 

 

It can be seen from the above table that the accuracy of the training set and the test set is high, 

which can be used for prediction. Then the target customers are predicted, and the first customer 

(brand 1 ), the fifth customer ( brand 1 ), the sixth customer ( brand 2 ), the seventh customer ( brand 

2 ), the 12th customer ( brand 3 ) and the 13th customer ( brand 3 ) are willing to buy new energy 

vehicles. 

3. Conclusions 

3.1. Model Advantages  

1. Machine learning algorithms should be used, which are highly interpretable. 

2. When performing feature screening, different operations are performed for different categories, 

making the data more convincing. 

3. Apply multiple machine learning algorithms for prediction, making the results more accurate. 

3.2. Model Disadvantages 

1. ignoring the connection existing between different choices will lead to some errors. 

2. The generalization ability is weak when applying BP neural network due to less data. 
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