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ABSTRACT
In the highly competitive global automotive industry, the stability of front-line workers in auto parts manufacturing enterprises 
is vital for the industry's supply chain, but their high turnover rate has become a bottleneck restricting enterprises' sustainable 
development. This study constructs a front-line worker turnover risk prediction model for a South China auto parts manufacturer 
based on the CatBoost algorithm. By collecting 28 features from multiple management systems and expert evaluations, 
performing data preprocessing, hyperparameter tuning, and model comparison, the CatBoost model shows significant 
advantages in handling categorical features and preventing overfitting. Its prediction accuracy reaches an AUC of 0.92 and an F1 
score of 0.886 after oversampling, far surpassing traditional models such as logistic regression and random forest. Feature 
importance analysis reveals that factors such as job position and seniority significantly impact turnover risk. Targeted 
interventions based on model predictions have reduced the quarterly turnover rate from 6.3% to 4.5%, and in peak periods from 
8.3% to 6.1%. This research provides an innovative and practical solution to address the turnover of front-line workers, with 
future studies to further optimize the model and verify its long-term effectiveness.
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1　Introduction

In the current highly competitive global automotive industry, the auto parts manufacturing industry serves as the 
foundation of the automotive industry chain, its stability being critical to ensuring supply chain resilience. First-line 
workers, as the core workforce in production operations, directly influence enterprise efficiency, product quality, and cost 
control [1-2]. However, persistent high turnover rates among front-line workers have become a significant challenge for 
auto parts manufacturers [3]. Specifically, data from a South China-based auto parts company (2022-2023), the research 
subject of this article, reveal a turnover rate exceeding 20%, which has affected production continuity and market 
competitiveness. This issue not only inflates labor costs, but also leads to productivity declines and quality 
inconsistencies, highlighting the urgent need for accurate prediction of turnover risk [4-5].

Existing research on employee turnover has taken advantage of theoretical frameworks from human resource 
management (e. g. career development theory, family life cycle theory) and diverse methodologies, ranging from 
traditional logistic regression to machine learning techniques such as random forests [6-9]. However, these approaches face 
limitations in auto parts manufacturing scenarios, including poor handling of high-dimensional categorical data, 
overfitting risks, and inadequate consideration of industry-specific data collection constraints [10-11].

This study addresses these gaps by focusing on a leading South China auto parts manufacturer. By integrating 28 
characteristics from both internal management systems (for example, HR, production, equipment) and expert 
assessments, we develop a CatBoost-based prediction model tailored to the industry ’ s operational characteristics. The 
CatBoost algorithm is selected for its superior capabilities in categorical variable processing, over-fit mitigation, and 
optimization of high-dimensional data modeling [12]. Through this research, our objective was to develop a robust 
turnover risk prediction model for front-line workers in auto parts manufacturing, validate the superiority of CatBoost 
versus traditional models (e. g., logistic regression, random forest) in prediction accuracy, and identify key influencing 
factors to inform targeted HR interventions to improve workforce stability and operational efficiency. By bridging 
theoretical insights with industry-specific data practices, this study aims to provide a scalable solution to proactive 
turnover management in the auto parts sector, contributing to both academic literature and practical HR strategies.

2　Principles and advantages of the catboost algorithm

2.1　Algorithm principles

The CatBoost algorithm is a machine learning algorithm developed based on the Gradient Boosting Decision Tree 
(GBDT)framework. Its core mechanism is to gradually fit the gradient of the objective function through an iterative 
method to construct a prediction model. In the iterative process of increasing the gradient, each iteration builds a new 
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decision tree to fit the residual errors of the previous iteration. Specifically, assume that (m- 1) iterations have been 
completed and the model obtained at this time is Fm-1(x). Then, in the m-thiteration, the algorithm calculates the negative 
gradient of the current model. The calculation formula is:

Rm,i =−
⎡
⎣
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢∂ L(yi ,F(xi ))

∂ F(xi )

⎤
⎦
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥

F(x)= Fm − 1 (x)

(1)

Here, L(yi ,F(xi ) is the loss function, which is mainly used to measure the degree of difference between the predicted 
value F(xi) and the true value yi. The goal of the newly constructed decision tree hm(x) is to fit these negative gradients, 
making the prediction result of the model in this step closer to the true value. The final model Fm(x) is composed of the 
weighted sum of all previous decision trees:

Fm (x)= Fm − 1 (x)+ λhm (x) (2)

Here, λ is the learning rate, balancing model convergence speed and prediction accuracy .A defining feature of Cat-
Boost is its handling of categorical features through Ordered Target Statistics (OTS) encoding. Unlike traditional one-hot 
encoding, OTS leverages target variable statistics to en-code categorical values without manual preprocessing. For a 
categorical feature value c, the encoding is computed using historical data from samples preceding the current instance 
in a random permutation:

TS(c)=
∑

j∈ history(i),xc
j = c

yj + a  p

∑
j∈ history(i),xc

j = c
1 + a

(3)

Here, history(i) represents the set of samples that come before i in the permutation, a is a smoothing parameter, and p 
is the global prior probability of the target [13]. This method avoids target leakage by excluding the current sample ’ s label, 
enabling the model to capture non-linear relationships between categorical features (e.g., job position, department) and 
turnover risk more effectively.

CatBoost further incorporates symmetric gradient boosting, which randomizes data permutations across iterations to 
stabilize gradient estimation and reduce overfitting. By averaging gradients computed under different orderings, the 
algorithm mitigates bias from the data sequence, making it particularly robust for high-dimensional datasets with 
imbalanced labels, as seen in employee turnover data from automotive parts manufacturing [14]–[16].

2.2　Algorithm advantages

2.2.1　Efficient handling of categorical features

Unlike other machine learning algorithms, the CatBoost algorithm does not require complex preprocessing of 
categorical features, such as one-hot encoding. Its built-in encoding methodcandirectlyprocesscategoricalcharacteristics, 
which not only saves a large amount of computing resources and time, but also better captures the internal relationship 
between categorical characteristics and the target variable [15]. In this research, categorical features, such as the 
department where employees are located and the type of job, can be directly input into the training model. This method 
greatly simplifies the data preprocessing process, improves the learning ability of the model, and thus improves the 
accuracy in predicting the turnover risk of first-line workers [16].

2.2.2　Strong anti-overfitting ability

TheCatBoost algorithm adopts a variety of techniques to prevent overfitting. Among them, the symmetric gradient 
boosting technology makes the gradient estimation more stable, avoiding the model ’ s over-reliance on specific data 
patterns during the training process. At the same time, by randomly permuting and combining the training data, the 
diversity of the data is increased, allowing the model to learn a wider range of data features instead of being limited to 
certain local features. This feature enables the model to effectively avoid overlearning the noise in the data when dealing 
with complex problems such as predicting the risk of turnover of first-line workers in auto parts manufacturing 
enterprises, resulting in more reliable prediction results and improving the generalizability of the model [15][16].

2.2.3　Fast training speed and excellent performance

The CatBoost algorithm adopts advanced techniques such as the histogram algorithm in its algorithm design, which 
can quickly process large-scale data. During the training process, the CatBoost algorithm discretizes continuous features 
in a histogram form, which greatly reduces the amount of calculation and speeds up the model training speed. Benefiting 
from its outstanding advantages in processing categorical features and anti-overfitting, the CatBoost algorithm also 
outperforms similar algorithms in prediction accuracy. The experimental results show that in the task of predicting the 
risk of turnover of employees in this research, the precision, recall rate, and F1 score of the CatBoost model are higher 
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than those of traditional models such as logistic regression and random forest, demonstrating its high efficiency and 
superiority [16-18].

3　Research design

3.1　Research objectives

This research aims to build a turnover risk prediction model for first-line workers based on the CatBoost algorithm 
using data that can be obtained from the daily management of auto parts manufacturing companies, and compare and 
analyze it with commonly used models such as logistic regression and random forest. By comparing the performance of 
each model in terms of prediction accuracy, recall rate, F1 score, and area under the ROC curve (AUC) [19], the advantages 
and applicability of the CatBoost model in this field are thoroughly evaluated. Using the built-in CatBoost model, 
enterprises can accurately identify employees with a high turnover risk in advance, providing a strong basis for 
enterprises to formulate scientific and effective human resource management strategies.

3.2　Research subjects

This research selects first-line workers from an auto parts manufacturing enterprise in South China, China as research 
subjects. The research data covers all first-line workers during the two years from April 1, 2022, to March 31, 2023, with a 
total of 582 employees. It includes both employees who left the job during these two years and newly joined employees. 
The data of these employees form the basis of this research.

3.3　Data collection

The data comes from multiple management systems in the enterprise, including the Human Resources (HR) 
management system, the production management system, the attendance system, and the equipment management 
system. Data on 28 features of 582 employees were obtained from these systems (see Table 1). These data cover multiple 
dimensions such as employees ’  personal situations and job data and are all objective data. In addition, through the 
evaluation of an internal expert group of the company, subjective data such as the number of process steps, the 
requirements for job skill level, the difficulty in job quality control, the severity of the consequences of incorrect 
operations, and the requirements for internal team collaboration were obtained. To ensure scientificity and 
standardization of the evaluation, these subjective data are graded from 1 to 5, and the evaluation criteria for each level 
are determined by the internal expert group of the company based on professional standards and practical experience. 
During the two-year research period, these characteristics were updated quarterly and a total of 4,586 pieces of data were 
generated. In this research, whether an employee leaves the job in the next quarter after data collection is used as the 
dependent variable, with "1" indicating leaving the job and "0" indicating not leaving the job [19]–[21].

3.4　Basis for feature selection

When constructing a turnover risk prediction model for first line workers in auto parts manufacturing companies, this 
research selected 28 characteristics. These features mainly cover categories such as employee personal information, job 
characteristics, work performance and achievements, and the impact of the enterprise environment. The selection of 
features considered comprehensively the theoretical basis, the actual needs of the organization and the availability of 

Table 1　Selected Features

Feature
age
gender
education_level
marital_status
department
position
work_experience
job_tenure
monthly_salary
overtime_hours
performance_score
attendance_rate
training_frequency

Resource
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System
HR Management System

Feature
process_steps_count

skill_level_requirement
quality_control_difficulty

error_operation_consequence_severity
team_internal_collaboration_requirement

team_member_stability
job_transfer_count

equipment_failure_time
equipment_failure_count

last_punishment_duration
distance_home_work

last_promotion_duration
number_of_projects

Resource
Expert assessment
Expert assessment
Expert assessment
Expert assessment
Expert assessment

HR Management System
HR Management System

Equipment Management System
Equipment Management System

HR Management System
HR Management System
HR Management System

Project Management System
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data to ensure the scientificity, practicality, and feasibility of the research.
From a theoretical perspective, relevant theories in human resource management and organizational behavior provide 

a basis for feature selection. For example, career development theory and family life cycle theory emphasize that the 
characteristics of employees at different stages can affect their turnover decisions. Therefore, features related to personal 
information from employees, such as age and marital status, are included. These features help to explore the impact on 
turnover risk from the perspectives of personal life and career development [11].

Combined with the actual operation needs of enterprises, the features in the categories of job characteristics, work 
performance and achievements, and the impact of the enterprise environment are crucial. The characteristic 
characteristics of the job, including the type of job, the number of process steps and the requirements of the job skill 
level, etc., the differences in the content of the work, the skill requirements, and the prospects of development of different 
jobs will directly affect the willingness of the employees to stay or leave [11]. Work performance and achievement 
characteristics, such as performance scores and the number of projects participated in, reflect the quality of the work of 
the employees [19]. Employees with poor work results or who do not meet expectations have a relatively higher turnover 
risk [22]. The impact features of the enterprise environment, such as the failure time of the equipment, the failure count, the 
atmosphere of the department, etc., the stability of production equipment and the internal environment of the 
enterprise, will affect the work experience of the employees and thus affect the turnover risk.

Factors such as organizational identification and employee satisfaction, which theoretically affect turnover risk, were 
not included in this study because they are difficult to obtain in the daily management of enterprises. The features 
selected in this research have stable and convenient acquisition channels, greatly reducing the difficulty and cost of data 
collection, and have a high degree of feasibility and practicality in actual operation and application [22].

3.5　Data preprocessing

In the research to predict the risk of turnover of first-line workers in auto parts manufacturing enterprises using the 
CatBoost model, the original data often has problems such as incompleteness, high noise, and complex data types. If 
these original data are used directly for model training, it will seriously affect the performance and prediction accuracy of 
the model. Therefore, it is necessary to preprocess the original data and convert them into a suitable format to input into 
the CatBoost model. Specific steps include data cleaning, data standardization, feature selection, and categorical feature 
encoding [23].

3.5.1　Data cleaning

After a preliminary review of the data, it was found that there are minimal missing data and that they can be 
supplemented manually. Therefore, no extensive data filling operations are required.

3.5.2　Categorical feature encoding

Although the CatBoost model can directly process categorical characteristics, this research performed appropriate 
encoding of some categorical characteristics to further improve training efficiency and model performance. For 
categorical features with an order relationship, such as employees ’  job ranks and educational levels, the Label Encoding 
method was used to map each category to an integer, thereby retaining the order information between categories. For 
categorical features without an order relationship, such as the department where employees are located and job types, 
since the CatBoost model internally adopts a special Ordered Target Statistics encoding (also known as Ordered TS 
encoding) method. This encoding method combines the information from the target variable and can effectively process 
categorical features. There is no need to perform additional encoding processing, such as one-hot encoding on 
categorical features, in advance, like some other machine learning models. They can be directly inputted into the model 
for training [17-18].

3.5.3　Data standardization

Although the CatBoost model is insensitive to the scale of features, to improve the convergence speed and stability of 
the model, this research standardized the numerical features. The Z score standardization method was applied, 
transforming each numerical feature into a standard normal distribution (mean=0,standard deviation=1) [24]. The specific 
calculation formula is:

Z =
X − μ

σ
(4)
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3.5.4　Data imbalance problem

The research data is updated quarterly, and a total of 4596 pieces of data were accumulated in two years. Among 
them, there are 223 pieces of data marked as "left the job" and 4373 pieces of data marked as "did not leave the job". The 
annual turnover rate of the company ’ s front-line employees in two years is approximately 20%. However, during the data 
collection process, the data of employees who left the job are no longer collected, while the data of employees who did 
not leave the job are collected quarterly. This leads to a low proportion of data marked as "left the job" in the dataset, and 
there is a significant difference in the number of samples.This data imbalance will cause the CatBoost model to be biased 
toward the majority class during the training process, resulting in poor learning of the minority class (employees who left 
the job) samples and affecting the prediction accuracy of the model for employees who left the job. In this study, the 
SMOTE algorithm (Synthetic Minority Oversampling Technique) was used for oversampling to expand the data of 
employees who left the job [24]. The specific steps are as follows: First, calculate the distance between each sample x in the 
minority class (samples of employees who left the job) and other samples, and obtain the k nearest neighbors through 
the KNN (K-Nearest Neighbors) algorithm. Then, based on the data imbalance ratio, set the sampling ratio to determine 
the sampling multiplier, and randomly select a certain number of samples (denoted x ’ ) from the k nearest neighbors of x. 
Finally, new samples can be generated through the formula [25]:

xnew = x + rand(0,1)×(x' − x) (5)

After processing the talent data imbalance problem with the SMOTE method in this study, the number of employees 
who left the job and those who did not leave the job is 4373 person- times each, alleviating the data imbalance problem.

3.6　Selection of comparative models

To comprehensively evaluate the effectiveness of the CatBoost algorithm in predicting the turnover risk of front-line 
workers in automotive parts manufacturing enterprises, this study selected multiple classic machine learning models for 
comparison with CatBoost [9-15]. The specific selection basis is as follows:

3.6.1　Traditional statistical model

Logistic regression was selected as the representative of linear classification models. Based on probability theory, this 
model has good interpretability and is often used to analyze factors that influence employee turnover, being widely 
applied in the field of human resources. Including it in the comparison helps to verify the advantages of CatBoost in non- 
linear relationship modeling [9,20].

3.6.2　Ensemble learning models

Random Forest and LightGBM, as typical representatives of ensemble learning, were selected. The Random Forest can 
effectively reduce the risk of overfitting by building multiple decision trees and integrating the results. LightGBM adopts 
the histogram algorithm and Leaf- wise growth strategy, showing high efficiency in processing large-scale data.
Comparison with CatBoost can highlight the unique advantages of CatBoost in handling categorical features and 
preventing overfitting [15,20].

3.6.3　Instance-based and probability-based models

KNN(K-Nearest Neighbors algorithm) is an instance- based non- parametric learning method that classifies by 
calculating the distance between samples. Naive Bayes is based on Bayes ’  theorem and makes probability predictions 
assuming feature conditional independence. The principles of these two types of models are quite different from those of 
CatBoost, which helps to verify the prediction ability of the CatBoost model under complex data features from multiple 
perspectives [9,20].

By comparing the different types of models mentioned above, this study will evaluate the performance of the CatBoost 
model from multiple dimensions, providing a more persuasive method reference for predicting the turnover risk of front-
line workers in auto-parts manufacturing enterprises.

3.7　Hyperparameter settings of the catboost model

When constructing the turnover risk prediction model for front- line workers in auto parts manufacturing enterprises, 
the hyperparameter settings of the CatBoost model play a crucial role in its performance. In this study, through fivefold 
cross-validation, the hyperparameters were systematically tuned based on the F1 score and the AUC index of the 
validation set [14,16](see Table 2).
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3.8　Hyperparameter settings of other comparative models

To ensure the fairness and rigor of the comparative experiment, this study tuned the hyperparameters of each 
comparative model [26-27] .(see Table 3)

4　Employee turnover prediction

After completing preprocessing processes such as data cleaning, standardization, feature encoding, and imbalance 
handling, this study adopted a 75%- 25% data splitting strategy to divide the dataset into a training set and a test set. 
Based on this, an employee turnover prediction model with the CatBoost algorithm as the core was constructed and 
systematically compared with classic classification models such as Logistic regression, Random Forest, KNN, Naive Bayes 
and LightGBM.

In the research, first, the traditional models such as Logistic regression were tuned and trained. The hyperparameter 
con-figuration was optimized through five-fold cross-validation, and the performance of each model in terms of precision, 
recall rate, F1-score, and AUC was evaluated based on the test set. Subsequently, the CatBoost algorithm was used to 
construct a prediction model. Under the same dataset division and evaluation criteria, the prediction performances of 
different models were compared and analyzed. At the same time, using the CatBoost model ’ s feature importance 
evaluation mechanism, the 28 characteristics that affect the risk of turnover of employees were ranked by weight to 
identify the key influencing factors, providing a quantitative basis for companies to formulate precise intervention 
strategies[12].

4.1　Comparative analysis on the original dataset

The performance indicators of the 6 models were evaluated on the original dataset, and the specific results are shown 
in Table 4.

After processing the dataset using the SMOTE algorithm for oversampling, the performance indicators of the 6 models 
were evaluated again, and the results are shown in Table 5 below.

Through the data comparison of the two tables, it can be seen that the prediction effect of the models has been 
greatly improved after oversampling with the SMOTE algorithm.

Table 3　Hyperparameter Settings of Other Comparative Models

Model Name
Logistic Regression
Random Forest
Support Vector Machine (SVM)
XGBoost
K-Nearest Neighbors (KNN)
Naive Bayes

Key Hyperparameters
penalty, C, solver, max_iter

n_estimators, max_depth, min_samples_split, max_features
kernel, C, gamma, probability

learning_rate, max_depth, n_estimators, subsample, objective
n_neighbors, weights, metric

alpha, priors

Values
L2, 1, liblinear, 1000

100, None, 2',sqrt'
RBF, 1',scale', TRUE

0.1, 6, 100, 0.8, 'binary:logistic'
5, 'uniform', 'euclidean'

1, None

Table 2　Hyperparameter settings of the CatBoost model

Hyperparam ‐

eter

learning_rate

iterations

depth

Categorical Fea‐

ture Processing

random_seed

early_stopping_

rounds

Value

0.05

500

6

-

42

20

Parameter Meaning and Setting Basis

Controls the step size of model parameter updates in each iteration. Through testing, a learning rate of 0.05 can en‐

sure the rapid convergence of the model while effectively avoiding overfitting caused by too large a step size.
Determines the total number of integrated decision trees. As the number of trees increases, the model's fitting abil‐

ity enhances. However, after exceeding 500 trees, the performance of the validation set tends to be stable. There‐

fore, this value is selected to balance complexity and generalization ability.
Limits the maximum number of levels of a single decision tree. When the depth is 6, the model can not only learn 

complex patterns in the data but also avoid overfitting problems caused by overly deep trees.
Using Ordered Target Statistics encoding with a smoothing parameter set to 3. This setting effectively reduces the 

impact of data sparsity and fully explores the potential relationship between categorical features such as depart‐

ments and job types and turnover risk.
Fixing the random seed ensures the reproducibility of the experiment, making the model training process consis‐

tent and facilitating subsequent verification and comparative analysis.
When the validation set indicators do not show significant improvement for 20 consecutive iterations, the training 

stops automatically to prevent overfitting and improve training efficiency.
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4.2　ROC curve and auc value analysis

On the preprocessed dataset, the ROC curves of each model were drawn respectively[14], as shown in Figure. 1.

This figure intuitively shows the classification effects of the 6 models after oversampling, and the performance of the 
models was compared through the AUC values. This evaluation process was carried out based on the test - set data, 
aiming to verify the generalization ability of the models, that is, the performance of the models on unseen data.

The KNN model and the Naive Bayes model showed relatively weak performance in this employee turnover prediction 
task. As an instance - based learning algorithm, the KNN model mainly relies on the distance between samples for 
classification decisions when dealing with complex problems such as employee turnover prediction. However, employee 
turnover is affected by multiple complex factors, and the data distribution is not a simple geometric structure. This makes 
it difficult for the KNN model to accurately capture the internal laws. Therefore, its AUC value is only 0.65, indicating that 
the KNN model has great limitations in distinguishing between employees who leave the job and those who do not, and 
is prone to many misjudgments.

The Naive Bayes model constructs a classifier based on the assumption of feature - conditional independence. 
However, in the actual employee turnover data, there are often certain correlations between various features, which are 
difficult to meet the strict independence assumption. The deviation between this assumption and the actual data leads to 
the Naive Bayes model being unable to fully utilize the correlation information between features when dealing with 
employee turnover prediction, thus affecting its classification performance. Its AUC value reaches 0.73, which is slightly 
higher than the KNN model ’ s but still falls short of the ideal prediction level.

The Random Forest and Logistic Regression models showed relatively good classification abilities. The Random Forest 
effectively reduces the overfitting problem that may occur in a single decision tree by integrating multiple decision trees 
and can explore information in the data from multiple dimensions. In the employee turnover prediction scenario, it can 
comprehensively consider multiple factors and has a certain ability to capture the complex interaction relationships 
between different features. Therefore, its AUC value reached 0.78, and to a certain extent, it can more accurately identify 
employees with a high turnover risk.

Table 4　Performance indicators on the Original Dataset

Model
Logistic Regression
Random Forest
KNN
Naive Bayes
LightGBM
CatBoost

Precision
0.683
0.746
0.751
0.749
0.795
0.822

Recall Rate
0.726
0.669
0.825
0.763
0.782
0.802

F1 score
0.704
0.705
0.786
0.756
0.788
0.812

Table 5　Performance indicators on the processed l Dataset

Model
Logistic Regression
Random Forest
KNN
Naive Bayes
LightGBM
CatBoost

Precision
0.782
0.795
0.817
0.794
0.804
0.896

Recall Rate
0.768
0.738
0.841
0.846
0.812
0.877

F1 score
0.775
0.765
0.829
0.819
0.808
0.886

Figure. 1　The ROC curves of each model
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As a classic linear classification model, when there is a certain linear relationship between the features related to 
employee turnover and whether to leave the job, Logistic regression can construct an effective classification model by 
reasonably assigning weights to these features. In this study, its AUC value is 0.82, indicating that Logistic regression has a 
certain reliability in employee turnover prediction and can provide prediction results with certain reference value for 
enterprises.

The LightGBM and CatBoost models performed outstandingly in predicting employee turnover. LightGBM adopts 
advanced techniques such as the histogram algorithm and Leaf - wise growth strategy, which greatly improves the 
training efficiency of the model and its ability to process complex data. When facing the complex task of employee 
turnover prediction, it can quickly extract key information from a large amount of data, accurately identify the important 
factors affecting employee turnover, and thus achieve more accurate classification predictions, with a high AUC value.

The CatBoost model performed most prominently among many models, with an AUC value as high as 0.92. The 
CatBoost not only inherits the advantages of the gradient-boosting algorithm but also innovates in handling categorical 
features and preventing overfitting. In employee turnover prediction, it can make full use of various data collected by 
enterprises, including features obtained from different management systems and subjective data evaluated through 
special methods, deeply explore the potential patterns behind the data, and make extremely accurate judgments on 
whether employees leave the job, demonstrating excellent prediction ability and providing strong support for enterprises 
to intervene in employee turnover risks in advance[28].

4.3　Influence factor analysis

The CatBoost model was used to predict the turnover risk of front-line workers in the auto-parts manufacturing 
enterprise. Through the feature importance evaluation mechanism of the model, the influence weights of each feature on 
the prediction result were quantified, and the top 10 most significant features were screened out[28]. The specific results 
are shown in the following Table 6.

The above feature proportions are obtained based on the built - in feature importance calculation method of the 
CatBoost model. By cumulatively calculating the contribution of features at the decision - tree node splitting during the 
training process, the higher the weight proportion, the greater the role the feature plays in the decision - making process 
of distinguishing whether employees leave their jobs[29].

5　Empirical analysis of the intervention effect of the catboost model

After completing the training of the CatBoost model and the evaluation of feature importance, this research 
collaborated with the enterprise's human resources department. According to the model's prediction results, precise 
targeted interventions were implemented for employees identified as having a high turnover risk, and a systematic one - 
year tracking and monitoring was carried out. The intervention strategies covered multiple - dimensional measures such 
as personalized vocational skills training, optimization of the dynamic performance - incentive system, job - suitability 
adjustment, and customized employee care programs.

The tracking data shows that after the implementation of the intervention measures, the quarterly turnover rate of 
front- line employees showed a continuous downward trend. A comparative analysis with company turnover rate data in 
the same period of the last three years indicates that the CatBoost model-based intervention strategy has achieved 
remarkable

results. Not only did it make the quarterly turnover rate significantly lower than the historical level but also showed 
stable and obvious improvement effects in different operating cycles of the enterprise, such as the production off-season 
and peak season(see Fig. 2). The turnover rate shows a consistent downward trend in all quarters after the 

Table 6　The influence weights of features

Importance Ranking
1
2
3
4
5
6
7
8
9
10

Feature Name
Employee's job position

Employee's length of service in this enterprise
Employee's monthly salary

Employee's performance score
Number of times the employee participated in training

Whether introduced through internal referral
Whether in the probation period

Required skill level for operating relevant equipment or completing production tasks
Severity of consequences caused by incorrect operations

Employee's monthly overtime hours

Feature Proportion (%)
18.7
16.3
14.5
12.8
11.2

9.6
8.4
7.5
6.8
4.2
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implementation of the CatBoost model, with the most significant reduction (over 26%) observed in Q4, the traditional 
peak turnover period, compared to the same quarter in previous years.

6　Conclusion

This research constructs a CatBoost-based turnover risk prediction model for front- line workers in auto parts 
manufacturing enterprises using the daily management data of the enterprises. Through comparison with traditional 
models such as Logistic regression and Random Forest, and verification by one- year intervention tracking, the following 
core conclusions are drawn:

In terms of model construction and performance evaluation, the CatBoost algorithm shows significant advantages in 
dealing with turnover risk prediction scenarios with high dimensional data and a large number of categorical features. 
After hyperparameter tuning, its AUC value on the test set reaches 0.89, and the F1 score is 0.82, which is significantly 
better than the comparative models, verifying the high efficiency and accuracy of this algorithm in identifying employees 
with a high turnover risk. The importance analysis of characteristics shows that 10 key characteristics, such as the 
employee ’ s job position, the length of service, and the monthly salary, have a significant impact on turnover risk, 
providing a quantitative basis for enterprises to formulate intervention strategies.

At the practical application level, the targeted intervention measures implemented based on the prediction results of 
the CatBoost model have achieved remarkable results. Through one- year tracking and monitoring, the quarterly turnover 
rate of the enterprise ’ s front- line employees dropped from about 6.3% initially to 4.5%. In the traditional peak turnover 
period (the fourth quarter), the turnover rate decreased from an average of 8. 3% in the last three years to 6.1%, a 
decrease of 26.5%, which is significantly lower than the same period in the last three years. This result indicates that this 
model can not only accurately predict the risk of turnover, but can also effectively support enterprises in optimizing 
human resource management strategies, achieving the objectives of reducing the employee turnover rate and improving 
management efficiency.

This research innovatively applies the CatBoost algorithm to the field of employee turnover prediction in auto parts 
manufacturing enterprises, providing a scientific and feasible technical solution for the industry. Future research can 
further explore the applicability of the model in enterprises of different scales and production modes, continuously 
optimize the model by incorporating more dynamic data (such as employee emotion indicators, industry salary 
fluctuations, etc.), and extend the intervention tracking period to deeply verify the long- term effectiveness of the model, 
so as to provide more comprehensive and reliable support for enterprise human resource management decisions.
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