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Abstract:
With the intensification of global environmental problems 
and the development of the automobile industry, new 
energy vehicles have gradually been praised by many 
governments in the world. With the promotion of the 
Chinese government in the upstream and downstream 
of the new energy vehicle industry, the sales volume of 
new energy vehicles in the Chinese market increased 
by 32% in the first half of 2024. Many previous studies 
were based on analyzing questionnaires from regional 
censuses, which deviated greatly from the actual purchase. 
To make up for the lack of this field, this paper constructs 
a linear regression model, a logit regression model, 
and a discrete choice model based on the sales data of 
new energy vehicles in the first half of 2024 and the 
parameters of nearly 80 popular models in the Chinese 
market (e.g., endurance, maximum speed, charging time). 
Research objectives: To explore the willingness of leading 
consumers to purchase new energy vehicles, to distinguish 
the popular new energy vehicle models in the Chinese 
market according to RMB 300,000 and power modes, and 
to analyze the consumer willingness in different situations 
in detail. In order to improve the stability of the data, 
the study merged 80 data points, removed outliers based 
on the standard squared difference of sales volume, and 
added brand information and the market share of each car 
as variables. After these adjustments, regression analysis 
was conducted again, and it was found that the positive 
correlation between the existing variables and sales volume 
reached 81.64%, and the adjusted R-squared value was also 
within the normal range of 53.8%, indicating that these 
factors can explain the changes in sales volume of 53.8%.
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1. Introduction
Since the invention of the car in the 19th century, engine 
technologies have continuously evolved, fueled by vari-
ous energy sources. With the growing scarcity of natural 
resources, there has been a global shift toward finding 
cleaner energy alternatives to conventional gasoline[1]. As 
the 21st century unfolded, governments worldwide began 
implementing policies to foster the growth of new energy 
vehicles (NEVs), such as battery electric vehicles (BEVs) 
and hybrid electric vehicles (HEVs), offering various 
consumer incentives. In China, the National Development 
and Reform Commission highlighted the significance of 
the NEV market for achieving carbon neutrality through 
the “Development Plan for the Energy-Saving and New 
Energy Vehicle Industry (2021-2035).” In the first half 
of 2024, NEV production and sales in China soared to 
4.929 million and 4.944 million units, respectively, with 
year-on-year growth rates of 30.1% and 32%. This surge 
underscores the increasing prominence of NEVs in the 
passenger vehicle market, emphasizing the importance of 
understanding consumer tendencies toward purchasing 
NEVs[2]. Historically, research, both local and interna-
tional, has predominantly utilized revealed preference (RP) 
and stated preference (SP) data combined with question-
naire surveys to examine NEV consumers in specific re-
gions. However, questionnaire surveys are subject to bias-
es[3], and unaccounted variables can significantly impact 
their reliability. Some studies have also employed data 
regression analysis to explore comprehensive datasets[4]
[5].
This paper focuses on the Chinese new energy passenger 
vehicle market, compiling data on approximately 80 pop-
ular NEV models from automaker websites and platforms 
like ‘Autohome’ and ‘Dongchedi’. Due to limited sample 
data, oil-electric hybrid vehicles (HEV) and plug-in hybrid 
electric vehicles (PHEV) are grouped as oil-electric types, 
while battery-powered vehicles (BEV) are categorized as 
pure electric types. NEVs are further divided into low-end 
and high-end categories with a threshold of 300,000 Chi-
nese yuan. Factors such as driving range, charging con-
venience, acceleration performance, price, speed, exterior 
design, and interior quality are identified as key influences 
on consumer choice. To determine consumer inclination 
toward NEVs and the primary factors influencing their de-
cisions, data regression analysis is conducted on the col-
lected data using R software. Following the preliminary 
findings on consumer preferences, discrete choice models 
are applied to minimize biases from basic regression 
analysis. The study aims to identify the most influential 
factors on consumers’ willingness to purchase NEVs and 
to explore the specific purchase intentions of consumers 

at different price points delineated by the 300,000 Chinese 
yuan threshold.

2. Literature Review

2.1 Stated Preference Survey(SP)
Since the beginning of the 21st century, there has been an 
increasing global focus on new energy vehicles. Numer-
ous countries, including France [6], are actively planning 
to transition from conventional fuel vehicles to electric ve-
hicles in the coming years [7]. In this context, the Chinese 
government has intensified its efforts to promote the new 
energy vehicle sector as a means to reduce atmospheric 
carbon dioxide emissions, capitalizing on the structural 
advantages of electric vehicles [8].

2.2 Structural Equation Modeling(SEM)
Structural equation modeling is commonly used to ex-
plore the relationships between variables through multiple 
regression analysis. This approach involves collecting 
reference data for research and subsequently applying 
structural equation modeling to assess the extent to which 
various factors influence consumer purchase intentions. 
For example, conducting a survey of Beijing residents 
about their intentions to purchase new energy vehicles 
enables researchers to identify the most significant factors 
influencing their buying decisions [8].

2.3 Disrete Choice Model(DCM)
Some studies utilize discrete choice models [9] to reana-
lyze existing regression data, aiming to minimize the bias 
introduced by varying variables. For instance, the logit 
model is employed to examine the willingness of Zheng-
zhou residents to purchase new energy vehicles, while 
the multinomial logit (MNL) model is applied to conduct 
linear regression on the aggregate data, ultimately identi-
fying the factors with the greatest impact [10][11].

3. Methodology

3.1 Logit Model
The Logit model is a type of discrete choice model com-
monly used for empirical analysis. It performs classi-
fication using a linear model that maps the input to the 
interval [0,1] to classify samples. Essentially, logistic 
regression solves classification problems by estimating 
the relationship between input features and the probability 
of an event occurring. In this study, the Logit model was 
used to analyze the significance of the impact of different 
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factors.

3.2 Discrete Choice Model
Since the results based on simple linear regression still 
have large deviations, we put the data into the Discrete 
Choice Model (DCM) [12]. In economics, we assume 
that consumers are rational, so the consumer behind each 
unit of sales will choose the option that maximizes ben-
efits[13]. That is, choose the vehicle configuration that 
maximizes benefits. The derivation of the discrete choice 
model can help this study weaken the interaction between 
different dependent variables and is also used to replace 
sales data with market share[14][15].

4. Data

4.1 Data source
Here is the data on the battery life, price, charging speed, 
maximum speed, appearance score, interior score, space 
score, acceleration, and quantity sold in half a year of 80 
hybrid and pure electric vehicles. These data sources were 
from different websites, and some grades were evaluated 
by the website’s citations. Therefore, exterior score, inte-
rior score, and space score are based on websites.

Fig.1.Data for all model of cars

4.2 Data collection
At first, some data in database are too small or big, they 
made result uncertain and unsteady.In this scenario, max-
imum sales was removal and sales under 10000 also re-
moval from database.
These data are used to make regression analyses and dis-
crete selection models to analyze the willingness to buy 
oil and pure trams. The data is divided into four parts: 
more than 300,000 pure electricity, less than 300,000 pure 
electricity, more than 300,000 oil, and less than 300,000 
oil and electricity, with 20 vehicles in each part. Take the 
sales volume as y, use these four parts for regression anal-
ysis, and find the relationship and impact of y (sales) with 
other variables.

5. Result

5.1 . Regression Analysis Results
Pure electric vehicles below 300,000: other variables are 

positively correlated with sales by 55.14%, and 30.41% of 
sales can be explained by these variables.
Pure electric vehicles above 300,000: other variables are 
positively correlated with sales by 73.44%, and 53.93% of 
sales can be explained by these variables.
Hybrid vehicles below 300,000: other variables are pos-
itively correlated with sales by 75.07%, and 56.35% of 
sales could be explained by these variables.
Hybrid vehicles above 300,000: other variables are pos-
itively correlated with sales by 46.72%, and 21.83% of 
sales could be explained by these variables.

5.2 Data Processing and Optimization
In the initial analysis, the adjusted R-squared was nega-
tive, which may be due to the fact that too many indepen-
dent variables affected the linear regression results.
To improve the analysis, the researchers merged the data 
of 80 vehicles, calculated the standard squared deviation 
of sales, and removed the maximum and minimum values 
that exceeded twice the standard squared deviation.
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Existing vehicle brands were added as new variables, and 
the share of each vehicle in the total market was calculat-
ed.

5.3 Results of the Optimized Regression Analy-

sis
81.64% of the existing variables were positively correlat-
ed with the model.
The adjusted R-squared value was 53.8%, which was 
within the normal range, indicating that 53.8% of the de-
pendent variable could be explained.

Fig.2. The regression result of under 30 thousand pure electric vehicle

Fig.3. The regression result of above 30 thousand pure electric vehicle
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Fig.4. The regression result of under 30 thousand petrol-electric vehicle

Fig.5. The regression result of above 30 thousand petrol-electric vehicle
At present, through all data, the adjusted R square is neg-
ative because there are too many independent variables, 
which affects the result of linear regression. We found that 
the data measured in the four tables were not very stable, 
so we combined the 80 data calculated the standard square 
difference of sales, and then removed the maximum and 
minimum data of twice the standard square difference. 
Then several variables were added to the table, which 

are the brands of existing vehicles. The share of each car 
in the total market is also calculated. After that, I did a 
regression analysis again. The obtained data found that 
81.64% of these existing variables can be used to be pos-
itively related to the model, and the adjusted R square is 
also in the normal range of 53.8%. It shows that 53.8% 
can be explained by these factors.
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Fig.6. Data for all model cars with share in the market

　　

Fig.7. The regression result of the discrete choice model
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6. Conclusion
This study explored the factors that affect the sales of 
different types of electric and hybrid vehicles through de-
tailed data analysis. In order to improve the accuracy of 
the analysis, the researchers optimized and adjusted the 
data several times.
Research has found that within the price range of less than 
300000 yuan, the positive correlation rate between other 
indicators and sales of pure electric vehicles is 55.14%, 
while the positive correlation rate of gasoline-electric hy-
brid vehicles reaches 75.07%. For pure electric vehicles 
worth over 300000 yuan, the positive correlation rate of 
pure electric vehicles increases to 73.44%, but the positive 
correlation rate of gasoline and electric hybrid vehicles 
decreases to 46.72%. After data optimization and merging 
data points and outliers, the positive correlation between 
existing indicators and sales volume increased to 81.64%, 
and the adjusted R ² increased to 53.8%, indicating that 
these structures can well explain the evolution of sales 
volume.
Due to the limited sample data and the uncertainty of con-
sumer choice, the results of this article are still biased.
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