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Abstract 

This paper puts forward a telecom customer churn prediction model based on random 
forest algorithm. The algorithm improved the method of season point division of each 
tree generated in random forest, divided nodes based on customer life value, integrated 
customer life value into the improved Gini index, and improved the prediction accuracy 
of off-network customers. The experimental results show that the customer churn 
prediction model based on pruning random forest proposed in this paper not only solves 
the problem of unbalanced data distribution, but also improves the prediction accuracy 
of high-value customers with churn tendency, which reduces the cost of retaining 
customers. 
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1. Introduction 

In the case of market saturation, customer churn has a very large negative impact on profit 
growth. However, the cost of losing an existing customer is far greater than the cost of acquiring 
a new one, so the company attaches more importance to the retention of existing customers[1]. 
Companies should take retention measures before customer loss, and the need to build models 
to identify customers prone to churn is the key to solving the problem. 

 
Figure 1: Structure diagram of random forest model 

The forecasting of customer churn in telecom industry is a dichotomous problem[2]. In order to 
solve the problem that the performance of the classifier deteriorates due to the high dimension 
of unbalanced data and customer data, this paper using random forest CART classification tree 
algorithm for feature selection, and then introduce customer life cycle value index to reduce the 
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Gini coefficient and model purity in the case of imbalance[3]. Random forest is a kind of 
combinatorial classifier algorithm which can process large-scale data and has good noise 
tolerance performance, whose structure is shown in Figure 1.  

2. Data Processing 

The loss prediction process is divided into four steps, as shown in Figure 2 below: 

 
Figure 2: Data flowchart. 

Experimental data uses Kaggle open-source platform to collect consumption data from a 
telecom company over a period of time. The goal is to demonstrate the use and tuning of 
random forests. In the example shown in Table 1 below, the last variable broadband 0 for 
retention and 1 for churn. 

Table 1: Broadband customer data 

CALL_PARTY_C
NT 

DAY_MO
U 

AFTERNOON_M
OU 

NIGHT_M
OU 

AVG_CALL_LENG
TH 

BROADBA
ND 

0 0.0 0.0 0.0 3.04 1 

0 0.0 1910.0 0.0 3.30 1 

0 437.2 200.3 0.0 4.92 0 

0 437.2 182.8 0.0 4.92 0 

0 437.2 214.5 0.0 4.92 0 

 

3. Introduction to the Model  

3.1. Symbol Description 

Referring to the credit risk prediction studies by Junmei Ding[5], an evaluation was organized 
index for predicting churn performance between models and selected the following variables. 
The following Table 2 is a description of symbols: 

 Table 2: Symbol description. 

Symbols Description 

M Number of attributes 

P Random selection 

A Characteristic value 

K Category 

t Partition node 

λ Adjusting parameter 

qrp Customer health 

D The data set 

The remaining indicators are shown below. 
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3.2. Basic Principle of Random Forest Algorithm  

Random forest CART decision tree uses Gini unpurity index for feature selection. The lower the 
Gini unpurity value is, the better the classification effect is and the higher the order degree of 
the set is[3]. For the decision tree, assuming that sampling set D has K categories and that the 
probability of one belonging to the KTH category is 𝑃𝐾 , the purity of data set D can be measured 
by Gini coefficient. 

𝐺𝑖𝑛𝑖(𝐷) =   1 − ∑ 𝑃𝐾
2

𝑘

𝑘=1

 (1)    

Since the CART classification tree in the random forest is a binary tree, its Gini coefficient can 
be expressed as follows. 

𝐺𝑖𝑛𝑖(𝐷) = 2𝑃(1 − 𝑃) (2)    

Assuming that sample set D has multiple features, take one of the eigenvalues A and assign it to 
variable A, and get a is equal to A. The CART classification tree divides D into two parts, D1 is the 
sample set that meets the feature of A equals A, D2 is the sample set that does not meet the 
feature of A equals A. Then the Gini coefficient of sample set D under the condition that feature 
A is equal to A is expressed as follows. 

𝐺𝑖𝑛𝑖(𝐷,𝐴) =
|𝐷1|

|𝐷|
𝐺𝑖𝑛𝑖(𝐷1) +

|𝐷2|

|𝐷|
𝐺𝑖𝑛𝑖(𝐷2) (3)    

Where, 𝐺𝑖𝑛𝑖(𝐷,𝐴) represents the uncertainty of set D after A is equal to a segmentation. The 

random forest algorithm starts from the root node and builds D CART classification trees 
recursively with D training sets. The Gini index of each feature of the current node is calculated. 
The feature A with the lowest Gini coefficient is selected as the optimal feature, and the 
corresponding value A is selected as the optimal segmentation point. Each CART decision tree 
in the random forest continuously traverses the feature subset of the tree to find the feature 
segmentation point with the minimum Gini coefficient, continuously divides the data set into 
two subsets, and generates two child nodes of the current year node until the stop condition is 
satisfied. 

3.3. Model Improvement  

However, in the application of random forest in the prediction of telecom customer loss, there 
is a problem of unbalanced samples due to the large difference in the number of in-network 
customers and off-network customers.  

The Gini base calculation of random forest is based on the number of various types, which will 
lead to that the predicted value of random forest is biased to the classes with more category 
samples in customer loss prediction, and the customer loss cannot be better predicted[6]. 
Improved algorithm in a feature category in web clients, off-grid customer respectively 
corresponding to the quantitative proportion divided into the introduction of customer lifetime 
value, to balance on net and off-grid customer classification, and on this basis, calculate Gini 
vote base and classification of the random forest algorithm threshold, thus improve unbalanced 
data environment random forest algorithm for the telecom customer churn prediction accuracy. 

In the improved random forest CART classification tree algorithm, the sample size of each 
partition node based on customer life cycle value is as follows: 

𝑞𝑟(𝑘/𝑡) =  
𝐶𝑡𝑘

𝐶𝑘
+ 

λ

𝐶𝑡 − 𝐶𝑡𝑘 + 1
 (4) 

Quantity Ratio (QR) is used to represent the sample size of each divided node, t represents left 
node or right node, K represents category, 𝐶𝑡𝑘  represents the sum of the life value of the 
category K at t node, 𝐶𝑘  represents sample size of t node with category K, 𝐶𝑡  represents the sum 
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of life values of t node samples, λ represents adjusting parameter, which fine-tunes the amount 
of data of different categories in the same node to improve the noise resistance of the same 
category. Based on the sample size of each partition node, the sample partition ratio 
corresponding to in-network customers and off-network customers is calculated as follows.  

Then, balance in off-network customer division is to change the distribution of unbalanced data 
sets, that is, to improve the accuracy of off-network customer division. Calculate the new δ value 
according to the new data representation, need to calculate the proportion of each qr value 
inside each value of life node qrp (Quantity Ratio Proportion): 

𝑞𝑟𝑝(𝑘/𝑡) =   
𝑞𝑟(𝑘/𝑡)

𝑞𝑟(𝑘 = 0/𝑡) + 𝑞𝑟(𝑘 = 1/𝑡)
 (5) 

The corresponding information gain can be obtained from the sample size qrp of customer life 
value of each partition node, as shown below: 

∆𝑞𝑟=   
2

∑ ∑ 𝑞𝑟𝑘𝑡 (𝑘|𝑡)
· (

𝑞𝑟(𝑘 = 0|𝑡 = 𝑙) · 𝑞𝑟(𝑘 = 1|𝑡 = 𝑙)

𝑞𝑟(𝑘 = 0|𝑡 = 𝑙) + 𝑞𝑟(𝑘 = 1|𝑡 = 𝑙)
+  

𝑞𝑟(𝑘 = 0|𝑡 = 𝑟) · 𝑞𝑟(𝑘 = 1|𝑡 = 𝑟)

𝑞𝑟(𝑘 = 0|𝑡 = 𝑟) + 𝑞𝑟(𝑘 = 1|𝑡 = 𝑟)
)  

 
(6) 

Where, qrp(𝑘|𝑡) represents the ratio of sample qr value of t node t category K in t node, 𝑞𝑟(𝑘 =
0/𝑡)and 𝑞𝑟(𝑘 = 1/𝑡) are respectively the qr value of t node in the network and off the network. 

If the qrp value is high, the proportion of this category in the forecast category is high, and the 
relative qr value is high, which means that the proportion of customers who actually fall into 
this category is also high. Therefore, no matter what the proportion of in-network customers 
and off-network customers is, the measurement of impurity under this rule is not affected by 
the proportion distribution of the two types of customers, so this method can overcome the 
shortcomings of the traditional stochastic forest model optimization. 

What’s more, the relationship between Gainratio and Gini coefficient is as follows: 

𝐺𝑖𝑛𝑖(𝑃) =   ∑ 𝑃𝐾(1 − 𝑃𝐾) =𝐾
𝐾=1  1 − ∑ 𝑃𝐾

2𝐺𝑎𝑖𝑛𝑟𝑎𝑡𝑖𝑜(𝐷, 𝑎)𝐾
𝐾=1   (7) 

According to the above formula, the Gini coefficient can be obtained from the information gain 
of the sample size of the node. 

4. Experimental analysis 

4.1. Data Preprocessing 

According to the principal part, the random forest is a powerful tool to deal with data imbalance. 
The specific steps of data cleansing are as follows: 

a)Some characteristic variables were removed: For example, customer ID was useless, so 
cust_id was discarded. 

b)There are as many as 7043 pieces of data in this paper, and only a small number of data 
contain missing values. 

4.2. Feature Selection 

For a good model, the selection of features is crucial. Good features can better reflect the 
characteristics of customers' various trading behaviors and truly reflect the changes of 
customers' behaviors[7]. If a kind of feature is important, shuffling will reduce the accuracy of 
the model, while if the feature is not important, shuffling will have little effect on the accuracy 
of the model[8]. 

The specific steps of feature selection are as follows: 
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a)Calculate the importance score for all features and rank them from highest to lowest. The high 
ranking indicates that this feature is important. 

b)According to the importance of the order, the lower part of the characteristics in a certain 
proportion to delete. 

4.3. Model selections and evaluation 

In the experiment, a full decision tree modelling was carried out, compared with a random 
forest, and a cross-grid search was used directly to optimise the decision tree model, training 
as it went along, anaconda software was used to process the sample data, and constructs and 
trains the decision tree C4.5 algorithm and the improved random forest algorithm of 
unbalanced data classification respectively. Then, customer sample data is used for training and 
loss prediction, and the comparative analysis of prediction results is shown in Table 3 and Table 
4. 

Table 3: Decision tree accuracy. 

 Precision Recall Fl-score Support 

0 0.84 0.99 0.91 359 

1 0.79 0.22 0.34 87 

Accuracy   0.84 446 

Macro average 0.82 0.60 0.62 446 

Weighted 
average 

0.83 0.84 0.80 446 

 

Table 4: Random forest accuracy. 

 Precision Recall Fl-score Support 

0 0.97 0.88 0.92 397 

1 0.45 0.80 0.57 49 

Accuracy   0.87 446 

Macro average 0.71 0.84 0.75 446 

Weighted 
average 

0.91 0.87 0.88 446 

In unbalanced classification, classification accuracy cannot be used as an evaluation index to 
measure classification performance. Not only that, it is not difficult to find that precision rate 
and recall rate are a pair of contradictory indicators. Since the purpose of the customer churn 
warning model is to predict the customers who are about to lose, and the predicted customers 
are expected to be more accurate, the accuracy rate is more emphasized in the evaluation index, 
that is, the model is judged according to AUC(the average weight of accuracy and recall) and 
F1-score. 

Therefore, the final calculation result shows that according to the comprehensive consideration 
of accuracy and score, the random forest is 0.88, which is better than the decision tree's 0.84. 
In addition, the average weights of accuracy and recall were calculated and the AUC (accuracy) 
of the decision tree was derived to be 0.6022. However, an AUC greater than 0.5 is the minimum 
requirement, so it can be seen that the accuracy of the model is relatively poor. 

In random forest modelling, the optimal parameters of the gradient optimisation results are 
printed to determine whether the individual parameters of the classification model are on the 
decision boundary. It was found that the range settings for max_depth, min_samples_split and 
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n_estimators may limit the accuracy of the model and so need to be adjusted appropriately. 
Therefore, the maximum range of these parameters was increased, AUC equal to 0.8375. 

It can be seen that compared with the traditional decision tree algorithm; the customer churn 
prediction hit rate of the improved random forest algorithm increases by 23.53%. Since 
business scenarios need to predict customer churn, it is expected that the predicted customers 
will be as accurate as possible, that is, the higher the accuracy rate, the better. From the AUC 
and F1-Score, the execution effect of random forest algorithm is better than that of decision tree 
algorithm. 

5. Conclusion 

In this paper, the corresponding Gini coefficient is obtained from each node based on the 
sample size qrp of customer life value, and then the minimum Gini coefficient is selected for 
node splitting. Then, according to the use effect and feedback results of points, the model is 
optimized and trained by extracting good features to improve the accuracy and recall rate of 
the model, so as to achieve the purpose of reducing costs and improving efficiency. 

The results show that the sample size information gain rate classification method based on 
customer life value can effectively eliminate the impact of data and category imbalance on the 
prediction results. Improved algorithm of customer churn prediction accuracy is higher than 
the traditional decision tree algorithm, especially high value user loss prediction accuracy and 
recall rate of average weighted value increased by 23.53%.  

In this selected dataset, because several fields are continuous variables, the model is easy to 
overfit and its generalization ability decreases. Subsequently, the model generalization ability 
can be improved by boxed or XGboost under Boosting learner. 
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