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ABSTRACT 
The development of communication technology and the rapid growth of the number of mobile 
network service users have made the competitive situation in the market of communication service 
increasingly fierce, and maintaining the stock of users is of great significance to the sustainable 
development of telecommunication enterprises. In this paper, we collect relevant data features of 
telecommunication users, and after pre-processing the features with RFM model, we use XGBoost 
model to analyze the importance of each user's feature value. Then we use the secondary classification 
Stacking integration model that combines the base learner and the meta-learner to predict the telecom 
subscriber churn. Comparative validation reveals that the prediction model in this paper shows 
excellent prediction performance in all four datasets. Practical application results show that the 
effectiveness of churn maintenance efforts by telecom companies is improved after applying the model, 
and the average maintenance response rate reaches 50.63% in the first quarter of 2024. The prediction 
model proposed in this paper based on the binary classification method can assist telecommunication 
companies to manage the stock of subscribers, optimize the maintenance work plan, and reduce the 
subscriber churn rate in the telecommunication work period. 
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1. Introduction 

With the application of big data, Internet of Things, cloud computing, 5G, Web3.0 and other 
technologies in reality, a variety of emerging advanced technologies are silently promoting an 
informatization change [1-2]. In the era of intelligence and informatization that can be seen 
everywhere, in order to enjoy the convenience brought by intelligence, one phone per hand makes the 
telecommunication users show a geometric growth, and the competition in the telecommunication 
industry becomes more and more intense, and the market share is higher when there are more users 
[3-5]. However, with the introduction of a series of policies such as number portability and speed 
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reduction, the rate of subscribers leaving the network is getting higher and higher, and subscriber 
churn not only brings about a decrease in revenue, but also affects the reputation of operators [6-8]. 
Therefore, it is very important and urgent for operators to predict subscriber churn in a timely and 
accurate manner and take appropriate measures to retain them [9-10]. 

Understanding the causes of subscriber churn is essential to predict and prevent churn. Generally, 
the causes of subscriber churn can be categorized into internal and external factors. Intrinsic factors 
include subscriber satisfaction, service quality, product price, and competitors' advantages [11-14]. 
Extrinsic factors, on the other hand, include user's life changes, relocation, job changes, etc. These 
factors can directly or indirectly affect users' demand and choice of telecommunication services. 
Understanding the causes of subscriber churn can be targeted to develop preventive measures to 
effectively reduce subscriber churn [15-18]. The commonly used telecom user churn methods include 
data analysis, machine learning, text mining, secondary classification, etc. The essence is to use 
artificial intelligence algorithms and data mining techniques to mine the personal information and 
business information of past telecom users to extract information that can directly or indirectly reflect 
the user's status, such as package costs, consumption records, whether churn and other related data 
[19-22]. AI algorithms are used to train a classification prediction model, and then the trained model 
is used to predict the probability of user churn. The users with high churn probability are visited in 
advance to retain them, which ensures the business revenue of telecommunication companies and 
helps the stock business operation [23-26]. 

The telecom industry is a highly competitive and challenging industry, and subscriber churn has 
always been a major concern for organizations. Accurate prediction of subscriber churn can help 
telecommunication companies take timely measures to improve subscriber retention and reduce 
business costs. Literature [27] describes the huge loss caused by subscriber churn and applies 
exploratory data analysis to predict subscriber churn, which realizes the prediction of potential 
subscriber churn through the use of machine learning models and effectively reduces the loss of 
enterprises. Literature [28] explored the Net Promoter Score (NPS) affecting telecom subscriber churn 
with the aim of identifying the factors of subscriber churn, proposing a prediction framework, and 
developed the propensity to churn through the use of logistic regression, classification, and regression 
tree (CART), which revealed that CART is the most accurate in predicting subscriber churn. Literature 
[29] developed an analysis of subscriber churn behavior with the aim of testing the efficiency and 
performance of commonly used data mining techniques to predict subscriber churn behavior, table by 
understanding the severity of churn, telecommunication companies can take steps to increase 
subscriber retention. Literature [30] mentions a rule-based intelligent decision making technique 
based on rough set theory, which can effectively categorize churned and non-churned subscribers and 
predict subscribers with churn intent, providing optimal solutions for telecommunication sectors. 
Literature [31] aims to establish a churn prediction model to predict the churn of telecommunication 
subscribers through subscriber segmentation, which is helpful to help telecommunication companies 
to effectively predict the churn rate of subscribers, so as to take targeted measures to avoid churn and 
increase profits. Literature [32] aims to examine the machine learning algorithms required to 
construct a subscriber churn prediction model and determine the causes of churn, and the results of 
the study effectively enhance subscriber churn prediction, and the provided prediction model 
improves the retention rate of existing subscribers and effectively prevents subscriber churn. 
Literature [33] builds a data processing method for churn prediction in telecommunication services, 
the model is able to effectively predict the pattern of churn and shows certain advantages, and predicts 
churn by proposing a hybrid fuzzy disordered rule induction algorithm and fuzzy C-mean clustering. 
Literature [34] investigated the role of Markov chains in subscriber churn and retention in the mobile 
telecom industry, and by analyzing the data generated it was shown that MTNs have the highest 
subscriber retention in the study area, which is instructive for telecom companies. Literature [35] 
describes the problem exhibit related to subscriber churn and analyzes the adoption of machine 



RESEARCH ON TELECOMMUNICATION SUBSCRIBER CHURN PREDICTION 7967 

 

learning techniques to predict subscriber churn through models such as XGBoost, GradientBoost, 
AdaBoost and compares the effectiveness of the models in terms of accuracy. Literature [36] identified 
important predictors of subscriber churn and strategies to improve subscriber retention in telecom 
industry by applying dataset and data analysis, machine learning techniques. Literature [37] outlined 
the data mining techniques used for subscriber churn based models based on literature review and 
summarized the existing literature on telecommunication and provided subscriber churn prediction 
techniques such as decision trees, regression analysis, etc., which is informative for other studies. 
Literature [38] illustrates the results of different classification models for a telecommunication 
company as an example and verifies that the use of models in further classification of subscribers to 
predict the loyalty of subscribers to the company helps to reduce subscriber churn. 

In this paper, daily and monthly data of users are collected from relevant departments and platforms 
of telecommunication companies, such as users' call, SMS and Internet records, etc. The collected 
telecommunication user data are then processed and organized to obtain user dynamic features used 
as inputs for prediction models. The RFM model is used to simplify the user dynamic features and 
reduce the feature dimensions in order to improve the prediction ability of the model. Subsequently, 
the XGBoost model is used to calculate the importance and classify the user data features processed 
by the RFM model, and then the Stacking integration algorithm improved by Bootstrap self-sampling 
method and precision weighting method is used for user churn prediction, and the secondary classifier 
is established to realize the accurate prediction of telecom user churn. The performance of the 
prediction model is evaluated through comparative experiments, and then the model is applied in J 
Telecom Company to explore the effectiveness of the model in terms of the response rate of churn 
subscriber maintenance. 

2. Method 

2.1. Telecommunications subscriber data collection 

2.1.1. User day data collection. The daily data of the users of telecommunication companies that 
need to be collected are the daily behavioral data of the users, including the users' call records, SMS 
records, and Internet records. These data can reϐlect the user's daily behavior and are an important 
basis for predicting user churn in this paper. 

1) User call information. Detailed information about the user's calls on the same day, including the 
length of each call, whether the caller or the called, whether the call was local or roaming, whether it 
was a long-distance call or not, and the billing length of the call. 

2) User Internet behavior data. Detailed information about the user's trafϐic on the Internet on the 
same day, such as how much upstream trafϐic and how much downstream trafϐic each time, the length 
of Internet access, whether the Internet access is in the local area or roaming, and so on. 

3) User SMS information. User's SMS usage on the same day, such as when the user sends SMS, whether 
the SMS is charged or not, and so on. 

4) Value-added service data. Information on value-added services subscribed by the user on the same 
day, such as video ringtone, cloud disk, cloud business card, upgrade package, gasoline package, super 
member and so on. 

5) Carry forward related information. Information related to the user's porting service on the same 
day, such as the user's query for porting code, the user's query for authorization code, the query for 
the porting code veriϐication result (whether it is allowed to be ported out or not), and so on. 
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2.1.2. Monthly user data collection. In user churn prediction research, the collection of monthly data 
can reϐlect the overall situation of users more comprehensively and is very important for constructing 
prediction models. The monthly data collected in this study can be categorized as follows. 

1) Basic user information. The user's basic business information, such as the user's network entry time, 
the user's package type, the user's last switching time, the user's terminal information, and the user's 
contract expiration time. 

2) User trafϐic information. Detailed list of the user's trafϐic usage in the month, including the total 
trafϐic of the user's package, the user's 2/3G trafϐic used in the month, the user's 4G trafϐic used in the 
month, the user's 5G trafϐic used in the month, and information on apps accessed by the user in the 
month. 

3) User call information. Detailed list of the user's call information for the month, including call 
duration, number of the other party, calling or called, local or roaming, long distance or not, and so on. 

4) User Complaint Information. User's complaint record in the month, including the time of the 
complaint. 

5) User SMS information. User's SMS details for the month, including the time of SMS sending, the 
other party's number, etc. 

2.2. User feature construction and processing 

2.2.1. Dynamic feature construction. Dynamic feature construction is to use the collected ϐive 
categories of user day data for further data processing, and then get the dynamic features that can be 
used as input to the model, the speciϐic features of the construction process in this paper according to 
the collected ϐive categories of data are introduced. 

1) User call features. According to the detailed records of the user's calls, whether the user has made 
calls on that day, the total duration of calls and the number of calls are counted. According to the caller 
and callee information of the user's calls, it can be recognized whether the user has active calls or not, 
and if there is only a caller call but no callee call on the same day, it can be recognized that the user is 
an active communication user. According to whether the user's call is local or not, it can be determined 
whether the user has roaming calls on that day. According to the attribution information of the user's 
caller's number, it can be determined whether the user has long-distance calls on the same day. 

2) Characteristics of User Internet Behavior. According to the user's online trafϐic records on the same 
day, it can be counted whether the user went online, upstream trafϐic, downstream trafϐic, the length 
of online trafϐic, and the number of times the user went online on the same day. 

3) Characteristics of user's SMS. According to the user's SMS records on the same day, we can count 
whether the user sends SMS and the number of SMS on the same day. 

4) Value-added service features. According to the information of value-added services used by the user, 
we can determine whether the user uses value-added services on the same day. 

5) Carry forward related features. According to the list of the user's carry code inquiries on the same 
day, we can count the number of carry eligibility inquiries and whether the user is allowed to carry out 
on the same day. 
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6) Crossover features. Cross-analysis of the above features can lead to further user behavioral features, 
for example, if the user has calls or trafϐic or SMS, it can be judged whether the user is active or not, 
and it can be judged whether there is only voice, whether there is only SMS, whether there is only 
value-added services based on calls, SMS, and value-added services. 

The final dynamic characteristics derived after analyzing the user's characteristics are shown in 
Table 1, with a total of 21 telecom user characteristic variables. 

Table 1. Dynamic characteristic variable 

Serial 

number 
Characteristic variable For short 

Serial 

number 
Characteristic variable For short 

1 Date STAT_DATE 12 Internet number FLUX_TIMES 

2 Whether to call IS_CALL 13 Text message IS_SMS 

3 Length of call CALL_DURATION 14 Text strip SMS_NUM 

4 Number of calls CALL_TIMES 15 Appreciation IS_INCR 

5 Whether to be proactive IS_INITV 16 Whether to allow OUT_TAG 

6 Long distance call IS_LONG_CALL 17 Number of eligibility queries QUERY_TIMES 

7 Roaming calls IS_ROAM_CALL 18 Be active IS_ACTIVE 

8 Internet access IS_GPRS 19 Is it just voice IS_ONLY_CALL 

9 Upward flow FLUX_UP 20 Is it just only have text messages IS_ONLY_SMS 

10 Downstream flow FLUX_DOWN 21 Whether it's just appreciation IS_ONLY_INCR 

11 Internet length FLUX_DURA —— —— —— 

2.2.2. Dynamic Feature RFM Processing. Due to the relatively large number of dynamic features of 
the user and the fact that traditional machine learning algorithms such as the XGBoost algorithm used 
in this paper cannot directly use time series data, and if the user's daily features are expanded into a 
row vector and calculated according to the time step of 30 days, there will be 600 features as inputs to 
the model. In order to improve the efϐiciency of the model and reduce the number of feature 
dimensions, this paper ϐirst uses the RFM model [39] for feature processing, which not only simpliϐies 
the process of feature processing, but also provides more information about the user's behavior of the 
feature. 

By subjecting the multi-day features to RFM, it is possible to transform them into three separate 
features, i.e., the most recent time of use of this feature, the frequency of use, and the total number of 
times it has been used. For this purpose, this paper defines the R , F , and M  values for each time-
behavioral feature 

iF . 

In this paper, the Recency of a feature Fi   within a specific time window   1 2 2 1, 30t t t t    is 

defined as, the number of time steps (days) from the last  i sF t  non-zero value to the 
2t  time step, 

as shown in the following equation: 

  
2

1 2 2, , (1)  0
s

t

i s
t

R F t t if t t els   (1) 

In this paper, we define the Frequency of 
iF  as the number of time steps (in days) that are non-

zero values of   1 2 2 1,t t t t n   within a specific time window, as shown in the following equation: 

    
2

1

1 2, , ( ) 0
t

i i
t t

F F t t f t


   (2) 

In this paper, Monetary of Definition 
iF  is defined as the sum of the values of   1 2 2 1,t t t t n  , 

iF  

in a specific time window as shown in the following equation: 
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  
2

1

1 2, , ( )
t

i i
t t

M F t t f t


  (3) 

In this way, in this paper, according to the definitions of R , F  and M  above, the features are 
processed by RFM respectively, and the row vector features of each user can be obtained. 

2.2.3. Characteristic importance analysis model. In this paper, we use XGBoost algorithm model [40] 
to analyze the importance of telecommunication user characteristics, XGBoost has been improved 
compared with the traditional GBDT to deal with missing values and prevent overϐitting. When there 
are missing values in the samples, XGBoost is able to automatically divide the samples with missing 
values, GBDT does not automatically handle missing values [41]. 

XGBoost model representation: 

  
1

ˆ ,
k

k i k
k

y f x f F


   (4) 

Here K  is the number of trees, F  denotes all possible CART trees, f  denotes a specific CART 
tree, and this model consists of K  CART trees. 

The prediction function of XGBoost is: 

 * j

j

i
i l

j
i

i l

g

w
h 





 




  (5) 

The objective function of XGBoost is: 

      
1

ˆ,
n k

i i k
j k

obj l y y f


     (6) 

The objective function is the superiority of the tree structure, the smaller the value, the better the 
structure, i.e., the value is a measure of how good the structure of the tth CART tree is. The objective 
function also contains two parts, the first part is the loss function, the second part is the regularization 
term, the sum of the regularization terms of K  tree is the regularization term here. 

The regularization term of XGBoost: 

  2

1

1
( ) 1 3

2

T

j
j

f T w 


     (7) 

A tree has T  leaf node, and the values of these T  leaf nodes form a T -dimensional vector w ,   
and , which is customized by XGBoost, and whose value can be set at the time of use, with the value 
of  getting bigger with the value of  , indicating that the more you want to get a tree with a simple 
structure. 

XGBoost's loss function, for classification problems, the commonly used loss function is the 
logarithmic loss function: 

      ˆ ˆ( ) ln 1 1 ln 1i iy y
i i

I

L y e y e 


         (8) 

2.3. Telecom Churn Prediction Model 

2.3.1. Improved Stacking Integration Algorithm. In this paper, we propose the Stacking integration 
algorithm [42] with self-sampling and accuracy weighting [43] to achieve the purpose of improving 
the classiϐication effect of each base learner and providing the credibility of the base learners to the 
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meta-learners, so as to improve the generalization performance of the whole classiϐication prediction 
system. 

1) Based on the original dataset using Bootstrap self-sampling method and randomly selecting 
attributes according to the importance probability to get m  data subset, the T  base learners BM in 
the classical Stacking algorithm are replicated into m  copies, i.e.: 

 
 
 

1 11 12

1 2

, , , , ,

, , ,

lm T

T T Tm

BM BM BM BM BM

BM BM BM

  

 
 (9) 

A subset of m  data is input into the base learner for m  training times respectively to obtain m  
classification results for that base learner. 

2) Calculate the out-of-bag error rate OOBError for each training of the base learner based on the 
OOB samples produced by each base learner for each sampling, i.e: 

 
ij

ij
ij

n
err

N
  (10) 

where 1, 2, ,i T  ; 1, 2, ,j m  , ijn  denote the number of misclassified OOB samples for the j

th training of the i th base classifier, and ijN  denotes the total number of OOB samples for the j th 

training of the i th base classifier. 
In order to assign greater weights to the base classifiers with high prediction accuracy, the weights 

of each base classifier for each training are set: 

 
1 ij

ij
ij

err

err



  (11) 

Where ij  is the weight of the j rd training of the i nd base learner, it can be seen that as the error 

rate ijerr  gets larger, the weight of the classifier ij  gets smaller. The final prediction of the i th base 

learner is obtained by weighted average of the predictions of the m th training, i.e.: 

  ( ) 1, 2, ; 1,2, ; 1, 2,ij ijy t i T j m t n         (12) 

The classification result  ( ) 1,.. ; 1,.. ; 1,ij ijy t i T j m t n      of the T  base learner is treated as 

the input to the second layer of the meta-learner (MM). 

2.3.2. Predictive modeling. In this paper, the improved Stacking integration algorithm with two-layer 
structure of self-sampling and accuracy weighting is used to establish the telecom subscriber churn 
prediction model. For the Stacking integration algorithm, the selection and combination of the base 
learners in the ϐirst layer is crucial, which not only requires high prediction accuracy of each base 
learner individually, but also needs to consider the prediction effect after the combination of different 
base learners. Since a base learner with good prediction performance can improve the overall effect of 
the prediction model, the ϐirst layer of base learners should ϐirst consider choosing a model with high 
pre-precision, and at the same time, it is also necessary to ensure that there is differentiation between 
the models of each base learner, mainly because different prediction models use different principles, 
algorithms, data, etc., to construct models with different properties for the same data for the same 
learning task, and then combining them together can uncover information in all directions. Therefore, 
the selection of base learner models should pursue the principle of “quasi but different”, and the 
selection of differentiated base learners with strong prediction performance can gather the 
advantages of different models, so that the base learner models can complement each other's strengths 
and weaknesses, and ultimately improve the overall prediction performance of Stacking models. 
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In this paper, we study the problem of predicting the churn of telecom subscribers, the purpose is 
to predict whether the telecom subscribers will continue to use the service, which is a binary 
classification problem, and the framework of the final Stacking integration model is shown in Fig. 1. 
The selection of the first layer of base learners is based on the principle of “quasi but different”, and 
the prediction performance of the machine learning model is directly related to the hyper-parameter 
settings of the model. Nowadays, the more widely used tuning methods include manual tuning, grid 
tuning, random search and Bayesian search. In this paper, the grid tuning method is chosen to 
determine the parameters of each base learner, the grid tuning method is similar to manual tuning, by 
setting the grid of possible configurations of the specified parameters in the parameter space, and 
establishing the prediction model for all the permutations of the parameter values in the grid, so as to 
evaluate and select the model parameters with the best prediction performance. According to the 
principle of Stacking algorithm, the input of the second layer meta-learner is generated from the 
prediction results of the first layer base-learner, and since the first layer has already used complex 
nonlinear transformation models, including decision tree, LightGBM, and MLP, three differentiated 
machine learning models, in order to reduce the risk of overfitting, the meta-learner of the second 
layer does not need to choose overly complex classifiers. Generally, simple and stable models are 
chosen, and in this paper, logistic regression is chosen as the meta-learner of the second layer. 
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Fig. 1. The telecom user drain prediction model 

3. Results and discussion 

3.1. Results of Telecommunications Subscriber Characterization 

In this paper, two feature selection methods, namely feature importance ranking and feature relevance, 
are used to select feature variables from the model and statistical perspectives in a comprehensive 
manner. In constructing the telecom user churn prediction model, the importance of user data features 
was first calculated using the XGBoost model. The calculated results of the importance ranking analysis 
of user features are shown in Table 2. The top 5 ranked user features are whether to call (IS_CALL), 
whether to access the Internet (IS_GPRS), the length of Internet access (FLUX_DURA), the number of 
times to access the Internet (FLUX_TIMES), and whether to text message (IS_SMS), with eigenvalues 
of 0.182, 0.181, 0.176, 0.156, and 0.149, respectively. 

Table 2. Analysis of characteristics 

Characteristic variable Importance Ranking Characteristic variable Importance Ranking 

IS_CALL 0.182 1 CALL_TIMES 0.084 12 
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IS_GPRS 0.181 2 IS_ONLY_SMS 0.07 13 

FLUX_DURA 0.176 3 STAT_DATE 0.067 14 

FLUX_TIMES 0.156 4 IS_LONG_CALL 0.066 15 

IS_SMS 0.149 5 SMS_NUM 0.057 16 

IS_ONLY_CALL 0.135 6 OUT_TAG 0.049 17 

CALL_DURATION 0.113 7 FLUX_DOWN 0.049 18 

IS_INITV 0.107 8 IS_ACTIVE 0.042 19 

IS_ROAM_CALL 0.101 9 IS_INCR 0.041 20 

FLUX_UP 0.088 10 IS_ONLY_INCR 0.036 21 

QUERY_TIMES 0.085 11 —— —— —— 

 
After that, the correlation coefficients between these 21 features are calculated, and by evaluating 

the correlation degree of each feature, it can help to improve the prediction performance of the user 
churn prediction model. The results of the correlation analysis between each user characteristic 
variable are shown in Figure 2, and the names of the characteristic variables corresponding to 
numbers 1-21 in the figure are shown in Table 1. Among them, the correlation between the 
characteristic variables "whether to call", "whether to surf the Internet" and "whether to be active" 
were 0.096 and 0.291, respectively, and the correlation coefficients between "whether to surf the 
Internet" and "Internet access" and "Internet access" were 0.231 and 0.204. 

 

Fig. 2. The correlation between characteristics and target variables 

3.2. Predictive Model Evaluation Experiments and Analysis of Results 

3.2.1. Experimental data set. In this paper, four publicly available telecom churn datasets are used 
to evaluate the effectiveness of the prediction methods, and the basic information of the datasets is 
shown in Table 3.The Cell2cell dataset is an open-source telecom churn dataset from Cell2cell, Inc. in 
the United States. This dataset has 52634 samples, of which there are 14885 churned subscribers. The 
total number of samples in this dataset is large and the number of churned subscribers is much smaller 
than the number of non-churned subscribers, making it a large sample dataset with an unbalanced 
distribution.The WAFN dataset is derived from Kaggle, a data mining competition platform, and is 
provided by IBM, and contains subscriber information for a ϐictitious telecom company that provides 
home phone and Internet services to customers in California in the third quarter. The dataset has 7,542 
samples with 1,954 and 5,588 churned and non-churned subscribers, and the percentage of churned 
subscribers is 25.91%.The Duke customer dataset has a higher total number of samples and a similar 
number of churned and non-churned subscribers, and it is a large-sample dataset with a balanced 
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distribution.The DF churn dataset has a lower total number of samples and the number of churned 
subscribers is much The DF churn dataset has fewer samples and the number of churned users is much 
smaller than the number of non-churned users, which is a small sample dataset with unbalanced 
distribution. 

Table 3. Information about public data sets 

Data set Cell2cell WAFN Duke customer DF churn 

Sample size 52634 7542 120000 11254 

Drain user 14885 1954 59635 1152 

Non-lost users 37749 5588 60365 10102 

Total characteristic number 55 21 87 62 

Category number 25 6 72 48 

Numerical characteristic number 30 15 15 14 

Classification number 2 2 2 2 

Loss of user ratio 28.28% 25.91% 49.70% 10.24% 

3.2.2. Assessment of indicators. Since there are experiments on datasets with unbalanced 
distributions, general binary classiϐication metrics such as accuracy will be affected by negative class 
samples and cannot truly reϐlect the performance of the model, so AUC, AP and F1_score are used as 
the main metrics to judge the model in this experiment. 

The AUC indicator can reflect the fit between the model output results and the actual results, the 
larger the AUC indicates that the model performs better and the output results are closer to the real 
results. The ROC curve has TPR as the vertical coordinate and FPR as the horizontal coordinate, and 
the size of the area enclosed by the ROC curve with the x-axis and y-axis is the AUC (TPR is the ratio of 
the number of correctly predicted positive classes to the total number of samples, and FPR is the ratio 
of the number of incorrectly predicted positive classes to the total number of samples). The 
computation of the AUC, TPR, and FPR is defined as follows: 
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where irank  is the serial number of the ith sample, M is the number of positive samples, N is the 
number of negative samples, TP represents the number of samples correctly classified as positive 
classes, TN represents the number of samples correctly classified as negative classes, FP represents 
the number of samples incorrectly classified as positive classes, and FN is the number of samples 
incorrectly classified as negative classes. 

The geometric meaning of the AP metric is the area enclosed by the PR curve with recall as the x-
axis and checking accuracy as the y-axis and the coordinate axis, reflecting the ability of the classifier 
to correctly classify the positive classes. Precision is defined as a function of Precision for Recall, and 
the specific calculation of AP is defined as follows: 
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The F1 value is a new metric defined by considering both precision and recall, based on the balance 
point between them.The F1 value will maximize both at the same time, striking a balance.The formula 
for the F1 value is as follows: 
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3.2.3. Results of model evaluation. The difference in performance between the model and the 
comparison model is veriϐied through comparison experiments, and the comparison models are 
Support Vector Machine (SVM), CART Decision Tree, Logistic Regression (LR), Random Forest (RF), 
Tabnet, Deep Forest (Gcforest), and LightGBM.The experimental results of the model evaluation 
metrics are shown in Table 4, and the corresponding ROC curves are shown in Fig. 3, and the ( a)-(d) 
are the analysis results of Cell2cell dataset, WAFN dataset, Duke customer dataset and DF churn 
dataset, respectively. The integrated prediction model proposed in this paper achieves superior 
performance on all four publicly available datasets. The model's classiϐication prediction performance 
ranks high in both large and small sample datasets. This is due to the multilayer perceptron's practice 
of iteratively updating the loss function using the stochastic gradient descent algorithm, which enables 
it to accurately ϐit the sample features. To summarize the classiϐication prediction performance of the 
model in this paper, the AUC metric is second only to LightGBM (0.8416) on the WAFN dataset (0.8390), 
and achieves the best results on three datasets, namely, Cell2cell (0.6794), Duke customer (0.6873), 
and DF churn (0.6490).F1 score metrics are optimal on the Cell2cell dataset (0.1599) and the WAFN 
dataset (0.5933), and better than Tabnet (0.6295 and 0.1037) on the Duke customer dataset (0.6251) 
and the DF churn dataset (0.1024). Overall the model performance in this paper is excellent and 
outperforms the existing non-integrated machine learning algorithms in all three evaluation metrics, 
thanks to the fact that the model in this paper fully exploits the feature information in the samples, 
and reduces the bias by mining the rich feature information, although the model does not perform as 
well as the optimized gradient boosting tree model in some aspects, it is sufϐicient to show that the 
model has sufϐiciently good prediction performance. 

Table 4. Model evaluation index comparison analysis results 

Data set Model SVM CART LR Tabnet Gcforest RF Light GBM This model 

Cell2cell 

AUC 0.6348 0.6356 0.6364 0.6411 0.6536 0.6679 0.6696 0.6794 

AP 0.3564 0.3929 0.4196 0.4230 0.4300 0.4312 0.4406 0.4348 

F1 score 0.0593 0.0608 0.0712 0.0738 0.0782 0.1111 0.1594 0.1599 

WAFN 

AUC 0.7825 0.7841 0.7850 0.8030 0.8095 0.8404 0.8416 0.8390 

AP 0.5902 0.6029 0.6097 0.6149 0.6275 0.6400 0.6405 0.6486 

F1 score 0.5194 0.5231 0.5316 0.5342 0.5541 0.5709 0.5738 0.5933 

Duke customer 

AUC 0.6538 0.6551 0.6587 0.6610 0.6642 0.6701 0.6755 0.6873 

AP 0.6019 0.6079 0.6097 0.6329 0.6329 0.6339 0.6361 0.6376 

F1 score 0.5873 0.5949 0.6012 0.6295 0.6096 0.6200 0.6215 0.6251 

DF churn 

AUC 0.5514 0.5516 0.5699 0.6249 0.6413 0.6449 0.6481 0.6490 

AP 0.2626 0.2797 0.2870 0.3039 0.3055 0.3162 0.3342 0.3420 

F1 score 0.0548 0.0579 0.0772 0.1037 0.0874 0.0989 0.0870 0.1024  
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(a) Cell2cell (b) WAFN 

  

(c) Duke customer (d) DF churn 

Fig. 3. ROC curve analysis results of the model 

3.2.4. Model robustness tests. In practical applications, the optimal model not only requires that it 
has good generalization ability, but also requires that the model has strong robustness. Since modeling 
with different proportions of training and test sets may make differences in the ϐinal modeling results, 
this section will examine the robustness of the Stacking-based fusion prediction model in terms of 
adjusting the proportion of data. In this section, 90%, 80%, 70%, 60%, 50% and 40% of the sample 
data from the Cell2cell dataset will be selected as the training set, and the remaining samples will be 
used as the test set, comparing the ACC, F1 value and AUC of this fusion model under the different 
proportions of the training set, and the speciϐic results are shown in Table 5. As the proportion of the 
training set decreases, the ACC, F1 value and AUC of the predictive model decrease, but the magnitude 
is small. When the training set is reduced to 40%, the AUC, ACC and F1 values of the prediction model 
are 0.6559, 0.4033 and 0.1349, respectively.In summary, it can be concluded that the telecom 
subscriber churn prediction model proposed in this paper has strong robustness. 

Table 5. Model evaluation index of different proportional training set 

Training set 
Evaluation index 

AUC ACC F1 score 

90% 0.6691 0.4184 0.1481 

80% 0.6691 0.4137 0.1427 

70% 0.6684 0.4095 0.142 
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60% 0.6648 0.4068 0.1399 

50% 0.6569 0.4065 0.138 

40% 0.6559 0.4033 0.1349 

3.3. Practical application case results and analysis 

3.3.1. Data sources for telecommunication operators. In this paper, a randomly sampled subset of 
the database of telecom operator subscribers in the city of J for the year 2023 was used for analysis. 
The dataset contains 5500 samples, which include information about the personal information of 
telecom users, records of their consumption behavior, and the grade of each indicator. The data of some 
subscriber samples before cleaning is shown in Table 6, almost all subscribers have online behavior 
on the day of data collection, and the average length of online time is about 2.9h. 

Table 6. The ϐirst part of the cleaning is according to the sample 

Serial 

number 
Gender Age 

Whether to 

call 

Number of calls 

(min) 

Internet 

access 

Internet length 

(h) 

Text 

message 

1 Female 33 0 0 1 2.25 0 

2 Male 38 1 6.5 1 1.86 1 

3 Male 47 0 0 1 4.15 1 

4 Male 19 0 3 1 1.93 0 

5 Male 22 0 0 1 4.35 0 

6 Male 31 0 0 1 2.43 1 

7 Female 36 0 9 1 4.42 0 

8 Female 56 1 0 1 0.37 1 

9 Female 31 0 2.9 1 2.24 0 

10 Male 46 0 0 1 4.11 0 

11 Male 55 0 8.7 1 0.31 1 

12 Female 31 1 6.7 1 2.66 1 

13 Male 22 0 0 1 4.79 1 

14 Female 35 1 7.1 1 4.53 0 

15 Female 22 0 5.6 1 2.86 0 

16 Male 35 1 0 1 4.5 1 

17 Female 21 1 3.8 1 1.64 0 

18 Male 19 0 9.9 1 3.67 1 

19 Female 56 1 0 1 4.25 0 

…… …… …… …… …… …… …… …… 

5500 Female 58 0 0 1 2.52 1 

3.3.2. Effectiveness of model application. In order to verify whether the telecom subscriber churn 
prediction and analysis model established in this study is of practical help in solving the problem of 
subscriber churn in Telecom Company of City J, the next step is to carry out the application feasibility 
experiment by combining the model and the actual data of the company. After communicating with 
the business department marketing department and customer service department of this 
telecommunication company about the application method of the model and the experimental plan, in 
early November 2023, the user database information was imported into the model in bulk, and the 
calculation results predicted that there were 37,714 users in the city in December with a high 
probability of churning possibility. Therefore the customer service staff 's maintenance and retention 
efforts in December are focused on this list of 37,714 subscribers. The results of the retention efforts 
for the list of high probability churn subscribers identiϐied using the model are shown in Figure 4. The 
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success rate of the telco's retention response in December 2023 for prospective churn users, high 
probability churn users, low balance users, and low usage users is 47.85%, 51.26%, 53.24%, and 
56.94%, respectively. Compared with the original method, identifying the user groups with high churn 
tendency with the help of prediction model and then implementing the maintenance work category 
classiϐication has reduced the workload of the customer service department in screening the pre-
churned users in the city's mobile network users in batch, and the customer service department can 
more accurately follow up the service of these users identiϐied as having a high churn tendency to 
improve the maintenance efϐiciency and the success rate of retaining them. 

 

Fig. 4. The results were maintained in November 2023 

Since the churn rate of communication subscribers is affected by external factors such as phased 
policies (e.g., door-opening campaigns, holiday promotions) and holiday personnel turnover, this 
study compares the year-on-year growth of the telecom subscriber maintenance results of the first 
quarter of 2023 with the results of the telecom subscriber maintenance results of the first quarter of 
2024.The results of the comparison of the pre-churned subscriber maintenance of the first quarter of 
2023 and 2024 are shown in Table 7 The number of subscribers counted in 2023 is the number of pre-
churned subscribers selected by using the report screening method for the whole network, the 
number of subscribers counted in 2024 is the number of subscribers with high probability of churn 
calculated by the churn prediction model, and the number of respondents is the number of subscribers 
in the screened stock who accepted the promotional activities or policy measures offered by customer 
service personnel or business personnel.The results of the city telecommunication company's 
maintenance work for each type of churn subscriber in the first quarter of 2023 and 2024 were 
compared year-on-year. The average success rate of the city's telecommunications companies in 
maintaining all types of churned subscribers in the middle of the year was 15.43% and 50.63%, 
respectively. In the case of quasi-churned telecom subscribers, the success rate of response in the first 
quarter of 2024 ranged from 46.35% to 58.55%, while the average response rate in the first quarter 
of 2023 was only 15.80%. It shows that the customer service department of J city telecom company 
has some effect on subscriber management with the help of churn prediction model. 
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Table 7. The pre-loss user maintenance results were compared 

Statistical category Time Statistics user number Response user number Response success rate 

Transversal user 

2023.1 9526 1771 18.59% 

2024.1 6253 3661 58.55% 

2023.2 11254 1950 17.33% 

2024.2 7596 4205 55.36% 

2023.3 9562 1097 11.47% 

2024.3 5586 2589 46.35% 

High risk loss users 

2023.1 19526 3542 18.14% 

2024.1 6984 3965 56.77% 

2023.2 23541 3571 15.17% 

2024.2 9526 5069 53.21% 

2023.3 16524 2229 13.49% 

2024.3 8745 3945 45.11% 

Low balance user 

2023.1 29563 4118 13.93% 

2024.1 12542 6358 50.69% 

2023.2 26354 4744 18.00% 

2024.2 11254 5691 50.57% 

2023.3 23652 2755 11.65% 

2024.3 9856 4547 46.13% 

Low utilization user 

2023.1 35264 6390 18.12% 

2024.1 12546 5759 45.90% 

2023.2 26595 2867 10.78% 

2024.2 13254 6235 47.04% 

2023.3 27754 5126 18.47% 

2024.3 13526 7012 51.84% 

4. Conclusion 

In this study, the XGBoost model is used to analyze the importance of telecom subscriber features, and 
then the construction of telecom subscriber churn prediction model is carried out based on the 
improved binary integration prediction algorithm Stacking. The performance of this paper's model is 
verified through model comparison experiments and evaluation indexes, and it is found that the F1 
score of this paper's model is optimal on both Cell2cell dataset (0.1599) and WAFN dataset (0.5933), 
and better than the existing non-integrated machine learning algorithms on the remaining two 
evaluation indexes, and the model still has strong robustness in the case of the reduction of the training 
samples. The model is still robust when the training samples are reduced. The application of the model 
in J city telecom company found that the success rate of maintenance response in the first quarter of 
2024 is between 46.35% and 58.55%, and the success rate of churn maintenance response is much 
higher than the original method, which indicates that the model is effective in assisting the telecom 
company in churn maintenance work. In the future, the model can be dynamically adjusted and 
optimized according to the changing data in each month or quarter, so that the prediction effect of 
subscriber churn can be further improved. 
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