Telecom Churn Prediction Using Machine Learning
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Abstract— Customer Churn is one of the main concerns for
telecommunications which directly affects the growth and
revenues. It is important to identify the factors that increase
customer churn so that we can reduce it and build trust toward
the customers by providing better services to beat the other
brands. Being able to predict the churn of the customer is the
biggest success for the industry because based on facilities and
services, customers switch the network easily. In this research
paper, we are going to perform machine learning techniques
such as logistic regression, XG Boost, and decision trees to
predict the customer churn factors that help reduce it. Data
visualization is important for data analysis to present the data
knowledge in the form of charts and graphs. The model
performance is calculated under the research paper and justifies
that the XG Boost algorithm is better with an accuracy of 82%.

. INTRODUCTION

To make any country develop, the telecommunication
sector plays a very important role. Increasing the number of
operators and providing better technical services will also
increase the competition. Organizations are working daily to
beat the competition by using various strategies. To decrease
the customer churn in the telecom sector, we have to follow 3
strategies such as achieve new and more customers, upsell the
present customers, and improve and increase the retention
period because if we retain the existing customer then it will
be helpful to decrease churn as well as improve the value of
return on investment. Customer churn is a highly competitive
sector. The telecom churn dataset can be found on either
Kaggle or Maven Analytics public platforms. It encompasses
data of customers of telecommunications companies in
California, including details like their location, subscribed
services, account status, and demographic information. We've
utilized pandas to ingest and analyze this dataset on telecom
churn. Data cleaning and preprocessing are very important
parts of the data analysis which helps here to clean the data.
So many missing values are there so we removed it through
the Python panda’s library. Data visualization is also a very
important part of plotting the charts and presenting the
information in a better way.

To operate the services, customers remain a perfect entity
in the telecom sector. So to improve the relationship with
customers, it is important to use personalized marketing
strategies and for this, the telecom sector has to provide better
customer support and proper training to handle the clients.
Machine learning plays an important | various sectors and
telecommunication is one of the sectors to predict customer
churn. Logistic regression, XG boost, and decision tree
algorithm are selected here to predict the churn on the
categorical dataset.

Il. IMPLEMENTATION OF MACHINE LEARNING TECHNIQUES

The implementation of machine learning techniques is a very
important part of any dataset. Telecom industry is one of the
main industries for all countries.

I1l. DATASET

The telecom churn dataset is available on the Kaggle or
Maven analytics public source. This dataset contains the
information  of customers from telecommunication
organizations in California. The dataset contains customer
information such as location, services, status, and
demographic details. We have read the telecom churn dataset
using pandas.

In [53]: #reod dotoset
inport pandas as pd
inport matpletlib.pyplot as plt
inport seaborn as sns

telecon = pd.read_csv('telecon_customer_churn.csv')
telecon.head ()

Total

Payment Monthly — Tofel Tofd Exra
Method Charge Charges Refunds  Data Dis
Charges Ch:

n Number
City Code Latitude  Longitude of .
Referrals

Customer . Number of
D Gender Age Married Depencents

Frazier o Credit
Pak 03225 A52T062 -118.908073 8= Card

0 alggg:o Femdle 37 Yes 0 ®o wma 00 g

e & we ) Geusk R MRS MNEA 0. U

WKNEE v g WA EEo0

X+ . o =,
M e @t (O e T S S B L T
e n e ) M O BOW BIEE 1 gy oo om0 2
GKFF Withdrawal )

. i

TR D Cnalo GO HZE RN 3. o me A0 W0 0

5 rows x 38 columns

{ )

Figure 1: Telecom Data

We have checked the dimensions of the dataset and 7043
customer data is present.

M [54]: | #check dinension
telecon, shape

ML) (a3, )

Figure 2: Number of rows and columns



This dataset contains 38 features to define the telecom churn
dataset. The attributes are['Gender’, 'Age’, '‘Married’, 'Number
of Dependents', 'City', 'Number of Referrals', "Tenure in Mon
ths', 'Offer’, 'Phone Service', 'Avg Monthly Long Distance Ch
arges', 'Multiple Lines', 'Internet Service', 'Internet Type', 'Av
g Monthly GB Download', 'Online Security', 'Online Backup'
, 'Device Protection Plan’, ‘Premium Tech Support', 'Streamin
g TV, 'Streaming Movies', 'Streaming Music', 'Unlimited Dat
a', 'Contract', 'Paperless Billing', 'Payment Method', 'Monthly
Charge', "Total Charges', 'Total Refunds', 'Total Extra Data C
harges', "Total Long Distance Charges', 'Total Revenue', 'Cust
omer Status'].

1[84]: #dato colums

telecon. columns

IE[E4] Index([ 'Gender’, 'Age', 'Married', 'Number of Dependents', 'City’,
‘Number of Referrals', 'Tenure in Months', 'Offer', 'Phone Service',
"Avg Monthly Long Distance Charges', 'Multiple Lines’,
‘Infernet Service', 'Internet Type', "Avg Monthly 68 Download',
‘Online Security', 'Online Backup', 'Device Protection Flan',
"Premium Tech Support', 'Streaming TV', 'Streaming Movies',

telecom.info()

<class 'pandas.core.frame.DataFrame’s
RangeIndex: 7843 entries, @ to 7e42
Data columns (tetal 33 columns):

# Column Non-Null Count Diype

2 Customer ID 7843 non-null  object
1 Gender 7843 non-null  object
2 Age 7843 non-null  intes

3 Married 7843 non-null  object
4 MNumber of Dependents 7843 non-null  intes

5 City 7843 non-null  object
& Zip Code 7843 non-null  intes

7  Llatitude 7843 non-null  floates
8 Longitude 7843 non-null  floates
9  MNumber of Referrals 7843 non-null  intes

1 Tenure in Months 7243 non-null  ints4

11 offer 7843 non-null  object
12 pPhone Service 7843 non-null  object
13 Avg Monthly Long pistance charges 6361 neon-null  fleates
14 Multiple Lines 6361 non-null  object
15 Internet Service 7843 non-null  object
16 Internet Type 5517 non-null  object
17 Avg Monthly GB Download 5517 non-null  floates
18 online Security 5517 non-null  object
19 online Backup 5517 non-null  object
28 Device protection Plan 5517 non-null  object
21 Premium Tech Suppert 5517 non-null  object
22 streaming TV 5517 non-null  object
23 streaming Movies 5517 non-null  object
24 streaming Music 5517 non-null  object
25 Unlimited pata 5517 non-null  object
26 Contract 7843 ncn-null  object
27 Paperless Billing 7843 non-null  object
28 Payment Method 7843 ncn-null  object
2% Monthly Charge 7843 non-null  floates
32 Total charges 7843 non-null  floates
31 Total rRefunds 7843 non-null  floates
32 Total Extra Data Charges 7843 nen-null  inte4

33 Total Long Distance charges 7843 non-null  floates

‘Stresming Music', 'Unlimited Data', 'Confract', 'Paperless gilling',
‘paynent Method', ‘Monthly charge', 'Total Charges', 'Total Refunds’,
‘Total Extra Data Charges’, 'Total Long Distance Charges',

"Total Revenue', 'Customer Status'],

Figure 4: Telecom Data Information

dtynes"abject’) We have checked the unique values present in the dataset and

Figure 3: Column names in telecom data

[56]:
Info Function is a very useful function of Python pandas that
provides information on datasets like the count of null values
, data type of columns, and total entries.

telecom data contains multiple unique values.

#check all umigue values
for 1 in telecom.columns:
print(f"{i} ----------- {telecom[1].nunigue()}")

customer ID --------m-- 7843
Gender
[T Cp—

Married ----------- 2

Mumber of Dependents ----------- 18
ity ---eeoeee-

zip Code ---
Latitude ---
Lengitude
Number of Referrals -—---------- 12
Tenure in Months
offer -----------
Phone Service -----------
avg Monthly Long Distance charges ----------- 1583
Multiple Lines -- -

Internet Service
Internet Type ---
Avg Monthly @B Download ----------- 43
online Security ----------- 2

online Backup ----------- 2

Device Protectien Plan ----------- 2
Premium Tech Support ----------- 2
streaming TV -----------

Streaming Movies ---

Streaming Music ----

unlimited Data --
Contract -----------

Paperless Billing ----------- 2
Payment Method --
Monthly Charge
Total Charges -
Total refunds -
Total Extra Data Charges ----------- 16
Total Long Distance Charges ----------- 6068
Total Revenue ----------- 5975

rustamar Statie oooooooooao 2

Figure 5: Unique Values

The describe function is a function that provides the summar
y of the dataset. It provides the minimum, maximum, 25%, 5



0%, 75%, count, mean, and standard deviation
columns.

churn Category ----------- 5
churn Reason ----------- %

|: |#data description
telecom.describe()
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. Monthly

Humber of - " Number o Tenure in
Dependents ZpCode  Lafiude  Longitude Referrals Months _Long
Distance
Charges

of the integer

Avg
Manthly Total
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Download Charge  Charges.

count 7043000000 7043000000 7043000000 7043.000000 7043000000 7042000000 7043.000000 6351000000
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Figure 6: Data Summary

IV. DATACLEANING

Data Cleaning is the step in which we clean the raw data and
convert it into a useful format. It is necessary to clean the data
because when we collect data from any source, initially it is in
raw format and contains duplicate data, some columns contain
no data, and data can be of any type. Here we check the null
values and identify that the data contains null values.

Data Cleaning

In [68]: |#check null values
telecom. isnull().sum{)

0ut[68]: Customer ID
Gender
Age
Married
Number of Dependents
ity
Zip Code
Latitude
Lengitude
Number of Referrals
Tenure in Months
offer
Phone Service
Avg Monthly Long Distance Charges 682

Mo WD S W S W

Pultiple Lines 682
Internet Service ]
Internet Type 1526
Avg Monthly 6B Download 1526
Online Security 1526
Online Backup 1526
Device Protection Plan 1526
Premium Tech Support 1526
Streaming TV 1526
streaming Movies 1526
Streaming Music 1526
Unlimited Data 1526
Contract ]

Paperless Billing
Payment Method

Monthly Charge

Total Charges

Total Refunds

Total Extra Data Charges
Tetal Lone Distance Charees ]

Figure 7: Data Cleaning
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We have dropped the columns that contain a high amount of
missing values as well as not useful for the dataset because
when we plot the heat map in zip code, latitude, and longitude
showing very dark color coding and negative reflection that’s
why we dropped these columns from the data.

In [£3]: |#drop unwanted columns
telecom= telecom.drop(['Customer ID','Zip Code',Latitude’, Longitude’,
rChu”ﬂ Category', 'Churn Reason'],axis=1)
telecom. head( )

out[ga]:
Avp
Number  Tenure Monthly
Gender Age Maried D"”’":“" City of  in Offer SP“"."‘*’ Long ..
Epengents Referrals  Months VIS Distance
Charges
0 Femse I Yes 0 F"";"-a‘i 0 Nee Ve 423
1 Mae 48 Mo 0 Gendale 0 8 Maone ez 1088 .
Costa Offer
2 Mae B0 o 0 Mesa 0 4 £ Yes 3385 ..
3 NEe T3 Yes 0 Marinez 1 n C*ED’ Ve AR
4 Female T3 'fas 0 Camarilo 3 3 Naone ‘fas 738 .

5 rows x 32 columns

Figure 8: Drop Unwanted Columns

Now again we dropped the rows that contained
missing values and used the drop function.
In [78]: #drop missing rows
telecom.dropnal inplace=True)
In [71]: telecom.info()

¢class 'pandas.core.frame.DataFrame’s
Inte4Index: 4835 entries, @ to 7841
Data columns {tetal 32 columns):

#  Column Nen-Null Count Dtype
@ Gender 4335 nen-null  object
1 Age 4235 non-null  inted
2 Married 4335 non-null  object
3 Number of Dependents 4335 non-null  inted
4 (ity 4335 non-null  object
5 Number of Referrals 4235 nen-null  inte4
& Tenure in Months 4335 nen-null  inte4
7 Offer 4335 nen-null  object
8 Phone Service 4335 non-null  object
9 Avg Monthly Long Distance Charges 4835 non-null  floated
18 Multiple Lines 4335 nen-null  object
11 Tatarnat Camiien A0r aan anll ahinrt

Figure 9: Drop Missing Value Rows

V. DATAPREPROCESSING

Data preprocessing is a crucial step in data analysis to
transform the data. This step contains data encoding which
converts the categorical data into a numerical representation.
In this step, we apply the label encoding to transform the data.



Data Preprocessing

In [72]: from sklearn inport preprocessing
teleconl = telecom.apply(preprocessing.Labelencoder( ). fit_transform)

In [72]: telecoml.info()

¢class 'pandas.core.frame.DataFrame's
Inte4Index: 4835 enfries, @ o 7841
Data columns (total 32 columns):

#  (0lumn Non-Null Count Dtype
@ Gender 4235 nen-null  int32
1 Age 4335 non-null  inted
1 Married 4235 nen-null  int32
3 Number of Dependents 4235 non-null  inted
4 (ify 4335 non-null  ini32
5 Number of Referrals 4235 nen-null  inted
& Tenure in Months 4235 non-null  inted
7 Offer 4235 nen-null  int32
4 Phone Service 4235 nen-null  int32
9 Avg Monthly Long Distance Charges 4835 non-null  inted

18 Multiple Lines 4235 nen-null  int32
11 Internet Service 4835 non-null  int32
12 Internet Type 4335 nen-null  int32
13 Avg Monthly 6B Download 4235 nen-null  inted

—
pry

4335 non-null  int32
4235 nen-null  int32
4235 nen-null  int32
4335 non-null  ini32
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— s
e

18 Streaming TV 4235 nen-null  int32
19 Streaming Movies 4335 non-null  int32
28 Streaning Music 4835 nen-null  int3z
21 Unlimited Data 4835 nen-null  int32
22 Contract 4835 non-null  int32
13 Paperless Billing 4235 nen-null  int32
24 Payment Method 4835 non-null  int32

Figure 10: Data Preprocessing.

VI. DATAVISUALIZATION

Data visualization is a representation of data in a graphical
format. It plots the various elements such as charts, graphs,
and maps to provide patterns and make decision-making. The
main goal of implementing data visualization is to make
difficult datasets understandable and accessible for makers to
make decisions for their productivity. It plays an important
role in various fields such as healthcare, education, telecom,
e-commerce, and finance. In the telecom dataset, we perform
the data visualization and analyze the data information in a
graphical format.

This is the first graph that is histogram using the
plotly library. This graph represents the information on the
churn category and how many categories are present with how
many count values. Competitors have a high amount of
categories to perform the churn prediction.
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Figure 11: Histogram of Churn Category

This plot displays the frequency of churn reasons through a
count representation. According to the analysis, competitors
had better devices, more responsible for telecom churn.
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Figure 12: Count Plot of Column Churn Reason

This plot displays the frequency of gender through a count
representation.



In [6A]: |#count plot of gender
sns.countplot(x -'Gender', data - telecom)
plt. show()
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Figure 13: Count Plot of Gender

This plot displays the frequency of customer status through a
count representation.

In [61]: #count plot of customer status
sns.countplot(x ='Customer Status', data - telecom)
plt.show()
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Figure 14: Count Plot of Column Customer Status

This plot displays the frequency of offers through a count plot.

In [62]: |#count plot of offer
sns.countplot(x ='0ffer’, data = telecom)
plt.show()
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Figure 15: Count Plot of Column Offer

This plot displays the frequency of payment methods through
a count representation.

53]+ |#count plot of payment method
sns.countplot(x ='Payment Method', data - telecom)
plt.shou()
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Figure 16: Count Plot of Column Payment Method

This plot displays the frequency of internet types through a
count representation.
In [e4]: |#count plot of internet type

sns.countplot(x ="Internet Type', data = telecom)
plt.show()
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Figure 17: Count Plot of Column Internet Type

This plot displays the frequency of internet services through
count representation.
In [85]: |#count plot of internet services

sns.countploti{x ="Internet Service', data - telecom)
plt.show()

Internet Service

Figure 18: Count Plot of Column Internet Services

This plot displays the frequency of marital status through a
count representation.



'n [66]: sns.countplot(x ="Married', data = telecom)
plt.show(}
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Figure 19: Count Plot of Column Married

We have plotted the heat map to show the correlation matrix
of all features. According to the graph, we understand which
features are highly relatable to each other and useful for
further analysis and which attributes are less relatable and not
useful for the machine learning models.
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Figure 20: Heat Map
VIlI. MODELS

Model Evaluation is a part where we apply machine learning
models such as logistic regression, XG boost, and decision
tree and compare the performance score. This dataset is a type
of multi-classification. We take the Customer status as a
dependent variable and others as independent variables. We
have split the data into training and test parts. We define the
test size as 20%.

VIII. LOGISTIC REGRESSION

Logistic regression is a supervised model with is worked with
binary as well as multi-classification. In this dataset, we

applied this model because of multi-classification. This model
is famous for providing better accurate results and being
computationally efficient. Logistic regression helps to predict
results which is helpful for telecom companies to identify the
key drivers that are contributing to telecom churn. Using this
also they can continuously monitor the customer churn risk
and timely take actions against them.

Logistic Regression

In [77]: from sklearn.linear_model import LogisticRegression
classifier-LogisticRegression()
classifier.fit(x_train,y_train)

C:\Users\SR\anaconda3\lib\site-packages\sklearn\linear_model\_logistic.py:762:
Convergencelarning:

Ibfgs failed to converge (status=1):
STOP: TOTAL NO. of ITERATIONS REACHED LIMIT.

Increase the number of iterations (max_iter) or scale the data as shown in:
https: //scikit-learn.org/stable/modules/preprocessing. himl

Please also refer to the documentation for alternative solver options:
https://scikit-learn.org/stable/modules/linear_model.html#logistic-regressi

on

0ut[77]: LogisticRegression()
In [78]: predl - classifier.predict(x_test)

In [79]: from sklearn.metrics import accuracy_score,classification_repert
score=accuracy_scorefpredl,y test)
print(score)

@.734229576088273
Figure 21: Logistic Regression

IX. XGBOOST

XG Boost is a supervised learning algorithm that is a part of
the gradient boosting algorithm. Its main aim is to combine
multiple weak learners and provide a strong learner with more
accurate results. Its objective function is loss and entropy here
because of the classification factor. It uses a learning rate to
scale each tree for better prediction.

XG Boost

n [8@]: import xghoost as xgb
model = xgb.XaBClassifier()
model.fit(x_train, y_train)
pred? = model.predict(x_test)

C:\Users\Sk\anaconda3\1ib\site-packages'xgboost\sklearn.py:1224: Userliarning:

The use of label encoder in XGBClassifier is deprecated and will be removed in
a future release. To remove this warning, do the following: 1) Pass option use_
label_encoder=False when censtructing XGBClassifier object; and 2) Encode your
labels (y) as integers starting with e, i.e. e, 1, 2, ..., [num_class - 1].

[28:58:12] WARNING: C:/Users/Administrator/workspace/xgboost-wingd release _1.5.
1fsrc/learner.cci1115: Starting in XGBoost 1.3.8, the default evaluation metric
used with the objective 'multi:scftprob’ was changed from ‘merror' to 'mloglos
5", Explicitly set eval_metric if you'd like to restore the old behavior.

n [81]: from sklearn.metrics import accuracy_score,classification report
scorel=accuracy_score(pred2,y_test)
print(scorel)

©,8221302998965874

Figure 22: XG Boost



X. DECISION TREE

A decision tree isalso a supervised learning algorithm. It took
the whole dataset as a starting point and then selected the best
features to divide the dataset. It judges the accuracy score by
checking the Gini impurity, information gain, and entropy.
This model is very easy and useful. It tends to handle
numerical and categorical datasets. It tends to perform the
feature selection as well. But if we make small changes in the
tree then it will directly affect the complete tree.

Xl. CONCLUSION

To keep the customer satisfied is very important to make
the telecom business successful because it depends on the
services we are providing in telecommunication. In this
research analysis, telecom churn data is collected from Kaggle
which is a customer data of California. Python language is used
to predict customer churn in the telecom industry. Data
Visualization is also performed to plot the charts to understand
the relationship in variables and understand its variation. Some
machine learning techniques such as logistic regression, XG
boost, and decision algorithms are implemented on the data.
The accuracy score of logistic regression is 73%. The accuracy
score of the xg boost is 82%. The accuracy score of the
decision tree is 74%. According to the result analysis, XG
boost performs better to predict better telecom churn results
and helps to improve the growth of telecommunication.

XlIl. FUTURE SCOPE

The future scope of telecom churn prediction is to use
social network analysis for better accurate results. We can also
use the hyperparameters in the future at the time of model
building and use the randomized search CV or optimization
techniques. Continuing refinement of hyperparameters helps to
improve the performance and increase the decision-making
process. The telecom churn system may be complex in the
future for precise recommendations. For this, we can use deep
learning techniques to calculate the estimate of survival
likelihood.
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