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Customer churn forecasting is a challenging task recommended for churn prevention for companies
operating in various industries such as banking, telecommunications, and insurance. Forecasting
customer churn is very important for many companies because gaining potential customers usually
costs more than retaining present ones. That is why companies, analysts, and researchers are center
on analyzing the dynamics behind customer churn behaviors. In this study, we present a comparative
study for the purpose of forecasting customer churn employing publicly available datasets, namely,
IBM Watson and Call-Detailed Record (CDR). For this purpose, logistic regression, random forest,
decision tree, k-nearest neighbor, extreme gradient boosting, and naive Bayes techniques are
evaluated as machine learning approaches while artificial neural networks and convolutional neural
networks are assessed as deep learning models. Experiment results indicate that the random forest
method exhibits superior performance with 79.94% accuracy for the IBM Watson dataset and 96.34%
accuracy for the Call Detailed Report (CDR) dataset. To demonstrate the effectiveness of the
suggested framework, a comparison with the state-of-the-art studies is performed.

Convolutional neural networks

1. Introduction

Customer churn forecast plays a significant role in
determining whether existing customers will leave the
service provider [1]. Many service providers find that
keeping an existing customer is much less expensive than
finding new ones. For this reason, many companies are
making large investments in customer churn prediction
studies today. Customer churn prediction studies are carried
out in many different areas, especially in the
telecommunication and banking sectors. According to
research in the field of churn prediction, the
telecommunication industry is a sector in which customer
churn prediction is used the most with 60%. The
telecommunication sector is followed by Banking and
Finance with 9%, Combined (Telecom + Banking + Retail
etc.) with 9%, and Media with 7%. Education, Online
Games, Energy and Organization sectors are the least used
application areas in customer churn prediction studies with
arate of 1% [2]. Machine learning is a sub-field of artificial
intelligence that allows to predict the future situations and
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results by using and processing the data with the help of
various algorithms. Many studies are carried out in different
subjects such as disease detection, weather forecasting,
stock prediction, speech recognition, object recognition, and
so on by using machine learning methods. Logistic
regression, random forest, support vector machines, k-
nearest neighbour, and naive Bayes are the widely used
machine learning algorithms in many domains. Today, the
most popular subfield of the machine learning approach is
deep learning. It is possible to learn different level features
with multiple processing layers with deep learning
algorithms. The state-of-the-art in text classification, speech
recognition, visual object recognition, object detection, and
many other fields have been significantly enhanced by these
techniques [3]. Deep learning methodology has become
more popular in recent years as it exhibits higher
performance results in large datasets when compared to
conventional machine learning methods.

In this study, we present a comparative study to detect
the churn of customers using two publicly available
datasets. First, the relationship between the features in the
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datasets is analyzed using the correlation matrix. Then, the
pre-processing stage is carried out and the data is fed into
the machine learning and deep learning methods. To
demonstrate the effectiveness of the suggested model,
various machine learning and deep learning methods are
employed, and experiment results are compared with the
state-of-the-art results. These are logistic regression (LR),
k-nearest neighbor (k-NN), extreme gradient boosting

(XGBoost), artificial neural networks (ANN), and

convolutional neural networks (CNN). Extensive

experiment results show that the random forest algorithm
has the capability to detect customer churn for both datasets.
The major contributions of this study are as follows:

e A notable achievement lies in the adeptness at working
across diverse domains, showcasing versatility rather
than confining efforts to a single sector.

¢ The study emphasizes a meticulous approach to testing,
ensuring comprehensive evaluations.

e The research attains commendable results by achieving
high performance on two distinct datasets, highlighting
the method's efficacy across varied data scenarios.

This paper is organized as follows. Section 2 provides

a comprehensive review of recent churn prediction methods

in the literature. Suggested methods and used datasets are

detailed in Section 3. Experimental results and detailed
performance evaluation are given in Section 4. Finally,

Section. 5 provides the conclusion.

2. Literature Review

In this section, a brief of literature studies related to
customer churn prediction is presented. [4] design a 5-
layered ANN model to detect churn of customers utilizing
the IBM Watson dataset. Using a 5-layered ANN model,
80.03% of accuracy is achieved. [5] develop a DNN model
using the same dataset. The authors report that the usage of
the DNN model provides 80.62% of accuracy and 95.35%
of specificity. To show the efficiency of the proposed
model, experiment results are compared with RF and
XGBoost methods. Authors conclude the paper that using
DNN model for predicting customer churn exhibits higher
classification success. [6] conduct a study by employing
both machine learning and deep learning models. Artificial
Neural Networks (ANN), Decision Tree (DT), and Self-
Regulating Maps (SOM) models are evaluated. Experiment
results indicate that the proposed hybrid model by blending
SOM, and ANN methods performs better and yields 79.5%
of accuracy, 83.90% of precision, 89.40% of sensitivity, and
86.56% of F1-score.

[7] propose to analyze churn prediction using ANN
models by diversifying the number of hidden layers and
presenting the effect of hyperparameters on this task. The

authors report that the proposed ANN model with 3 hidden
layers and RMSprop optimizer configuration exhibits the
best classification success obtaining 83.09% accuracy. To
ensure a fair comparison, the performance of the proposed
model is compared with RF, k-NN, and DT methods. [8]
focuses on the hybrid model blending k-means and
XGBoost algorithms for estimating the churn of customers.
For this purpose, decision tree, logistic regression, k-means
and XGBoost machine learning models are assessed.
Experiment results show that the proposed hybrid model
achieves 81% of accuracy, 75% of precision, and 90% of
sensitivity. [9] present a comparative study to detect the
churn customers utilizing various machine learning and
deep learning methods on the Call-Detailed Record dataset.
The authors report that the inclusion of the random forest
model shows 94.66% of accuracy, 94% of precision, 83%
of sensitivity, and 88% of Fl-score. It is followed by the
CNN model with 93.07% of accuracy, 91% of precision,
79% of sensitivity, and 84% of F1-score. [10] analyze the
behaviors of customers for the aim of detecting churn
customers on IBM Watson dataset. The authors conclude
the study that logistic regression outperforms decision tree
and random forest models with 97.8% of accuracy and
97.9% of precision. It is followed by a decision tree with
78.3% of accuracy and 77.7% of precision, and a random
forest with 79.2% of accuracy and 78% of precision.

[11] center on estimating customer churn using the the
XGBoost and the logistic regression algorithms. Authors
report that utilization of XGBoost method demonstrates
superior performance with 80.05% accuracy while the
logistic regression model achieves 78.89% accuracy. [12]
focus on the customer churn prediction in the
telecommunication sector and present an efficient
framework by comparing the success of different
algorithms. Artificial neural network (ANN), decision tree,
k-nearest neighbour, Gaussian naive Bayes, and support
vector machine (SVM) models are employed. Experiment
results show ANN model performs 79% accuracy, 67%
precision, 55% recall and 60% F1-Score. Decision tree is
capable of detecting customer churn with 70% of accuracy,
49% of precision, 49% of recall, and 49% of F1-score. The
accuracy scores of the K-nearest neighbour, Gaussian Naive
Bayes and Support vector machine methods are reported as
75%, 75%, and 78%, respectively. [13] investigate different
machine learning techniques to estimate the customer of
churn. These algorithms are the k-nearest neighbour,
random forest and XGBoost. Experiment results
demonstrate that k-nearest neighbour exhibits 75.4% of
accuracy, and 49.5% of F-score. It is followed by random
forest by ensuring 77.5% of accuracy and 50.6% of F-score.
The best classification results are obtained with the usage of
XGBoost by ensuring 79.8% of accuracy, and 58.2% of F-
score. [14] focuses on only the logistic regression method
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by obtaining 80.3% of recall, 76.7% of accuracy score and
76.7% of AUC value for estimating churn customers. A
random forest classifier model is proposed in [15] using up-
sampling and the Edited Nearest Neighbors (ENN)
technique. The authors reported achieving an accuracy of
99.09%, but they did not specify their train-test procedure.

3. Materials and Methods

In this part, the suggested framework is introduced by
giving details on dataset collection, pre-processing stages,
model construction and experiment setup. After IBM
Watson and Call Detailed Report (CDR) datasets are
gathered, the relationship between features in each dataset
is examined employing a data visualization platform. In the
data visualization step, various relational graphs and
correlation matrices are constructed. After that, the data pre-
processing stage is proceeded applying standardization and
a label encoder method. While standardization is performed
on both datasets, label encoder is also employed for the
purpose of converting object values to numerical values in
the IBM Watson dataset. Next, the datasets are divided into
two separate sets training and test data. The training data is
utilized in the training of deep learning and machine
learning models while the test data is used to test the
performance of the models. The methods used in this work
are logistic regression, k-nearest neighbor, decision tree,
random forest, xgboost, naive bayes, artificial neural
networks and convolutional neural networks. To measure
the classification performance of each model, precision,
recall, accuracy, Fl-score, AUC values are assessed as
evaluation metrics. The block diagram of the suggested
method is given in Figure 1.

IBM Watson and Call Detailed Report (CDR) dataset
churn ratios are given in Figure 2, and Figure 3. Features in
the IBM Watson dataset are CustomerlD, Gender,
SeniorCitizen, Partner, Dependents, Tenure, Phone Service,

MultipleLines, InternetService, OnlineSecurity,
OnlineBackup, DeviceProtection, TechSupport,
StreamingTV, StreamingMovies, Contract, Paperless

Billing, Payment Method, Monthly Charges, Total Charges.
The features of the CDR dataset are composed of Phone
Number, Account Lenght is VMail Message, Day Mins,
Day Calls, Day Charge Eve Mins, EveCalls, Eve Charge,
Night Mins, Night Calls, Night Charge, Intl Mins, Intl Calls,
Intl Charge, CustServ Calls, Churn label.
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Figure 1. Block diagram of the proposed method
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Figure 3. Customer churn ratio of CDR dataset

3.1. Data pre-processing

In the data preprocessing stage, whether there is a
missing value or not is controlled. After that, data
standardization and normalization methods are carried out.
The relationship between the features in the datasets is
examined and feature selection is performed.

1. Standardization: The data is converted to numeric
data values in the [0,1] range using the min-max scaler.

62



Ceren AKSOY et al. / Koc. J. Sci. Eng., 8(1): (2025) 60-70

2. Feature Selection; The relationship between features
is observed by extracting correlation matrices and creating
various relational graphs. At this stage, significant features
affecting churn are observed. The feature selection step is
only applied to the IBM Watson dataset, as better
performance is achieved when the feature space is narrowed
by feature selection in the IBM Watson dataset. After
applying the feature selection procedure IBM Watson
dataset is modelled by removing Gender, PhoneService,
StreamingMovies, StreamingTV, MultipleLines,
SeniorCitizen, TotalCharges features.

3. Label Encoding: For machine learning techniques,
all input and output variables must be converted to numbers.
The categorical data is transformed into numerical values
for this purpose before moving on to the modeling stage.
Hot encoding and integer encoding are the most widely used
methods. Embedding learning, for example, can offer a
neutral ground in the development of newer techniques that
can process these two approaches [16]. Furthermore, a
typical data pre-processing step is label encoding binary
columns, which is carried out by standardizing the data. To
simplify data processing and shorten processing times for
machine learning models, data in the form of strings is
converted to binary form (0 or 1) [5]. The label encoding
task in this work is accomplished using integer coding.

3.2. Modeling for Classification

Different machine learning and deep learning methods
are employed in this study. These are Logistic Regression
(LR), Decision Tree (DT), Random Forest (RF), K-Nearest
Neighbor (KNN), Extreme Gradient Boosting (XGBoost),
Naive Bayes (NB) Artificial Neural Networks (ANN), and
Convolutional Neural Networks (CNN).

3.2.1. Logistic Regression (LR)

A common linear statistical model in the literature is
logistic regression (LR). It also falls under the category of
supervised learning, where each piece of data is assigned a
label. One or more independent variables that explain the
relationship between the dependent and independent
variables make up generalized linear models, such as
logistic regression (LR) [17].

3.2.2. Decision Tree (DT)

Decision trees (DT) are hierarchical and tree structure
models. The main aim of DT is to build a model that predicts
the value of a target variable by learning decision rules
derived from the data features. A decision tree's logical rules
are much simpler compared to a neural network’s numerical
weights. Each decision tree node helps to predict the target

by dividing possible outcomes [18]. There are additional
nodes that branch off from each of those outcomes, opening
additional possibilities. This gives it a shape resembling a
tree.

3.2.3. Random Forest (RF)

The main possible problem of using a single decision
tree is facing an overfitting problem. As a solution to this
problem Random Forest is suggested. A random forest's
fundamental idea is to build numerous decision trees on
random subsets of the initial training dataset [19].

3.2.4. K-Nearest Neigbour (KNN)

The Nearest Neighbor Classification method's
underlying idea is quite simple: data space is grouped
according to the class of their closest neighbors. The
technique is more commonly known as k-Nearest
Neighbour (k-NN) Classification because it is frequently
useful to take into account more than one neighbor. K
nearest neighbors are used to determine the class [20].

3.2.5. Extreme Gradient Boosting (XGBoost)

Extreme gradient boosting is known as XGBoost.
Gradient-boosted decision trees are implemented using XG
Boost, which is a quick and effective algorithm. It is a
supervised and ensemble learning technique that combines
trees to produce a more generalizable machine learning
model. Boost classifiers are typically built with many
different trees, averaging the results for better prediction.
[21].

3.2.6. Naive Bayes (NB)

The Naive Bayes classifier is a probabilistic method
that benefits from Bayes theorem. It makes predictions
based on the probability of an object. To simplify
computation, naive Bayes classifiers use the assumption
known as "class conditional independence,” which holds
that each feature's value affects each class in an independent
manner [22].

3.2.7. Artificial Neural Network (ANN)

ANNSs are massively parallel computing systems made
up of an enormous number of straightforward processors
connected by many connections, and they were inspired by
biological neural networks. The "organizational” principles
that are allegedly used by humans are attempted to be used
by ANN models. The nodes are viewed as "artificial
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neurons” in one type of network. Artificial neural networks
(ANNS) are what these are. A computational model of an
artificial neuron is one that was inspired by natural neurons
[23]. For ANN models, a train-test split is used in this study,
with 80% of the training dataset and 20% of the test dataset
for both datasets. Adam optimizer is employed as the ANN
model's optimizer for both datasets. The learning rate of the
Adam optimizer is 0.00015. Algorithms for gradient descent
are optimized using the Adam Optimizer (AO), a technique
for adaptive moment estimation. The AO also uses a hybrid
of the Root Mean sq\. Propagation (RMSP) and Momentum
gradient descent methods [24]. The output layer in the ANN
models built for both datasets uses the sigmoid activation
function instead of the ReLU activation function in all other
layers. The sigmoid and hyperbolic tangent activation
functions cannot be derived after a certain threshold value
during training, which causes the disappearing gradient
problem [25]. The ReLU activation function is created to
address this issue. One of the distinguishable nonlinear
activation functions is the ReLU activation function [26].
One of the most popular activation functions (AFs) in
artificial neural networks (ANNSs) is the ReLU function,
which is defined as max (0, x), where X is the input variable
[27]. One of the most well-known functions used in
feedforward neural networks is the sigmoid function, also
known as the logistic sigmoid function. This is mainly
because of its nonlinearity and the derivative's simplicity,
which requires little computational effort. The AF sigmoid
function is a bounded differentiable real function that has
positive derivatives and is defined for all real input values
[28]. The proposed ANN architecture is given in Figure 4.

3.2.8. Convolutional Neural Network (CNN)

CNN has neurons with trainable weights and biases.
Deep learning, which is another name for CNN, can have
multiple layers. Generally, more than one convolutional
layer is used in CNN. Typically, they work as a feed-
forward neural network. As a final layer [29], one or more
fully connected layers come after CNNs. The CNN
architecture of IBM Watson and Call Detailed Report
(CDR) datasets are given in Figure 5.

In the proposed CNN model Adamax is used as the
optimizer. The learning rate of the Adamax optimizer is
0.02. An upgraded version of the Adam optimizer built on
the infinite norm is available as the Adaptive Max Pooling
(AdaMax) Optimizer [30]. AdaMax has the significant
advantage of giving a more dependable solution and being
far less susceptible to hyper-parameter selection [31].
AdaGrad can be improved using the adaptive learning
strategy known as root-mean-square prop (RMSprop) [32].
It uses an “exponential moving average” rather than the

cumulative sum of squared gradients, similar to AdaGrad
[33]. Batch size and epochs are hyperparameters used in
deep learning models. Batch defines the number of samples
to run on before updating model parameters. Epochs define
how many times the algorithm will run across the entire
training dataset. In this study, the batch size is set to 50, and
the epoch is 300.

Hidden Layer

Input
Layer Qutput
Layer
Tenure
Chumn
L ]
L ]
] Not
Chumn
Tech
Support

64 32 s

Figure 4. ANN architecture

Input Layer Size:
1x13x1

Convolution Layer-1

filter:15, kernel size:2, strides:1

RelLU

Max Pooling 1D (pool size: 2)

Dropout (0.3)

Batch Normalization

Convolution Layer-2

filter:30, kernel size:2, strides:1

RelLU

Max Pooling 1D (pool size: 2)

Flatten

Sigmoid

Figure 5. CNN architecture
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4. Experimental Results

In this section, first, the datasets used in this study are
analyzed in detail. Afterward, the performance of the
suggested methods is examined and compared with the
methods in the literature.

4.1. IBM Watson Dataset Data Visualization
Results

As aresult of the data visualization of the IBM Watson
dataset, it has been observed that some features in the
dataset are quite effective in the churn. The results of data
visualization are as follows:

e As can be seen in Figure 6, as the usage/rental time
(tenure) of the Users increases, the loss rate decreases
significantly.

e Figure 7 shows that users who use fiber optic as an
Internet Service have a higher tendency to abandon
their subscribers than users who use DSL or do not have
an Internet provider.

e Ascanbe seen in Figure 8, users with monthly contracts
have the highest loss rate. For users with a 1-year
contract, this rate is much lower. For users with a 2-year
contract, the loss rate is almost non-existent.

e Figure 9 indicates that users without technical support
are more likely to churn than users with technical
support or no internet service.

e As can be seen in Figure 10, a great churn is observed
in those who made their payment via the Electronic
Check method.

e A high rate of churn has been observed among those
without Device Protection.

e The churn rate for those who do not have online
security is much higher than those with online security
and for those who do not have internet service.

e When the MonthlyCharges value is between 70-100,
the most churn is experienced.

4.1. Results and Evaluation

Suggested methods in this work are evaluated using
precision, sensitivity, F1-score, accuracy and ROC AUC
metrics. IBM Watson and Call Detailed Report (CDR)
datasets are used in the performance analysis. The
hyperparameters used in the machine-learning based
methods, ANN and CNN models of both datasets are given
in Table 1, Table 2 and Table 3, respectively. Table 4 shows
the 10-fold cross-validation performance results of the IBM
Watson dataset, and Table 5 shows the 10-fold cross-
validation performance results of the Call-Detailed Record
dataset. The values presented in these tables are outcomes

of an exhaustive analysis encompassing all hyperparameters
of suggested methods. Table 1 also shows the parameter
values that yielded the highest results throughout this
comprehensive analysis. An example of parameter analysis,
Table 6 presents a detailed parameter analysis for the
suggested Random Forest method.

Accuracy can be defined as a percentage of correct
classifications achieved by a machine learning model. This
metric is preferred for the general evaluation of methods. As
seen from Table 4 and Table 5, the suggested random forest
model has the best accuracy value. Random Forest
outperformed other methods likely due to its ensemble
nature, which combines multiple decision trees to reduce
overfitting and improve generalization. Its ability to handle
complex and non-linear patterns in the data, along with
feature randomness, allows it to effectively capture
relationships in the datasets better than the other methods.
This result also proves that machine learning methods
generally have better performance than deep learning
methods on smaller datasets. To investigate more capability
of the suggested method, such as class confusion rate, ROC
curve and confusion matrix of the Random Forest model are
examined. These analysis results are shown in Figure 11 for
IBM Watson dataset and Figure 12 for Call Detailed Report
(CDR) dataset.

1000 E Chum=Yes
B Chum=No

Customers

0 10 20

Figure 6. Tenure - Churn

2000 Chum

. No
s

1750

1500

1250
o
5 1000
g8
750
500

250

o
DsL Fiber optic No
InternetService

Figure 7. Internet Services — Churn
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Chum

Table 2. ANN model parameters

20 —_ Parameters Value
500 Layers [64,32,8,1]
*g Optimizer Adam
1000 -
Learning Rate 0.00015
500 Activation Functions Relu + Sigmoid
. Epochs 100
Manth-ta-month One year Two year T
Contract Batch Size 30
Figure 8. Contract - Churn
2000 Churm
| - o Table 3. CNN model parameters
s
1500 | Parameters Value
1250 | Layers [15,30]
g 1000 4 Optimizer Adamax
= Learning Rate 0.02
500 4
0 | Activation Functions Relu + Sigmoid
0l Epochs 300
No s No internet service -
Tech Support Batch Size 50
Figure 9. Tech Support — Churn
Table 4. Accuracy and performance results for IBM Watson
Chum dataset
1200 4 E No
s
] - L F1- ROC
1000 Models Precision | Sensitivity Score Accuracy AUC
" 800
g e oogistie 0.85 0.91 088 | 79% | 0856
egression
400 1
K-Nearest
200 Neighbor 0.83 0.88 0.86 | 77.44% | 0.801
D- - .
Electronic check Malledpiﬁt:\l:H:xEr (autBredttaard (automatic) De-l(—:;zleon 0.82 0.83 0.82 72.80% 0.657
Figure 10. Payment Method- Churn
Random o
Forest 0.84 0.92 0.88 | 79.94% | 0.863
Table 1. Machine learning based methods parameters
LR max_iter=100, solver="liblinear', penalty="12’ XGBoost 0.84 0.91 0.88 | 79.87% | 0.861
k-NN n_neighbors=>5, weights="uniform’, :
algorithm="auto", leaf_size=30, p=2 g:)'/‘g; 0.90 0.76 082 | 7543% | 0844
DT criterion="gini', splitter="best’,
max_depth:None, ANN 0.84 0.92 0.88 79.33% | 0.715
min_samples_split=2,min_samples_leaf=1,
max_features=None, random_state= None, CNN 0.86 0.86 086 | 7851% | 0.749
max_leaf_nodes= None
RF n_estimators=100, criterion="gini", Table 5. Accuracy and performance results for Call-
min_samples_split=5, max_features="sqrt’, Detailed Record (CDR) dataset
max_leaf_nodes =None, class_weight= None,
- . Models Precision | Sensitivi FI- | accuracy | ROC
random_state=None Y | score Y | AUC
XGBoost booster='gbtree’, eta= 0.3, gamma = 0, p—
. . . ogistic
max_depth = 6,min_child_weight=1, Regression 0.90 1.00 0.95 |90.00% 0.552
max_delta_step = 0, subsample=1, K-Nearest
colsample_bytree=1, seed = 0 Neighbor | %4 095 095 |9%.16% 0904
NB var_smooting = 1e-9
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Table 5. (Cont.) Accuracy and performance results for Call-
Detailed Record (CDR) dataset

Decision | 5 ¢ 0.81 086 |9486% |0.716
Tree

Random | 0.99 095 [96.34% | 0.859
Forest

XGBoost | 0.95 071 081 |9148% |0.765
Naive Bayes | 0.90 0.90 090 |8423% |0554
ANN 0.90 1.00 095 |89.55% |05
CNN 0.90 1.00 094 [8927% |05

Table 6. Parameter analysis of the suggested Random
Forest Method

Parameters Accuracy
n_estimators = 100 78.57%
n_estimators = 50 78.46%
n_estimators = 200 78.62%
n_estimators = 250 78.48%
criterion = ‘gini’ 78.57%
criterion= ‘entropy’ 78.46%
min_samples_leaf=1 78.57%
min_samples_leaf=3 79.60%
min_samples_leaf=5 79.94%
min_samples_leaf=7 79.78%
min_samples_leaf=9 79.78%
max_features = ‘sqrt’ 78.57%
max_features = ‘log2’ 78.57%
max_features = ‘auto’ 78.57%
class weight= ‘balanced’ 78.70%
class_weight= ‘balanced subsample’ 78.50%
Random Forest ROC Curve
1a
08
£
02
00 T T T T T T
00 02 04 06 08 10

False Positive Rate
(&) ROC curve
Figure 11. ROC Curve and confusion matrix for IBM
Watson Dataset of the suggested Random Forest model
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Figure 11. (Cont.) ROC Curve and confusion matrix for

IBM Watson Dataset of the suggested Random Forest
model
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Figure 12. ROC Curve and confusion matrix for Call-
Detailed Record (CDR) Dataset of the suggested Random
Forest model

The methods suggested in this study are compared
with the methods in the literature. These evaluation results
are provided in Table 7 for the IBM Watson dataset and
Table 8 for the CDR dataset. In these tables model details of
compared methods are given as well. When Table 7 is
examined, it is seen that the highest accuracy result is the
suggested random forest model. Even though [15] reported
a result of 99.09%, it is not included in Table 7 for
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comparison due to the lack of details regarding their test
procedure. There are not many methods in the literature that
can be used for comparison for the Call Detailed Report
(CDR) dataset. In Table 8, it is seen that we have presented
a more successful result by giving higher results in 4 of the
6 similar methods applied in this dataset. It also scores
higher than all recommended methods given in [11] with the
highest performance value of 96.34%.

The processing time of the suggested methods is also
analyzed. The analysis times are important as they
demonstrate the speed at which the methods generate results
on their respective platforms. Table 9 shows the processing
times of the suggested methods. These times are obtained on
a PC with a 2.80 Ghz CPU, 8 GB RAM and onboard GPU.
These results show that the suggested Random Forest
method has a good balance between performance and
processing speed.

Table 7. Comparison of the suggested method and recent
literature studies on IBM Watson dataset

Methods Model Accuracy
[17] Logistic Regression 76.70%
[23] XGBoost 79.80%
[23] Random Forest 77.50%

B 0

23 KNN 75.40%

[23] XGBoost 80.05%

[7] Random Forest 77.87%

[7] XGBoost 76.45%

[8] Decision Tree 73.41%

[14] Decision Tree 70.00%

B 0

14 KNN 75.00%

aive Bayes .00%

14 Naive B 75.00%

[14] ANN 79.00%

[8] ANN + SOM 79.53%

B 0

7 DNN 80.60%

. 0

[6] ANN 80.03%
Su?fg:sftglddnéit/r)lod Random Forest 79.94%
Sugg(e:gel?jorﬂte)t hod Random Forest 80.76%

Table 8. Comparison of the suggested method and recent
literature studies on CDR dataset

Suggested

Models [11] Methods
Naive Bayes 85.06% 84.23%
Random Forest 94.66% 96.34%
KNN 86.68% 96.16%
Decision Tree 91.96% 94.89%
Logistic Regression 77.38% 89.57%
ANN 92.44% 89.27%

Table 9. Processing times of the suggested methods (sec)

On IBM
On CDR
Models Watson Dataset
dataset
Logistic Regression 0.002 0.003
K-Nearest Neighbor 0.107 1.108
Decision Tree 0.001 0.001
Random Forest 0.027 0.202
XGBoost 0.003 0.016
Naive Bayes 0.002 0.009
ANN 0.307 1.134
CNN 0.272 1.088
4. Conclusion

There are many reasons why customers churn in the
telecommunications industry. Many factors, such as the
length of contract that customers make with the company,
the internet service method they use, or the payment
method, are effective in the churn. The purpose of this study
is to predict whether users who receive service from a
service provider will leave that service provider before they
leave. A customer churn prediction study is basically
considered a binary classification problem. By considering
the previous behaviours of the customers, it is tried to
predict the churn that may be encountered in the future.
Although both datasets belong to the same sector, factors
such as the fact that they contain information about different
features of different customers, and the total amount of data
in the datasets is different, causing the same models to give
different performance results in different datasets.
Experimental results show that the suggested random forest
method has the best results among to others. Also, the
random forest model outperformed when it is compared
with recently published methods in the literature.
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