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Abstract. In the current fast-paced world, there are a lot of changes and
developments in the telecom sector, due to which the telecom companies
find themselves in difficulties in retaining the customers who have availed
of their services. In order to solve this problem, churn prediction system is
needed to predict customer churn. So far, there are many supervised
machine learning churn prediction models that compare various machine
learning and deep learning models, select one model, and create a whole
churn prediction model. The solution proposed has various supervised
machine learning models like Support Vector Machine (SVM), Random
Forest Classifier, Decision Tree Classifier, and Logistic Regression
Classifier and combine all the models together using an ensemble method
called Voting Classifier to produce a single model that considers all the
mentioned algorithms and produces an optimum result. The above-
mentioned model will be trained by the telecom dataset containing the
records of 7043 customers, and the target field is classified into churned
and stayed. The machine learning algorithm is evaluated using various
performance metrics such as the F1 score, precision, confusion matrix,
classification report, and accuracy.As the result the churn prediction model
has shown 84% accuracy .

Keywords. Churn prediction, Dataset, Supervised Machine Learning
Techniques (SMLT), Voting Classifier,Random Forest Classifier(RF).

1 Introduction

The churn prediction model is one of the most useful tool to retain their customers in the
telecom industries [1]. There are many large scale telecom companies that are losing their
customers because of extreme competitive market and poor services that are provided to the
customers. hence , the customer leaves the services of that company and avail the services
of another company that are providing better deals to the customers . To drastically reduce
the customer churn telecom companies can use churn prediction model whose main work is
to identify those customers who are most likely to leave the services [2],[3]. After
identifying those customer who are about to leave the services , the telecom company can
approach to these customers and persuade them to not to leave the services by rectifying the
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issues they are facing or provide better deals to them. If this churn prediction system is used
by the telecom industries then they can increase their customer base an in the larger
perspective they can generate lot of revenue. These churn prediction model works by
training various machine learning models with the labelled datasets available in their
company . These models will be ready to use for prediction. The datas that are present in
the datasets are collect through various ways like using CRM or through getting feedbacks
from the customers both online and offline.

2 Methodologies

The research for this paper is done by reading various research papers available on websites
like Springer, IEEE, Researchgate and Science Direct. The research papers helped to
understand various research objectives, working of various machine learning and deep-
learning models and a criteria for inclusion and exclusion of various ideas in the survey .

2.1 Search Strategies

The literature reviews in this paper are done by reading various papers from well- reputed
journal databases that are mentioned above. These reviews are mostly from the papers that
are published in the conference, international journals and book chapters after 2017.

2.2 Requirements for Inclusion and Exclusion

Considering the following criteria, research and journal papers were selected.
* Techniques and quality of the churn prediction models in research papers.

* Papers which were published in the reputed journal mostly from the year 2017 to
2022.

To gather the large amount of information contained in the papers, the following exclusion
criteria have been used.

* papers that were published in languages other than English.

* Those papers whose abstract is only available and to read whole papers request need
to be send.

* Those papers whose end result is not according to the intended results and with no
proof of their findings.

3 Related works

There are wide variety of papers that have examined various churn prediction models that
have combined various machine learning and deep learning to somehow increase the
efficing of the churn prediction models . In one paper authors have used various machine
learning algorithm called Logistic regression(LR), Adaboost and Random forest classifier
in the model and they have even used many deep learning models called CNN and ANN in
their churn prediction model and the results that they have got is deep learning model had a
better performance and accuracy compare to machine learning algorithm [1]. Another paper
have worked on the models like Gradient boost and Random forest algorithm where they
came to a conclusion that Gradient boost classifier have performed pretty well compare to
other algorithm where it showed the accuracy of 91% [2]. In another paper the authors have
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used hybrid models which combines both classification and clustering model using diiferent
ensemble methods like stacking, bagging and voting where they got to know that gradient
boost, clustering k-means ,decision tree classifier and deep learning models combined using
ensemble methods have shown 94.30% in github datasets and 92.43 on bigml datasets [3].

In another paper the authors have used used various classification algorithms like random
forest,Logistic regression(LR), SVM and some neural network models where they found
that random forest has a better accuracy 91.73% and outperforms other algorithms in
performance metrics [4]. In another paper authors have used a unique way to create a churn
prediction models were they have used twitter hastags to judge the sentiments of the users
and find out whether the user is about to churn or not. In this they used Naive bayesian
classifier as there model to identity the potential churn customers [5]. In one paper the
researcher have used datsets from a telecom industries in malaysia where she used various
classification models like KNN, Logistic regression(LR) and Linear Discriminant
Analysis(LDA), CART, SVM and Guassian Naive bayes where they got the result that
CART has worked well in identifying the churn more accurately with an accuracy of 98%
which is extremely high so far of the research that has been on this domain [6]. In another
paper idea is pretty much the same where they have used telecom industry data in Nepal
and used XGBoost algorithm to device their churn model where they got 86.30% as the
accuracy [7]. In another paper the authors have clearly used two algorithms called Logistic
regression(LR) and Logit Boost where they found that Logit boost had outperformed
logistic regression with the accuracies of 79.40% and 75.1% [8].

4 Telecom churn prediction system

4.1 Dataset Information

The datasets that are being used in this designed model are from Kaggle and contain the
data of 7043 customers. The target field in this dataset is the customer status, which is
classified into two types: churned, stayed and joined.

4.2 Data Pre-processing Stage

In this process, the data contained in the dataset is analysed and checked to see if there are
any missing or duplicate values that need to be removed so that the model can operate at its
optimal level [4],[5]. For doing this data processing, a Python library called Pandas is used,
which contains all the features needed to manipulate the data for the machine learning
model. This process is necessary because machine learning does not work on those datasets
that have a lot of irregularities [8]. It eases the work to visually analyse the large chunk of
data using data visualisation. In this step, after dropping all those missing values, the shape
of the data is checked to know the amount of data that has been deleted from the dataset.

4.3 Data Visualization Stage

This process is very crucial to understanding the large labelled dataset in a better way,
which further helps to find the correlation between various fields. So that the feature can be
used to train the enhanced machine learning model that has been created [11]. To do this
data visualisation, various Python libraries like Matplotlib and Seaborn are used. These
libraries are used to create various graphs like bar graphs and pie charts, as shown in Fig. 1.
and Fig. 2., which are a better and easier way to extract common features that are closely
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related to the target field, which is the customer status in this case [15]. Before creating any
graph, the column name in the dataset needs to be renamed in such a way that there is no
space between the words of the column name.

Total Charges

1750 A

1500 o

1250 A

1000 4

Total Count
A
[=]

o 2000 4000 6000 8000
Total Charges

Fig. 1. Total number of customers having total charges
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Fig. 2. Total number of users have average monthly downloads.

4.4 Algorithm Implementations

Before training the model, the compatibility of dataset is ensured. The first and foremost
thing that needs to be done is to rename the column fields in such a way that if the column
name has more than one word, replace the space with an underscore before converting the
categorical data into an integer type because the machine learning models only understand
numbers [14]. The conversion is done using the label encoder, which is in the sklearn
library of Python,, convert categorical values into 0 or 1. Then the data is split so that 70%
is used for training the model and the remaining 30% is used for testing purposes to check
whether the algorithm is working perfectly or not.

After this, import various machine learning algorithms like support vector machines

(SVM), random forests (RF), decision trees (DT), and logistic regression (LR) using the
library called sklearn[17]. When the models are initialised, import the voting classifier
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using Sklearn, where it will combine all four different algorithms together, which converts
all the models into single-churn prediction models, as shown in Fig. 3. . The benefits of this
churn model using a voting classifier are that it understands the shortcoming between
various machine learning models. And produce optimum results.

Voting Classifier

Random Forest
Classifier
Logistic
Regression
Decision Tree
SVM

Fig. 3. Architechture of Telecom Churn Prediction Model

4.5 Performance Evaluation of the model

At this stage, the prediction models will be evaluated to see how well they performed after
training the created model with the Training data[8],[9]. Various performance metrics are
used to measure the working of these models, like the confusion matrix, classification
report, and accuracy.

4.5.1 Confusion matrix

The confusion matrix is one of the ways to measure the performance of the machine
learning model. Before any discussion about the confusion matrix, know about the terms
like true positive, true negative, false positive, and false negative. True positive (TP) means
that the value that the machine learning model has predicted is the same as the actual
value[10],[11]. True negative (TN) means that the model has predicted a false value that
matches the actual value. False positive (FP) means that the predicted value by the churn
model is true but the actual value is found to be false. False negative (FN) means the model
has predicted a false value that is not equal to the true actual value. The confusion matrix
actually creates a 2D array of all these values, which helped to better understand the
workings of the model , as shown in Fig. 4. .
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Fig. 4. Confusion Matrix of the Telecom Churn prediction model done

4.5.2 Classification Report

The classification report gives all the information about the machine learning classification
model that has been created. It only contains three pieces of information: precision, F1
score, accuracy, and recall, as well as other data[10].

4.56.2.1  Precision

A statistical parameter called precision is used to assess the accuracy of a classification or
predictive model [2]. Its percentage, out of all the cases the model correctly predicted as
positive, is known as the true positive rate, as shown in Table 1. To put it another way,
precision evaluates a model's ability to detect genuine positives while minimising false
positives (incorrectly predicted positive instances) [1].

Table 1. Classification report of the Churn prediction model using voting classifier

Precision Recall F1-score Support
0 0.79 0.93 0.85 1047
1 0.92 0.75 0.82 1047
accuracy 0.84 2094
Macro avg 0.85 0.84 0.84 2094
Weighted 0.85 0.84 0.84 2004
avg

4.5.2.2 F1 score

The F1-Score is a measurement that combines recall and precision. Generally speaking, it is
referred to as the harmonic mean of the two [12]. Another method of determining a
"average" of values is the harmonic mean, which is typically seen as better suited for ratios
than the conventional arithmetic mean (such as recall and precision) [10].
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4.5.2.3 Accuracy

A statistical parameter called accuracy is used to assess how well a classification algorithm
or predictive model is doing [8]. It is described as the proportion of accurate forecasts to all
of the model's predictions, as shown in Fig. 4. . In other words, accuracy assesses how
accurately a model can place examples in the appropriate categories.
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Fig. 5. Accuracy of various algorithms that has been used in the voting classifier.
4.5.2.4 Recall

It is a measure that is used to measure how many positive values the classifier was able to
predict accurately by comparing the actual positive values in the dataset [10].

4.6 Deployment Stage

In the deployment part, the created model will be converted into .pkl format, which is used
to create an interactive user interface to make the churn prediction work in real life. pkl is
created using the python library called joblib. Using the Django framework, create churn
prediction model and for further styling of the page CSS is used and for the structure of the
website HTML is used. Through this Churn prediction model is ready to be used.

5 Results and Discussion

In the churn prediction model for the telecom churn, going through various phases like data
preprocessing, data visualisation, and so on. where it was possible to build the model that
can show the optimum solution for the required inputs that needed to be entered. According
to the work done, it is found out that the voting classifier, which is an ensemble method that
combines various predictions from the machine learning models, has an accuracy of 84%,
as shown in Fig. 6.
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Fig. 6. Accuracy of various algorithms that has been used in the model.

There are others models that performed better; for instance, the random forest classifier had
an accuracy of 88%. which, if compared, is better than the model created, but if there is any
change in the datasets, then its accuracy might decrease, and the voting classifier has the
upper hand in this area where it can combine the neglected features of all these algorithms,
which were the reason for their accuracy being reduced, and has the capability to produce
the optimum solution.

To further measure the proper working of the model, various evaluations using various
well-known performance metrics that are used to measure the efficiency of the models, like
recall, accuracy, precision, F1 score, and AUC-ROC values, as shown in table 2 and table

3.
Table 2. Performance metrics of various models in the Telecom churn prediction system
Precision recall F1 score
Models
Churned Stayed Churned Stayed Churned Stayed
Voting Classifier 0.79 0.92 0.93 0.95 0.85 0.82
Logistic Regression 0.74 0.81 0.83 0.71 0.78 0.76
Random Forest 0.87 0.90 0.91 0.87 0.89 0.89
Decision Tree 0.80 0.88 0.89 0.78 0.84 0.82
Support vector
. 0.75 0.74 0.73 0.76 0.74 0.75
machine
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Table 3. ROC-AUC scores of all the models in the churn model

Models ROC_ AUC score
Voting Classifier 0.83
Logls@c 077
Regression
Random Forest 0.88
Decision Tree 0.74
Support Vector
Machine 0.83

A graph is aslo generated to show how the churn prediction models work. where marker x
is the predicted value and marker 'o' is the actual test value, as shown in Fig.7. . If both
values coincide, then the model has predicted the churn accurately, or else it has failed to
identify the customer who is about to churn from the telecom services.

10 ’ v ey " 1 e oy pey T OPTIrR g opesraeer g per p
i ' V) 1 [ 1 Pl - [ IR R BN
1 H [ b P . 1 i Pty o I A
i o R I A A 1 A R I Vo Wl i
i noh e [ [ Wogpqonof P Voo b
08 ! ioho R I [ O T oo b
1 HE TR pr b o [ T O T S L T L Voo b
| b [ oy ity n oy ] 1 1l ! I
oo R R Pl R A A (IR
1 R el [ I A R L A S R B oo ot
1 HERHE e P AR R A L [ A
08 Voo mihn o e i Lo in
1 it IRERERE [ o oo Yot gt Proatin I I [ 1l
B 1 B L RN
i AN i o o
O A R R H R IO L RREHEH
R Phathh oo i IR R I AT R .
R A O X R I | I T A B I H AR R R I R PEEE
1 I 1 1 I 1 I
R R i A R A R R R A IR
o2 P o IR | | ! [ O R A A i Lo
TR N U R I O O T T T B :w:"‘}‘.;"'f'}’:: i o
1 b I [ H ! [ ‘u‘\ [ [ [N i 1 !
i “'\l JJI[i [ 11 R [ i o ! 1
00 bradchh kb bawewd ) PR e Sy P o A S O ) bhbe 4 b b b
0 20 4 60 a0 100

Fig. 7. Plottings of the prediction value and the actual values of the model.

6 Conclusion

The procedure for designing the machine learning models starts with data preprocessing,
where all the missing values have been removed to make the data ready for the next step
called data visualisation, various graphs are created to understand the dataset in a proper
way and to extract certain features that will be used in training the churn prediction model.
The features that used in my model are tenure in months, internet service, internet type,
average monthly GB download by a user, unlimited data, payment method,monthly charge,
total extra charges for the data, and the target field called customer status, which contains
two values: churned and stayed.

After completing this process, the dataset is converted into an integer so that the data
contained in the dataset could be used to train the machine learning prediction model. After
this,the performance measure is done, where it is found out the model created has 84%
accuracy. This model is useful for predicting those customers who are about to leave the
service.
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