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Abstract: Customer churn has a significant impact on enterprises as it directly affects their revenue and profit. This paper 
focuses on analyzing user behavior data based on a machine learning-based user churn prediction model, constructs a 
prediction model, and verifies its effectiveness. This aims to help enterprises better understand user behavior and prevent 
user churn in advance. Meanwhile, by collecting and analyzing user data, multiple machine learning algorithms are 
used for modeling and evaluation to determine the optimal prediction model, which is then applied to practical business 
scenarios. The experimental results show that the model can accurately predict user churn, providing strong support for 
enterprises to develop personalized marketing strategies and enhancing user retention rates and enterprise competitiveness.
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1. Introduction
With the transformation of the industrial structure, the market environment is becoming increasingly severe, 
forcing enterprises to face the serious problem of user churn. User churn not only affects the economic benefits 
of enterprises but may also lead to negative word-of-mouth, influencing the enterprise’s brand image and market 
competitiveness. Traditional user churn prediction methods have problems such as low prediction accuracy and 
inability to handle large-scale data [1]. However, the development of machine learning technology provides new 
ideas and methods to solve this problem. With the development of information technology, the application of 
machine learning in user churn prediction models is becoming more and more widespread. Machine learning 
algorithms can efficiently process large-scale datasets, extract valuable patterns and rules from them. At the same 
time, through training and optimizing the model, machine learning algorithms can more accurately predict the risk 
of user churn, providing a more reliable decision-making basis for enterprises [2].
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2. Relevant theories and technical foundations
2.1. Definition and influencing factors of user churn
User churn refers to the behavior of users stopping using a product or service and no longer interacting with or 
making purchases. There are many reasons for user churn, including poor product experience, inadequate service, 
fierce competition, lack of personalized service, and individual customer factors. Product quality is the basis for 
customer selection and retention. If a product has frequent problems, customers’ trust will quickly collapse, and 
they will share negative experiences through various channels, affecting the purchase decisions of other potential 
customers. Analyzing the reasons can help effectively understand the key factors of user churn and provide a basis 
for subsequent model construction [3].

2.2. Overview of machine learning algorithms
Logistic regression: Logistic regression is a statistical method used to model the relationship between independent 
variables and a binary-classified dependent variable. Its core is to estimate parameters through maximum 
likelihood and output the probability value of an event occurring [4]. Logistic regression has a certain degree of 
interpretability, and the direction and intensity of the learning algorithm can be explained through specific symbols 
and data.

Decision tree: A decision tree is a classification algorithm based on a tree structure. It constructs a decision 
tree by dividing the dataset. The decision-tree model is easy to understand and interpret, and can handle non-linear 
data. However, it is sensitive to data changes and is prone to overfitting [5].

Random forest: As a machine learning algorithm, the core concept of the random forest lies in “collective 
wisdom”, that is, combining the prediction results of multiple individual decision-tree models to achieve more 
accurate and robust classification or regression tasks. The random forest performs well in handling high-
dimensional and non-linear data and has a high ability to resist overfitting [6].

Gradient boosting decision tree (GBDT): It is mainly used to solve regression and classification problems. 
Its core idea is to iteratively improve the model step by step. Each iteration corrects the errors of the previous-
round model, gradually reducing the prediction error. Each weak classifier fits the residuals of the previous round, 
gradually reducing the value of the loss function. GBDT can automatically handle the non-linear relationships 
between features and has strong prediction ability and generalization performance.

2.3. Evaluation metrics

Accuracy: It is a concept widely used in scientific experiments, data analysis, and machine learning. Its core 

meaning is to measure correctness. The formula is: , where TP represents true 

positives, TN represents true negatives, FP represents false positives, and FN represents false negatives.

Precision: Precision is one of the important indicators for evaluating the performance of a classification 

model. It represents the proportion of true positives in the prediction results of the classification model. The 

formula is: 

Recall: Recall is an important indicator for evaluating the performance of a model or system. It is usually 

used to measure the proportion of samples that are actually positive and are correctly identified as positive. The 
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formula is: 

F1-Score:  The F1-score is  the harmonic mean of precision and recall .  The formula is: 

The F1-score aims to balance the relationship between precision and recall [7].

2.4. Data collection and preprocessing
2.4.1. Data source
This study uses the user data of an e-commerce platform, including users’ basic information (such as age, gender, 
region, etc.), transaction records (such as purchase amount, purchase frequency, category of purchased goods, 
etc.), browsing behavior (such as number of views, browsing duration, browsed pages, etc.), and user feedback 
(such as evaluation scores, number of complaints, etc.) [8]. The data covers the user activity information over a 
certain period in the past, and a total of 10,000 pieces of user data were collected [9].

2.4.2. Data cleaning
Removing duplicate data: By checking for duplicate records in the dataset, duplicate user data is deleted to ensure 
the uniqueness of each piece of data.

Handling missing values: For features with missing values, an appropriate filling method is selected according 
to their data type and distribution. For categorical features, the mode can be used for filling. For example, for the 
age feature of users, if there are missing values, the mean value of that age group can be used for filling [10].

Handling outliers: Identify and handle outliers in the data to avoid their negative impact on model training. 
For example, for the purchase-amount feature of users, if a user’s purchase amount is much higher than that of 
other users, it may be abnormal data and needs further verification and processing [11].

2.4.3. Data preprocessing
Raw data usually contains noise, missing values, etc., and needs to be preprocessed [12].

2.4.4. Feature engineering
Feature engineering is a key step in machine learning, aiming to transform raw data into features more suitable 
for model use. By analyzing user behavior data, features related to user churn, such as activity level, consumption 
amount, and login frequency, are extracted [13].

Feature selection: Feature selection methods, such as correlation analysis and chi-square test, are used to 
screen out feature variables related to user churn. For example, calculate the chi-square value or correlation 
coefficient between each feature and the user-churn label, and select features with larger chi-square values or 
correlation coefficients as important features.

Feature transformation: Some features are transformed to meet the input requirements of the model or 
improve the model’s performance. For example, numerical features are standardized so that their mean is 0 and 
their standard deviation is 1 [14].
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3. Model construction and training
3.1. Model selection
This paper selects the random forest as the basic model because of its good classification performance and anti-
overfitting ability.

3.2. Model formula
Let X = (1, x2,…,) be the feature vector, and y be the target variable (churn or not, churn is 1, no churn is 0). Then 
the model can be expressed as: y=f(X)=RandomForest(X), where RandomForest (X) represents the prediction 
result of the random-forest model for the feature vector X.

The random forest is composed of multiple decision trees, and the final prediction result is determined 
by voting on the prediction results of each decision tree. The prediction formula for a single decision tree is: 
yi=g(mi;0i) where yi represents the prediction result of the i-th decision tree, g represents the decision-tree model, 
and 0i represents the parameters of the i-th decision tree.

The final prediction result of the random forest is: where N represents the number of 
decision trees in the forest.

3.3. Model training and validation
The training dataset is used to train the random-forest model, and the model performance is optimized by adjusting 
model parameters (such as the number of decision trees, tree depth, etc.) [15].

3.4. Logistic regression model
3.4.1. Model building
Let x be the feature vector of the user, and y be the user-churn label (y=1) indicates user churn, (y = 0) indicates no 
user churn. The form of the logistic regression model is:
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where w is the weight vector and b is the bias term. The parameters w and b of the model are solved by 
maximizing the likelihood estimation (MLE).

3.4.2. Model training
The preprocessed data is divided into a training set and a test set with a ratio of 8:2. The training set is used to 
train the logistic regression model, and the gradient-descent method is used to optimize the model parameters. 
During the training process, the value of the loss function (such as the log-likelihood loss function) of the model 
is recorded. When the loss-function value converges or reaches the preset number of training rounds, the training 
stops.

3.4.3. Model evaluation
The trained model is evaluated using the test set, and indicators such as accuracy, precision, recall, and F1-score 
are calculated. The evaluation results of the logistic regression model on the test set are shown in Table 1.
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Table 1. The evaluation results of the logistic regression model on the test set

Index Value
Accuracy 0.75
Precision 0.68

Recall 0.72
F1-Score 0.70

3.5. Decision-tree model
3.5.1. Model building
The decision-tree model selects the best splitting feature and splitting point by calculating the information gain or 
Gini index of each feature and constructs a binary tree. Common decision-tree algorithms include ID3, C4.5, and 
CART. In this study, the CART algorithm is used to construct the decision-tree model.

3.5.2. Model training
Similarly, the data is divided into a training set and a test set, and the training set is used to train the decision-tree 
model. During the training process, parameters such as the maximum depth of the decision tree and the minimum 
number of samples for splitting are set to prevent the decision tree from growing excessively.

3.5.3. Model evaluation
The model evaluation is shown in Table 2.

Table 2. Model evaluation

Index Value
Accuracy 0.78
Precision 0.72

Recall 0.75
F1-Score 0.73

3.6. Random-forest model
3.6.1. Model building
The random-forest model is an ensemble-learning model composed of multiple decision trees. When constructing 
the random-forest model, several sub-sample sets are first randomly drawn from the training set, and a decision 
tree is constructed for each sub-sample set.

3.6.2. Model training
In machine learning, dividing data into a training set and a test set is a standard practice, which helps to evaluate 
the generalization ability of the model. As an ensemble-learning method, the random forest improves the accuracy 
and stability of the model by constructing multiple decision trees. Its core idea is to introduce the randomness of 
samples and features to avoid overfitting and improve the generalization ability of the model.

3.6.3. Model evaluation
The model evaluation is shown in Table 3.
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Table 3. Model evaluation

Index Value
Accuracy 0.82
Precision 0.76

Recall 0.79
F1-Score 0.77

3.7. Gradient-boosting decision-tree model
3.7.1. Model building
The gradient-boosting decision-tree model iteratively constructs multiple weak classifiers (decision trees), and 
each weak classifier fits the residuals of the previous round. In this study, the mean-squared-error loss function is 
used to construct the gradient-boosting decision-tree model.

3.7.2. Model training
The data is divided into two different samples. To ensure that the test set can objectively reflect the performance of 
the model in practical applications and avoid overfitting problems caused by data overlap. Parameters of the gradient-
boosting decision-tree, such as the learning rate, maximum depth, and number of iterations, are set. During the 
training process, the loss-function value and validation error of the model are monitored to prevent overfitting.

3.7.3. Model evaluation
The model evaluation is shown in Table 4.

Table 4. Model evaluation

Index Value

Accuracy 0.85

Precision 0.80

Recall 0.83

F1-Score 0.82

4. Experimental results and analysis
4.1. Experimental results
Dataset: An online-education-platform user-behavior dataset containing features such as user activity level, 
consumption amount, and login frequency is used for the experiment.

Experimental results: The accuracy of the model on the validation dataset.

4.2. Model performance comparison
By comparing the evaluation indicators of the four models of logistic regression, decision tree, random forest, 
and gradient-boosting decision tree on the test set, it can be seen that the gradient-boosting decision tree model 
performs well in terms of accuracy, precision, recall, and F1-score, outperforming the other three models. This 
indicates that the gradient-boosting decision-tree model has strong performance and generalization ability in 
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handling user-churn prediction problems.

4.3. Analysis of model advantages and disadvantages
Logistic regression model: The advantages are that the model is simple, easy to understand and interpret, and has 
a fast calculation speed. The disadvantage is that it has strict assumptions about the data, can only handle linearly 
separable problems, and has limited ability to handle complex non-linear relationships.

Decision-tree model: The advantages are that it can handle non-linear and high-dimensional data, and the 
model has strong interpretability. The disadvantages are that it is prone to overfitting, especially when the data 
dimension is high or the data volume is small. Also, the stability of the decision tree is poor, and its model structure 
may vary depending on different data-splitting methods.

Random-forest model: The advantages are high accuracy and stability, the ability to handle high-dimensional 
and non-linear data, and strong anti-overfitting ability. The disadvantages are that the model training time is long, 
it requires a large amount of computing resources, and the interpretability of the model is relatively poor.

Gradient-boosting decision-tree model: The advantages are high prediction accuracy, the ability to automatically 
handle complex relationships between features, and strong generalization ability. The disadvantages are that the 
training process is relatively complex, it requires adjusting more parameters, and it is prone to overfitting.

5. Model application and practice
5.1. User-churn prediction
The trained gradient-boosting decision-tree model is applied to practical business scenarios to predict new user 
data. According to the prediction results of the model, the user groups that are likely to churn are identified, and 
corresponding marketing strategies are adopted to retain them. For example, for users predicted to be likely to 
churn, personalized coupons can be pushed to them, suitable products can be recommended, or better customer 
service can be provided.

5.2. Formulation of personalized marketing strategies
Based on the user-churn probability predicted by the model and the user’s characteristic information, personalized 
marketing strategies are developed. For example, for young female users with a high churn probability, promotional 
activities for fashion and beauty products can be pushed according to their interests and consumption habits. For 
elderly male users with a low churn probability, preferential information for healthcare products can be recommended.

6. Conclusion
In summary, with the continuous development of big-data and artificial-intelligence technologies, user-churn 
prediction research will play an increasingly important role in enterprise precision marketing and customer-
relationship management. By continuously optimizing the model and expanding application scenarios, it is 
expected to provide more effective decision-making support and solutions for enterprises.
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