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ABSTRACT

In order to solve the problem that automobile enterprises want to be able to keep track of the
satisfaction of a large number of consumers with new energy vehicle products at all times, this paper
proposes a scheme based on the CatBoost machine learning model to analyze the influencing
factors of the satisfaction of new energy vehicle products. This scheme first uses market research
methods and SPSS software to obtain the relevant original data; Next, the box plot is used to find
outliers, the R language function is used to find missing values, and the missing values are filled with
mean and mode respectively according to the characteristics of the dimension data, and then the
Min-Max method is used to standardize the data. Finally, the principle of the CatBoost model is
introduced; The results show that range, safety and economy are the indicators that consumers are
more concerned about, and the results meet the actual requirements. Based on the research
conclusions of this paper, it can provide reference and basis for improving product satisfaction and
precision marketing of enterprises.
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1. RESEARCH BACKGROUND

In 2024, production and sales of new energy vehicles reached 12.888 million units and 12.866 million
units, respectively,with year-on-year increases of 34.4% and 35.5%. The sales volume of new energy
vehicles (NEVSs) reached 40.9% of the total sales volume of new vehicles in China, and NEVs will
continue to be an important growth point for China's automotive industry. Although the new energy
vehicle market has broad development prospects, it also faces some challenges. According to market
feedback, user satisfaction has become an important factor influencing the further development of
new energy vehicles. User satisfaction not only reflects consumers' recognition of the product, but
also directly relates to the brand's reputation and the stability as well as the expansion of market share.
Therefore, an in-depth study of the factors influencing the satisfaction of new energy vehicle products
is of great practical significance for enterprises to improve product quality and service level and
enhance market competitiveness.

Traditional methods of analyzing influencing factors of satisfaction, such as questionnaires often have
difficulty dealing with complex data relationships and numerous influencing factors, while machine
learning algorithms have significant advantages in dealing with large-scale data and complex
relationships. CatBoost, as a decision tree-based gradient boosting algorithm, has been widely used
in many fields for its advantages such as handling categorical features, preventing overfitting, and
reducing gradient bias.
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For example, Reference [1], in order to comprehensively evaluate the brand assets of different new
energy vehicles and further promote the development of the new energy vehicle industry, proposed a
new energy Vvehicle brand asset evaluation system constructed based on multi-source heterogeneous
data and the CatBoost model. the brand equity of new energy vehicles of China's independent brands
is higher than that of joint venture brands, which mainly benefits from the fact that in recent years,
China's new energy vehicles have achieved overtaking on curves.It can be seen that applying the
CatBoost algorithm to the analysis of factors influencing the satisfaction of new energy vehicle
products can more accurately explore the complex relationship between each factor and satisfaction,
identify the key influencing factors, and provide strong support for enterprises to formulate targeted
improvement strategies. Through the analysis of a large amount of user data, the CatBoost model can
identify which factors have the most significant impact on user satisfaction, thereby helping
enterprises concentrate resources on optimization and improvement. Therefore, it is of great
theoretical and practical value to conduct research on the factors influencing the satisfaction of new
energy vehicle products based on CatBoost.

Calculating the satisfaction of new energy vehicles involves not only some numerical parameters but
also a large number of text-category parameters. To better calculate the satisfaction and improve the
accuracy rate, this paper proposes a method called "Analysis of Influencing Factors of Automotive
Product Satisfaction based on CatBoost", where CatBoost is a type of Boosting algorithm. CatBoost
is an improved algorithm under the framework of the GBDT algorithm, which is based on the
symmetric decision tree algorithm. Meanwhile, CatBoost is a GBDT framework with few parameters,
support for categorical variables and high accuracy, mainly addressing the efficient and reasonable
processing of categorical features, handling gradient bias and prediction offset problems, and
improving the accuracy and generalization ability [2-4] of the algorithm.

2. RESEARCH PATHWAYS

The research of this article consists of four steps: data collection, data cleaning, model building, and
result discussion. The most important of these is the data cleaning module, and the quality of data
cleaning affects the accuracy of the model. The roadmap for this study is shown in Figure 1.
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Figure 1. Roadmap for this study
2.1.Data Acquisition Module

The data in this paper are derived from a market research questionnaire. The interviewees are
researchers with decades of research experience, and the interviewees are owners of new energy
vehicles or actual drivers of new energy vehicles in the past 1-2 years. The data processing software
is SPSS professional software. The data dimensions numbered 4-9 are scored 1-10, and the
characteristics of other numbers are text-based data. The data feature dimensions of the data collected
in this paper are shown in Table 1.
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Table 1. Replacement of metric variables

Serial Indicators Serial Indicators
numbers number

1 Vehicle model 10 Gender
2 Motivation type 11 Age group
3 Brand 12 Highest degree
4 Economy (Energy consumption and retention rate) 13 Industry
5 Safety performance (braking and driving vision) 14 Career stage
6 Battery life 15 Marriage
7 Dynamic performance (climbing and acceleration) 16 Residence location
8 Comfort (Space seats) 17 Income level
9 drivability

2.2.Data Cleaning

Data cleaning in this article includes finding and handling outliers and missing values, data
standardization, etc [5-7].

(1) Methods for finding outliers
1) Outlier lookup method

As an effective tool for visualizing data distribution, the box plot visually presents data characteristics
through five core statistics: the lower edge (minimum), the lower bound of the box (25th percentile
/Q1), the middle line of the box (median), the upper bound of the box (75th percentile /Q3), and the
upper edge (maximum). The method sets the reasonable range of the data by calculating the
interquartile range (IQR=Q3-Q1), extending the upper and lower boundaries to Q3+1.51QR and Q1-
1.51QR respectively, and discrete points outside this range will be judged as potential outliers. The
determination mechanism based on statistical distance gives the box plot a significant advantage [7]
in revealing data dispersion and locating outliers. The box plot diagram is shown in Figure 2 below.
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percentile from largest to
smallest)

Lower Quartile L (the 75th
percentile from largest to
smallest)
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Figure 2. Diagram of the box plot
2) Outlier handling method
The method for handling outliers in this article: Remove outliers and treat them as missing values.
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(2) Methods for finding and handling missing values
1) Methods for finding missing values

In the R language environment, missing value identification can be achieved through the is.na()
function, which generates Boolean judgment matrices when acting on vectors or data frames,
precisely marking whether each data unit is missing or not. For multi-dimensional data structures, the
complete. cases() method can systematically screen all observed samples, and the TRUE/FALSE
sequence it returns corresponds to the integrity status of the data rows. By combining the sum()
function for logical value counting or the table() function for distribution statistics, researchers can
quantitatively evaluate data missing patterns, including key quality indicators such as global missing
rate and variable dimension missing hotspots, providing a reliable basis [5] for subsequent data
cleaning decisions.

2) Methods for handling missing values
The method for handling missing values in this article is as follows:

If the field is numeric data, the method for handling missing values is: Take the average of the feature
data of the column to fill in the missing values, as shown in formula (1).

x"!" = mean(x;) (1)

Among them, is the missing value filled, is the characteristic data of this column, and mean is the
average value function. x"' x,

If the field is text-type data, the method for handling missing values is: Take the mode of the column
feature data to fill the missing values, as shown in formula (2).

full
i

X" =mode(x) (2

Where is the missing value filled, is the feature data of the column, and mode is the mode function.
XifuII X.

1
(3) Data normalization

In this paper, maximum-minimum normalization is adopted, and the formula for Min-Max
normalization is shown [6] in Formula (3) below.

_d-d_min
d _max—d_min

(3)

In formula (1), is the normalized data, d d is the original data point, d_min is the minimum value of
the dataset, and d_max is the maximum value of the dataset. Range normalization (maximum-
minimum normalization) maps numerical features to a closed interval [0, 1] through a linear
transformation, and its mathematical essence is dimensionless processing to eliminate dimensional
differences. While preserving the original data distribution structure, the core advantage of this
algorithm lies in maintaining the order relationship between the data, eliminating the interference of
extreme values by compressing the numerical scale, and ensuring that the core statistical features
such as distribution pattern and skewness characteristics remain unchanged, providing a unified
benchmark for the standardization of the input of the CatBoost machine learning model in the
following text.
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2.3.Model Building

CatBoost is a machine learning algorithm based on Gradient Boosting Decision Trees (GBDT)
developed by Yandex, a Russian company, which has demonstrated outstanding performance in many
fields. At its core, it is based on the idea of gradient boosting and makes predictions by iteratively
building a series of decision trees. Under the framework of gradient boosting, each newly generated
decision tree is dedicated to fitting the residuals between the predicted results of all previous trees
and the true values, thereby gradually improving the overall performance of the model. The CatBoost
model can combine features from feature to feature to form a new set of category features, which
greatly enriches the model's feature dimension and improves its accuracy. Since the underlying model
of the CatBoost model uses a symmetric tree, it can also prevent overfitting [8-11].

(1) Processing category features

The CatBoost model mainly handles category features as [7] follows:

Step 1: Randomly arrange the set of input feature values to generate multiple random permutations;

Step 2: Calculate the average sample value for samples of the same category;

Step 3: Convert all categorical eigenvalues to numerical values using the following formula:
CountInClass + a+P

ave target = 4
—targ TotalCount +« ( )

Where ave_target is the transformed feature (numeric type); CountinClass is the number of features
in the current category whose eigenvalue is CountIinClass; TotalCount is the total number of
eigenvalues of this category feature in all samples (including the current sample), that is, the size of
the sample without missing values; 2ls the weight of the prior probability; P is the prior value for
binary classification, and the prior term is the prior probability of the positive example.

(2) Feature recombination

The second aspect is feature recombination, which CatBoost models take a greedy [7] approach only
when the current tree considers new splits, as shown in formula (5).

()

;{ G, Gi _(GL+GR>2}_y

Gain==
H +4 H;+4 G +Gy+4

Among them, Gain represents the optimal Gini coefficient during the splitting process, Hf; is the

score of the left subtree of the split, HG+ 5 1s the score of the right subtree of the split, éG:GGfl is the

score when there is no splitting, and 7 is the model complexity brought about by adding a new leaf.

2.4.Result Discussion

Through the trained CatBoost model, the influence of each factor on the satisfaction of new energy
vehicle products can be further analyzed. The CatBoost model provides feature importance
assessment capabilities, which measure the importance of each feature to the prediction result (i.e.
satisfaction) by calculating how much each feature contributes to reducing the loss function during
model training. The higher the feature importance score, the greater the impact of the factor on
satisfaction. The CatBoost model can be used to analyze the importance of each feature, and the data
on the importance of each feature in descending order are shown in Table 2 (for space reasons, the
first 5 are listed).
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Table 2. Sort the data of each feature's importance from high to low

Feature ranking Features Importance
1 Battery life 20.75%
2 Safety 11.32%
3 Economy 11.07%
4 Charging 10.30%
5 Comfort 9.86%

As shown in Table 2, among many influencing factors, range is identified by the model as one of the
factors that have a significant impact on satisfaction with new energy vehicle products. With the
development of the new energy vehicle market, consumers' expectations for range are constantly
increasing. Range is directly related to the convenience and practicality of new energy vehicles. In
actual use, insufficient range can cause "range anxiety", limit travel radius and increase time cost,
especially during long trips, frequent charging needs can significantly reduce user satisfaction. Long-
range models, on the other hand, can cover both daily and long-distance travel scenarios, enhancing
the sense of security and convenience of use, thereby increasing user satisfaction.

3. CONCLUSIONS AND ANALYSIS

In this study, a new energy vehicle satisfaction prediction model was constructed based on the
CatBoost algorithm, and the correlation between various influencing factors and satisfaction was
analyzed in depth. The results show that range and economy are the core factors influencing consumer
satisfaction, which are highly consistent with the industry status quo and user perception. Compared
with the traditional method of combining questionnaires with linear analysis, this study uses the
CatBoost algorithm to effectively handle the nonlinear relationships among multiple factors, breaking
through the limitations of simple statistical models and providing a more accurate data mining
perspective for the study of satisfaction with new energy vehicles. The research findings have direct
guiding significance for optimizing product performance and enhancing user experience.

This study has limitations in terms of data coverage and depth, and the data may not fully cover the
characteristics and needs of all regions, all vehicle models, and all user groups, which may affect the
generalization ability of the model and the universality of the research results. The representativeness
of the data may be insufficient in some niche models or the use of new energy vehicles in specific
regions, resulting in limited predictive ability of the model for these special circumstances. In the
future, it can be optimized in three aspects: 1) Expand the breadth of the data, increase the sample
size and cover more regions, vehicle models and user groups, and supplement data in dimensions
such as user scenarios and driving habits; 2) Deepen data cooperation, jointly obtain first-hand data
with automakers and industry associations, and integrate multi-platform user feedback through big
data technology; 3) Introduce time series analysis to integrate market dynamics and technological
trends to enhance the model's ability to predict changes in satisfaction.
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