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Abstract 
 

The telecommunication industries customer’s bases are increasing every day. The industries are expected to significant loss of income 
due to increasing competition in drawing customers towards their customer bases. It is important to find the cause for losing customers 
and identifying the importance of the customer and retain them. The customer leaving the present telecom customer base and moving to 
other telecom service providers is called as churn. The telecommunication data set considered for identifying the importance of customer 
and churn prediction contain high dimensional data, it may contain redundant and inappropriate attributes. To apply the data mining tasks 
it is difficult to deal with high dimensional data and it leads to inappropriate predictions. To apply data mining task it is necessary to pre-
process the data and reduce high dimensional data to low dimensional data without losing the prediction information. The reduced low 
dimensional data gives best results in churn prediction. This work focus on different attribute important measures and selection methods 
for identify the best subset of attributes for churn prediction. The experimental results of different attribute selection methods produces 

significant subset of attributes from high dimensional telecom dataset. The approach proven that it is helpful for predictive accuracy of 
further telecom churn management. 
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1. Introduction 

The churning of customer’s from telecom industries is one of the 
intensifying issues in rapidly growing and economical specific 
telecom industries.  Telecom companies have shifted their view to 
acquire new customers into retain the current customers in their 

telecom base [1]. The retention of currently existing customers 
improved in financial growth and also reduced their marketing 
risks. Therefore the task of churn prediction is significantly inten-
sifying as a part of telecom industries decision making and plan-
ning. The main objective of customer relationship management is 
to concentrate on customer retention. The significance of churn 
prediction has led to development of different tools and proce-
dures that supports the task of classification and prediction [2]. 

The predictive classification and modeling requires attribute selec-
tion, since it is an important step to be carried out for data mining 
approach. Various attribute selection approach have been pro-
posed example – Random Forest, stepwise selection, boruta etc. 
most of them have confirmed their importance for refining the 
predictive accuracy.  All the attribute selection approaches classi-
fied into three main approaches are: Filter approach, Wrapper 
Approach and Embedded approach [3]. The same telecom attrib-

utes with the above three approach will produce different set of 
significant attributes.  If the number of attributes is more than the 
optimal then the data mining approach may exhibit decrease in 
accuracy. Therefore it is important to select possibly small sub set 
of features form high dimensional data [4]. 
This paper concentrates mainly on analyzing the importance of 
attributes to build the churn prediction model accurately. The tele-
communication dataset with 76 attributes are used for the feature 

extraction. The analysis is conducted on different attribute selec-

tion methods like random forest, boruta and stepwise forward 
selection to explore the most significant attributes. 

2. Feature Selection Approach 

Feature selection in data mining is the process of selecting impor-
tant subset of attributes from the large dataset. The industry sec-

tors these days generating large amount of high dimensional data 
day by day. Manual selection of the important attributes from 
large high dimensional data is difficult task [5]. The telecom data 
set used has contained multivariate attributes having significance 
and insignificant attributes [6]. To select the most important at-
tributes, different attribute section approach is used. The three 
main approaches for feature selection in data mining are: 

 

2.1. Filter Approach 

 
The filter approach of feature selection uses single factor analysis 
technique. It examines the predictive power of each individual 
variable one by one. The data set containing larger number of 

attributes should use filter approach instead of brute force subset 
approaches. The predictive variable selection depends on the gen-
eral characteristics of the training data set. The selected variables 
are independent of other models. Compared to wrapper approach, 
this approach is faster, computationally simple and scalable. This 
method uses mathematical evaluation function like Gain Ratio, 
correlation based techniques, chi-Square, information gain etc. 
that are based in internal characteristics of training data set. Since 

mathematical evaluation function is used we can know exactly 
why a given attribute is selected or not selected. 
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2.2. Wrapper Method 
 
Wrapper method searches the optimal subset of features by using 
predictor or trained algorithms. This approach uses the different 
combinations or subsets of attributes from the dataset and finds the 
best subset of features. When using wrapper approach the user 
practically should consider (1) providing space of all possible 
combinations of subsets, and (2) How to evaluate the predictor 
performance. The best subset selection algorithm can be random 
forest, forward or backward selection etc. the wrapper approach 

considers the algorithm as a black box, which feeds all the attrib-
utes at once and the algorithm returns the subset of important at-
tributes. The algorithm considers the interaction between the at-
tributes it gives the result of subset by considering the relationship 
between the attributes. If the number of variables is not too large 
extensive search on all possible combinations can be done. One of 
the important packages available in R is Boruta package which is 
a wrapper around the random forest approach. the performance 

evaluation of the approach can be done by using cross validation 
method. 

 

2.3. Embedded Method 

 
The embedded approach takes the advantages of both the wrapper 
and filter approach. This approach identifies the best features by 
using attribute subset and the performance of the model itself. In 
this approach the subset feature selection and the predictive model 
building cannot be separated. The commonly used embedded fea-
ture selection is regularization method. It performs analysis by 
statistical approach. Regularization approach introduces additional 
constraints for increasing performance of the prediction. Examples 

of regularization algorithms are the LASSO, Elastic Net  

3. Methodology 

3.1. Dataset 

Data collection is the process of collecting information or high 
dimensional dataset on target attributes [7]. The dataset used for 
this work is telecommunication data with 76 different attributes of 
both prepaid and postpaid customers. The 30000 customers infor-
mation of telecommunication interactions are considered for sig-
nificant attribute selection approach. The service number calls are 
discarded during preprocessing. Some example attributes of tele-

com data set are cust_age, avg_call_cnt_per_day, 
ser_prepaid_avg_call_cnt_per_day, recharge_count etc.  
The dataset tuples consisting of NA values can be identified by 
is.na function, the sum function returns total number of NAs in 
dataset. Dataset entry with NAs can be replaced by the mean value 
or calculating its value by deriving values from stored attributes. 
Example  recharge_count can be derived from 
avg_call_cnt_per_day. The attribute mean is used for some of the 

attribute like customers cust_age, avg_call_cnt_per_day etc. The 
sample telecommunication dataset is shown in figure 1. 
 

 
Figure 1: Telecom Dataset 

3.2. Feature Selection 

Attribute selection is an important step for any model building 
approach. The next step after preprocessing the data is mining for 
important attributes. The significant attributes become the poten-

tial for customer churn prediction model. Particular for churn pre-
diction, the are many categories of data including 1) customer care 
service details, 2) customer demography and personal details, 3) 
customer credit score, 4) bill and payment details, 5) customer 
usage pattern, and 6) customer value added services. There are 
several attributes that influence the customer to churn from one 
telecom base to another [8]. To identify such influencing attributes 
brute force method is used for exploratory analysis fo selecting top 

N-attributes which are dominant for customer churn. The brute 
force method for large number of attributes produce maximum 
subsets, which in-turn effects the processing overhead. The subset 
selection generates 2p different combinations of subset and it’s a 
processing overhead. The forward and backward selection gener-
ates less number of combinations as shown in formula 1. 
 
Number of subsets= 1+P (P+1)/2                                                (1) 

 
One of the best ways for implementing feature selection is Boruta 
package it uses wrapper method recursive feature elimination that 
finds the importance of a feature by creating shadow features. This 
paper focuses on different feature selection approach. 

3.3. Framework 

The strategy to find significant subset includes three dimensional 
approaches, which is evaluation criteria, processing feedback and 

well known algorithms [9]. Closed loop or wrapper approach is 
based on attribute selection which uses predictor performance. 
Wrapper approach gives solution for better attribute selection. The 
below algorithm depicts the principle of wrapper approach. In this 
framework a structure is defined for intelligent feature selection, 
which uses suitable feature selection algorithm in accordance with 
intended application. 

 

Algorithm 

 
1. Telecom dataset D with p labelled class or variables 
where v={a1 ,a2 ,….ap} 
2. Variable selection search – set j=1 select a distinct sub-
set of variables Sj where 1<= Sj <=p. 
1. Induce learning algorithm. 
2. Evaluate the resulting model. 

3. Selected attributes 

4. Results 

4.1. Random Forest 

Random Forests are similar to a famous Ensemble technique 
called Bagging. Random Forests correlates several trees which are 
generated by the different bootstrapped samples from training 
Data. And then we simply reduce the Variance in the Trees by 
averaging them. The idea is to build lots of Trees in such a way to 
make the Correlation between the Trees smaller. 
Random forest algorithm is applied to the telecommunication 

dataset for feature selection. Consider to fit telecom dataset varia-
bles with 500 random forest trees, the algorithm returns the values 
of IncNodePurity as shown in figure 2. More useful variables 
achieve higher increases in node purities. 
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Figure 2: Different IncNodePurity values 

 
The variable importance plot as in figure 3 is obtained by growing 
some trees, then we can use simple functions importance(teledata) 
which represents the mean increase in node purity. It can be seen 

that recursive feature elimination algorithm has selected 
avg_dur_per_call , cust_age etc. as the important feature among 
the 76 features in the dataset. 
 

 
Figure 3: Attribute importance graph 

 
The figure 4 plot shows the Error and the Number of Trees. It can 
be easily notice that the Error is dropping as adding more and 
more trees and averaging them.  
 

 
Figure 4: Error v/s Number of trees 

4.2. Boruta Algorithm 

The figure 5 shows the variable importance result for the tele-
communication dataset D. The algorithm performed 99 iterations 
for 76 different attributes, with that 18 attributes is conformed as 

important attributes, 42 other attributes are considered as unimpor-
tant and 9 attributes are considered as tentative attributes. 
 

 
Figure 5: output of variable selection using boruta 

 
Boruta algorithm returns three different factors for attributes they 
are confirmed, rejected and tentative, which is the final result of 
feature selection. The figure 6 shows tentative and confirmed 
attributes for the telecom dataset D. Attributes that are 
considerably better then the tentative attributes are considered to 
be confirmed. The tentative attributes have importance 

consequently close to confirmed attributes but the algorithm not 
able to take decision with the default number of boruata algorithm 
run.  
 

 
Figure 6: tentative and confirmed attributes 

 

The graph in figure 7 shows the attribute importance structure of 
the telecommunication dataset. The graph represents the box plot 
which indicates the importance of each variable in the telecom 
dataset. The various colors in the graph represent the significance 

of the variables. Red boxplots represent minimal scores of the 
attributes.  The yellow box plot represents the average score of the 
attribute. The green boxplots corresponds to the scores of con-
firmed attributes in the given data set respectively. According to 
variable importance graph, by using wrapper method 18 attributes 
came out as critical variables among the total of 76 attributes of 
telecommunication dataset. These 18 attributes are considered to 
have huge influence on telecom churn prediction model. 

 

 
Figure 7: Box plot of attribute importance. 
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4.3. Stepwise Forward Selection 

The stepwise regression approach for telecommunication dataset 
attribute selection is considered for selected attributes. The step-
wise selection iteratively adds and removes the variable for varia-

ble selection model and finally returns the best performing model. 
There are two main approaches for stepwise regressing they are 
forward selection and back elimination. 
 

 
Figure 8: stepwise regression- forward selection 

 

The forward selection starts with single attribute from the dataset, 
iteratively adds the most significant attributes and stops if no im-
provement in the selected subset. The backward selection starts 
with all variables and iteratively removes the least significant 
attributes. The asterisk in figure 8 specifies that the particular 
variable is included in the corresponding model. It can be realized 
that the best 4-variable model consists of cust_age, 
avg_call_cnt_per_day, ser_prepaid_avg_call_cnt_per_day and 

recharge_count. 
 

 
Figure 9: BIC for telecom data attribute selection 

 
The figure 9 illustrations the BIC plot which shows the best sub-
sets for telecom data mining, the subset include cust_age, Re-
charge_amount, avg_call_cnt_per_day and 
avg_Gross_charge_per_day. The vertical axis shows the drop in 
BIC of unimportant attributes compared to important attributes. 
The plot in the graph supports multiple candidate models with the 

BIC on Y axis. Lower value of BIC is better which is depicted at 
the top of the graph. The graph has -4.7 as the lower value of BIC 
and 20 as the higher value of BiC. 

5. Conclusion 

The proposed work has focused on data mining techniques and R 
packages to perform comparative study on feature extraction of 
telecom dataset. The numbers of different features are classified 
based on the selection framework. The R tool provides unique 

feature visualization with the help of graphs. The results include 
cust_age, Recharge_amount, avg_call_cnt_per_day and 
avg_Gross_charge_per_day as the most important attributes. The 
results acquired from the attribute selection approaches can be 
further used with domain intelligence to obtain additional specific 
attributes which helps for worthy prediction. The final attributes 
selection can be used to build the social telecom network. The 
proposed framework is useful for significant attribute selection 

and to build the accurate telecom churn prediction model. 
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