
A comparison of machine learning techniques for

customer churn prediction

Abstract

We present a comparative study on the most popular machine learning
methods applied to the challenging problem of customer churning prediction
in the telecommunications industry. In the first phase of our experiments,
all models were applied and evaluated using cross-validation on a popular,
public domain dataset. In the second phase, the performance improvement
offered by boosting was studied. In order to determine the most efficient
parameter combinations we performed a series of Monte Carlo simulations
for each method and for a wide range of parameters. Our results demonstrate
clear superiority of the boosted versions of the models against the plain
(non-boosted) versions. The best overall classifier was the SVM-POLY using
AdaBoost with accuracy of almost 97% and F-measure over 84%.
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1. Introduction

Customer Relationship Management (CRM) is a comprehensive strategy
for building, managing and strengthening loyal and long-lasting customer re-
lationships. It is broadly acknowledged and extensively applied to different
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fields, e.g. telecommunications, banking and insurance, retail market, etc.
One of its main objectives is customer retention. The importance of this ob-
jective is obvious, given the fact that the cost for customer acquisition is much
greater than the cost of customer retention (in some cases it is 20 times more
expensive [1]). Thus, tools to develop and apply customer retention mod-
els (churn models) are required and are essential Business Intelligence (BI)
applications. In the dynamic market environment, churning could be the re-
sult of low-level customer satisfaction, aggressive competitive strategies, new
products, regulations, etc. Churn models aim to identify early churn signals
and recognize customers with an increased likelihood to leave voluntarily.
Over the last decade there has been increasing interest for relevant studies in
areas including telecommunication industry [2, 3, 4, 5, 6, 7, 8, 9, 10], bank-
ing [1, 11, 12, 13], insurance companies [14], and gaming [15], among others.
Several, very popular in research community machine learning algorithms
have been proposed in order to tackle the churning prediction problem. Such
methods include Artificial Neural Networks [4, 5, 16, 17, 18], Decision Trees
learning [4, 5, 7, 9, 16, 17], Regression Analysis [16], Logistic Regression
[5, 9], Support Vector Machines [17], Näıve Bayes [4, 19], Sequential Pattern
Mining and Market Basket Analysis [20], Linear Discriminant Analysis [13],
and Rough Set Approach [21].

This work constitutes a comparison of five of the most widely used clas-
sification methods on the problem of customers’ churning in the telecommu-
nication sector. In particular, we compare the performance of multi-layer
Artificial Neural Networks, Decision Trees, Support Vector Machines, Näıve
Bayes classifiers, and Logistic Regression classifiers, compared to their boost-
ing versions in an attempt to further improve their performance. The moti-
vation behind our study is to evaluate the suitability of the state of the art
machine learning methods on the problem of churning. This investigation is
performed using Monte Carlo simulation at different settings of each classi-
fication method. We use the churn dataset originally from the UCI Machine
Learning Repository (converted to MLC++ format1), which is now included
in the package C50 of the R language2, in order to test the performance of
classification methods and their boosting versions. Data are artificial based
on claims similar to the real world. The dataset has been used in numerous
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publications [22, 23, 24, 25, 26, 27, 28].
The remainder of the paper is organized as follows. In Sec. 2, we give

a brief presentation of the machine learning techniques that were evaluated.
Evaluation criteria and the proposed boosting algorithm are presented in
Sec. 3 and 4. The simulation setup and results are given in Sec. 5, and in
Sec. 6 we draw our conclusions.

2. Machine Learning Techniques-Classification Methods

In the following, we briefly present five well established and popular tech-
niques used for churn prediction, taking into consideration reliability, effi-
ciency and popularity in the research community [4, 7, 9, 16, 17, 19, 29, 30].

2.1. Artificial Neural Network

Artificial Neural Networks (ANN) is a popular approach to address com-
plex problems, such as the churn prediction problem. Neural networks can
be hardware-based (neurons are represented by physical components) or
software-based (computer models), and can use a variety of topologies and
learning algorithms. One popular supervised model is the Multi-Layer Per-
ceptron trained with variations of the Back-Propagation algorithm (BPN).
BPN is a feed-forward model with supervised learning. In the case of the cus-
tomer churn problem, Au e.a. [31] have shown that neural networks achieve
better performance compared to Decision Trees. Also, experimental results
showed that ANN outperformed Logistic Regression and C5.0 for churn pre-
diction [30].

2.2. Support Vector Machines

Support Vector Machines (SVM), also known as Support Vector Net-
works, introduced by Boser, Guyon, and Vapnik [32], are supervised learning
models with associated learning algorithms that analyze data and recognize
patterns, used for classification and regression analysis. SVM is a machine
learning technique based on structural risk minimization. Kernel functions
have been employed for improving performance [4]. Research on selecting
the best kernels or combinations of kernels is still under way. In the churn
prediction problem, SVM outperform DT and sometimes ANN, depending
mainly on the type of data and data transformation that takes place among
them [29, 17].
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2.3. Decision Trees Learning

Decision Trees (DT) are tree-shaped structures representing sets of deci-
sions capable to generate classification rules for a specific data set [33], or
as Berry and Linoff noted “a structure that can be used to divide up a large
collection of records into successively smaller sets of records by applying a
sequence of simple decision rules” [34]. More descriptive names for such tree
models are Classification Trees or Regression Trees. In these tree structures,
leaves represent class labels and branches represent conjunctions of features
that lead to those class labels. DT have no great performance on captur-
ing complex and non-linear relationships between the attributes. Yet, in the
customers churn problem, the accuracy of a DT can be high, depending on
the form of the data [16].

2.4. Näıve Bayes

A Bayes classifier is a simple probabilistic classifier based on applying
Bayes’ theorem with strong (näıve) independence assumptions. A more de-
scriptive term for the underlying probability model would be independent
feature model. In simple terms, a Näıve Bayes (NB) classifier assumes that
the presence (or absence) of a particular feature of a class (i.e., customer
churn) is unrelated to the presence (or absence) of any other feature. The
NB classifier achieved good results on the churn prediction problem for the
wireless telecommunications industry [19] and it can also achieve improved
prediction rates compared to other widely used algorithms, such as DT-C4.5
[4].

2.5. Regression Analysis-Logistic Regression Analysis

Regression analysis is a statistical process for estimating the relationships
among variables. It includes many techniques for modeling and analyzing
several variables, when the focus is on the relationship between a depen-
dent variable and one or more independent variables. In terms of customer
churning, regression analysis is not widely used, and that is because linear
regression models are useful for the prediction of continuous values. On the
other hand, Logistic Regression or Logit Regression analysis (LR) is a type
of probabilistic statistical classification model. It is also used to produce a
binary prediction of a categorical variable (e.g. customer churn) which de-
pends on one or more predictor variables (e.g. customers’ features). In the
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Predicted class
Churners Non-Churners

Actual Class
Churners TP FN
Non-Churners FP TN

Table 1: Confusion matrix for classifier evaluation

churn prediction problem, LR is usually used after proper data transforma-
tion is applied on initial data, with quite good performance [9] and sometimes
performs as well as DT [7].

3. Evaluation Measures

In order to evaluate classifiers performance in churn prediction for dif-
ferent schemes with their appropriate parameters, we use the measures of
precision, recall, accuracy and F-measure, calculated from the contents of
the confusion matrix, shown in Tab. 1. True positive and false positive cases
are denoted as TP and FP, respectively, while true negative and false negative
cases are denoted as TN and FN.

Precision is the proportion of the predicted positive cases that were cor-
rect and is calculated from the equation

Precision =
TP

TP + FP
. (1)

Recall is the proportion of positive cases that were correctly identified
and is calculated from the equation

Recall =
TP

TP + FN
. (2)

Accuracy is the proportion of the total number of predictions that were
correct and is calculated from the equation

Accuracy =
TP + TN

TP + FP + TN + FN
. (3)

Precision or recall alone cannot describe the efficiency of a classifier since
good performance in one of those indices does not necessarily imply good
performance on the other. For this reason, F-measure, a popular combination
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is commonly used as a single metric for evaluating classifier performance. F-
measure is defined as the the harmonic mean of precision and recall

F −measure =
2× Precision×Recall
Precision+Recall

. (4)

A value closer to one implies that a better combined precision and recall is
achieved by the classifier [35].

4. Boosting Algorithm

The main goal of boosting is to improve classification performance through
the combination of decisions from many classification models, which are
called weak classifiers (or weak learning algorithms). Boosting has been
successfully applied to the prediction of customer churn in retail [36] and
telecommunications companies [37]. In this paper, the effectiveness of boost-
ing on a classifier will be measured by its ability to improve the respective
F-measure. The weak classifiers are used as subroutines combined together
in order to build an extremely accurate classifier in the train set. For each
weak learner r, the boosting algorithm maintains a distribution of weights
wr(i) on the training patterns i, so that each pattern can potentially have
different contribution to the final training error of the learner. Initially all
weights are set equally, but on each iteration, the weights of incorrectly clas-
sified elements are increased in order to force the weak classifier to focus on
these hard cases. These continuously changing weights are called adaptive
weights. Once the process has finished, the single classifiers obtained are
combined into a final, theoretically highly accurate classifier in the train set.
The final classifier therefore usually achieves a high degree of accuracy in the
test set [11, 38, 39, 40].

There are a lot of forms of the boosting algorithms [19, 41], but the most
popular is AdaBoost, where the weak classifiers are decision trees [42]. In
this work, we use the AdaBoost.M1 with DT and BPN as weak classifiers.

In more detail the AdaBoost.M1 is working as follows: For a training set

TSn = [(x1, y1), . . . , (xn, yn)] (5)

with labels yi ∈ Y = [1, . . . , l], a weight

wr(i) =
1

n
(6)
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is initially assigned to every observation. These weights are recomputed,
afterwards, according to weak classifier achievements. Iteratively, for r =
1, . . . , k, a weak classifier Cr(x) is trained on TSn in order to minimize the
following error

Er =
n∑

i=1

wr(i) I(Cr(xi) 6= yi), (7)

where I is the indicator function, equal to one when its argument is true,
zero otherwise. After r iterations the weights are initially updated as follows

wr+1(i) = wr(i) exp(ar I(Cr(xi) 6= yi), (8)

where

ar =
1

2
ln

(
1− er
er

)
and er =

Er∑n
i=1wi(i)

. (9)

After the initial update the weights are re-normalized. The final boosted
classifier is

Cfinal(x) = argmax
j∈Y

k∑

r=1

ar I(Cr(xi) = j). (10)

5. Cross Validation

5.1. Simulation Setup

Our main objective is to compare the most prominent classification meth-
ods on churn prediction. To that end, we implemented our simulation in two
steps using the R language. In the first step, all tested classifiers are initially
applied on the churning data. Their performance is evaluated using the
F-measure criterion, discussed in Sec. 3. In the second step, a boosting algo-
rithm is applied on the classifiers under inspection and their performance is
measured again. For cross validation of our results, we generate 100 Monte
Carlo realizations for different parameter scenarios in each classifier. The
idea of Monte Carlo is the generation of a large number of synthetic data
sets that are similar to experimental data. It is suggested to perform a test
Monte Carlo with a small (e.g. 10-100) number of iterations in order to check
the performance of the procedure. The tested classifiers were BPN, SVM,
DT, NB and LR models. We employed boosting techniques in order to im-
prove classification performance in three cases of ensemble models of BPN,
SVM and DT. Ensembles of NB or LR models models were not formed since
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these models have no free parameters to tune. Therefore, no boosting has
been applied in these cases.

Below, we give a brief presentation of the parameters of each classifier
used in the simulation. The combination of all the values of parameters for
each classifier and a size of 100 Monte Carlo realizations for each case, gives
overall 5000 cases.

5.1.1. Artificial Neural Networks

The classic Back-Propagation algorithm is chosen to train a Multilayer
Perceptron model with a single hidden layer (BPN). The number of hidden
neurons, n, varies as n = 5× i , for i = 1, 2, . . . , 9.

5.1.2. Support Vector Machines

The definition of simulation parameters for SVM varies depending on the
kernel function that is chosen. In our simulations we chose the Gaussian
Radial Basis kernel function (SMV-RBF) and the Polynomial kernel (SMV-
POLY). For the RBF kernel,

K(x, y) = exp

{−||x− y||2
2σ2

}
, (11)

σ varies as σ = 0.001, 0.01, 0.1, and the constant C, as C = 10, 20, 30, 40, 50, 100.
For the Polynomial kernel,

K(x, y) =
[
xTy + θ

]p
, (12)

• θ takes the values θ = −2,−1, 0, 1, 2, although θ = 1 is preferable as it
avoids problems with the Hessian becoming zero,

• the polynomial degree takes the values p = 2, 3, 4, 5,

• constant C = 100.

5.1.3. Decision Trees

We choose the default C5.0 algorithm for the DT classification (DT-C5.0)
the follow up version of the well-known C4.5 [43]. C5.0 algorithm supports
boosting, a method that improves the overall construction of the trees and
gives more accuracy.
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5.1.4. Näıve Bayes

In the NB model the conditional (posterior) probabilities of a categorical
class variable given independent predictor variables are computed, using the
Bayes rule.

5.1.5. Logistic Regression

In the LR model case the conditional (posterior) probabilities of a discrete-
value variable are computed, given discrete or continuous variables.

5.2. Simulation Results

To evaluate the performance of tested classifiers, we use the churn dataset
from the UCI Machine Learning Repository, which is now included in the
package C50 of the R language for statistical computing. In the correspond-
ing version of the dataset there are 19 predictors, mostly numerical (num),
plus the binary (yes/no) churn variable. In our study we do not consider the
categorical state variable, since it’s quite specific and we are interested in
a more general approach. Thus, we consider 18 predictors, plus the churn

variable, presented in Tab. 2.
The dataset contains a total of 5000 samples. In order to eliminate the

bias, a 100-fold cross validation method is used. The training and testing
data sets are randomly chosen with cross validation in a ratio of 2/3 and 1/3,
respectively, for every Monte Carlo realization.

5.2.1. Classifiers performance without boosting

For the BPN case of the ANN classifier, our simulation results showed that
the use of 20 neurons (or less) in the hidden layer, achieves better precision
and quite good recall compared to other cases (Tab. 3). Especially, in the case
of 15 hidden neurons, the average F-measure on 100 Monte Carlo realizations
is 77.48% and it has a downward trend as the size of hidden layer increases.
A similar behavior is also observed for the recall and accuracy metrics where
the largest values, 71.68% and 94.06%, respectively, are achieved for the same
number of hidden neurons.

These results are considered satisfactory, because the use of such size of
hidden neurons minimizes the risk of overfitting.

For the RBF case of the SVM classifier, the highest values for all evalua-
tion measures are found for σ = 0.01 and C ≥ 40 (Tab. 4). Especially, in the
case of C = 40, the F-measure becomes 73.16% on average, and the recall is
68.84%. The accuracy measure is 93.18% when C = 30. In the SMV-POLY
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Variable Name Type
account length (number of months active user) Num
total eve charge (total charge of evening calls) Num
area code Num
total night minutes (total minutes of night calls) Num
international plan Yes/No
total night calls (total number of night calls) Num
voice mail plan Yes/No
total night charge (total charge of night calls) Num
number vmail messages (number of voice-mail messages) Num
total intl minutes (total minutes of international calls) Num
total day minutes (total minutes of day calls) Num
total intl calls (total number of international calls) Num
total day calls (total number of day calls) Num
total intl charge (total charge of international calls) Num
total day charge (total charge of day calls) Num
number customer service calls (number of calls to customer service) Num
total eve minutes (total minutes of evening calls) Num
total eve calls (total number of evening calls) Num
churn (customer churn - target variable) Yes/No

Table 2: Variables’ names and types of the churn dataset. The variable churn is a Boolean
variable indicating the target.

Neurons Precision (%) Recall (%) Accuracy (%) F-measure (%)
5 87.41 66.29 93.89 75.40
10 85.58 67.42 93.75 75.42
15 84.31 71.68 94.06 77.48
20 82.60 71.32 93.78 76.55
25 80.26 70.33 93.25 74.97
30 78.99 69.60 93.02 74.00
35 77.05 68.56 92.68 72.56
40 78.42 68.94 92.92 73.37
45 77.53 68.86 92.75 72.94

Table 3: Precision, recall, accuracy and F-measure (estimated averages) for 100 Monte
Carlo realizations of BPN. (Highest values in bold.)
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σ C Precision (%) Recall (%) Accuracy (%) F-measure (%)
0.001 10 2.10 0.00 85.94 -
0.001 20 2.20 0.06 85.94 -
0.001 30 86.36 33.66 89.90 48.44
0.001 40 81.15 51.04 91.43 62.67
0.001 50 89.73 20.38 88.32 33.21
0.001 100 86.01 32.71 89.66 47.39
0.01 10 91.03 24.74 89.04 38.91
0.01 20 85.14 51.59 91.91 64.25
0.01 30 84.79 62.81 93.18 72.16
0.01 40 78.05 68.84 92.88 73.16
0.01 50 85.10 59.75 92.78 70.21
0.01 100 85.01 62.96 93.15 72.34
0.1 10 88.97 50.32 92.12 64.28
0.1 20 78.11 60.90 92.09 68.44
0.1 30 67.56 58.00 90.17 62.42
0.1 40 67.14 57.93 90.09 62.19
0.1 50 69.41 58.10 90.39 63.25
0.1 100 67.93 57.83 90.11 62.47

Table 4: Precision, recall, accuracy and F-measure (estimated averages) for 100 Monte
Carlo realizations of SVM-RBF. (Highest values in bold.)

case, the highest values for most evaluation measures are found for θ = 1 (re-
call, accuracy and F-measure) and for p ≥ 4 (Tab. 5). Especially, for θ = 1
and p = 4, the accuracy is 93.04% and the F-measure is 73.11% with the
corresponding value of recall at 67.17%. For p = 5, recall achieves 68.46%
with the corresponding value of F-measure at 72.41%, a value that is quite
close to the maximum F-measure of SMV-POLY case.

For the DT case, the C5.0 algorithm achieves 77.04% on average for the
F-measure and the corresponding recall and accuracy measures are 86.74%
and 94.15% respectively, the largest evaluation measures compared to other
classification methods (Tab. 6).

For the NB classifier, simulation showed that it is not as effective as
the other classification methods (F-measure is 53.31% on average). For the
LR classifier the results are quite similar with NB, where despite the high
accuracy, 87.94%, the average value of F-measure is only 14.46% (for 100
Monte Carlo iterations), due to low precision and recall (Tab. 6).

11

International Journal of Pure and Applied Mathematics Special Issue

1159



θ p Precision (%) Recall (%) Accuracy (%) F-measure (%)
-2 2 6.13 6.19 73.55 6.16
-1 2 6.23 6.29 73.57 6.26
0 2 72.89 41.45 89.57 52.84
1 2 78.37 54.70 91.49 64.43
2 2 78.38 54.72 91.50 64.45

-2 3 22.52 22.04 78.33 22.28
-1 3 21.93 21.37 78.21 21.64
0 3 88.05 47.54 91.71 61.74
1 3 83.47 62.71 93.00 71.62
2 3 83.20 62.86 92.98 71.62

-2 4 6.34 6.40 73.62 6.37
-1 4 6.72 6.75 73.75 6.74
0 4 85.68 16.40 87.84 27.53
1 4 80.21 67.17 93.04 73.11
2 4 77.60 68.39 92.77 72.71

-2 5 22.07 21.64 78.21 21.85
-1 5 20.58 20.22 77.78 20.40
0 5 99.42 2.83 86.33 5.51
1 5 76.85 68.46 92.65 72.41
2 5 69.54 67.60 91.26 68.55

Table 5: Precision, recall, accuracy and F-measure (estimated averages) for 100 Monte
Carlo realizations of SVM-POLY. (Highest values in bold.)

Classifier Precision (%) Recall (%) Accuracy (%) F-measure (%)
DT-C5.0 69.29 86.74 94.15 77.04

NB 52.54 54.10 86.94 53.31
LR 8.05 70.55 87.94 14.46

Table 6: Precision, recall, accuracy and F-measure (estimated averages) for 100 Monte
Carlo realizations of DT, NB, and LR.
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To summarize, simulation results showed that BPN, with the number of
hidden neurons of hidden layer to be less than 20, and DT-C5.0 classifiers are
the most effective for the churn prediction problem on this specific dataset,
with the SVM classifier to be very close. The performance of NB and LR
classifiers fall short compared to BPN, SVM and DT.

5.2.2. Classifiers performance with boosting

Next, we apply the AdaBoost.M1 algorithm to explore the impact of
boosting to the performance of the classifiers. Adaboost.M1 algorithm can
only be applied to BNP, SVM and DT classifiers. Boosting requires the free
model parameters to tune something that cannot be done in the case of NB
or LR classifiers (the lack of parameters implies that the application of the
classifier to the dataset several times will always give the same result).

For BPN with five internal weak learners, k = 5, accuracy is 95% and
F-measure is nearly 81%. Similar results were obtained for ten internal weak
learners, k = 10; accuracy is 94% and F-measure achieves 80.2% (Tab. 7) .

In order to apply boosting for the case of the SVM classifier we use
different parameter sets of equal length to the size of the internal weak learn-
ers. For the SVM-RBF classifier we used two sets for the parameter C,
C = 10, 20, 30, 40, 50 and C = 60, 70, 80, 90, 100. For the first set the F-
measure is 76.18%, similar to the result without the use of boosting. For the
second set, the improvement of performance is significant since accuracy is
96.05% and F-measure achieves 84.22%. For SVM-POLY classifier, tuning
of the parameter θ does not result to high performance, since the achieved
F-measure is only 40.84%. On the other hand, when the polynomial degree
parameter p is tuned, then the boosting classifiers has significant improve-
ment on its performance, since accuracy is 96.85% and the F-measure is
84.57%. The results are presented in Tab. 8.

In the DT case, the use of AdaBoost.M1 results in accuracy of 95.09%
and the F-measure obtained is 83.87% (Tab. 9).

5.3. Performance comparison - Discussion

A performance comparison of the BPN, SVM and DT classifiers for the
version with and without boosting is presented in Tab. 10. It is apparent
that the use of boosting improves significantly the classifiers’ performance,
especially the F-measure metric. The improvement of the accuracy metric is
1% in the case of the BPN, 3% for SVM-RBF, 4% for SVM-POLY, and al-
most 1% for DT. For the F-measure the improvement is substantially higher,
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Neurons Precision (%) Recall (%) Accuracy (%) F-measure (%)
BPN AdaBoost.M1, k = 5

5 87.41 66.97 93.88 75.42
10 85.20 65.68 93.48 73.75
15 84.00 78.17 95.05 80.97

BPN AdaBoost.M1, k = 10
5 87.76 67.10 93.94 75.67
10 86.81 74.49 94.24 80.18
15 84.13 70.57 93.93 76.53

Table 7: Precision, recall, accuracy and F-measure (estimated averages) for 100 Monte
Carlo realizations of BPN with boosting. (Highest values in bold.)

Parameters fitted
on weak classifier

Precision
(%)

Recall
(%)

Accuracy
(%)

F-measure
(%)

SVM-RBF C=10,20,30,40,50 93.94 64.16 94.37 76.18
AdaBoostM.1 C=60,70,80,90,100 96.19 74.99 96.05 84.22
SVM-POLY θ=-2,-1,0,1,2 99.88 25.74 89.58 40.84
AdaBoostM.1 p=1,2,3,4,5 91.72 78.45 96.85 84.57

Table 8: Precision, recall, accuracy and F-measure (estimated averages) for 100 Monte
Carlo realizations of SVM-RBF and SVM-POLY with boosting. (Highest values in bold.)

4.5% in the case of the BPN, more than 15% in the case of the SVM-RBF
and SVM-POLY, and almost 9% in the case of DT. This improvement rate
may be substantial in the case of a telecom provider where a typical database
includes, on average, millions of customers. Our experiments suggest that a)
the use of boosting can significantly improve the classification performance,
and it is therefore recommended and b) SVM compare to the other meth-
ods is the most powerful tool for tackling the problem of customers churn
prediction.

Precision (%) Recall (%) Accuracy (%) F-measure (%)
DT-C5.0 AdaBoost.M1

77.60 90.07 95.09 83.87

Table 9: Precision, recall, accuracy and F-measure (estimated averages) for 100 Monte
Carlo realizations of DT-C5.0 with boosting
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Classifier
Accuracy (%) F-measure (%)

Without Boosting Boosting Without Boosting Boosting
BPN 94.06 95.05 77.48 80.97
SVM-RBF 93.18 96.05 73.16 84.22
SVM-POLY 93.04 96.85 73.11 84.57
DT-C5.0 94.15 95.09 77.04 83.87

Table 10: Performance comparison for BPN, SVM and DT classifiers with and without
boosting.

6. Conclusion and Summary

Monte Carlo simulations were performed using five of the most popular,
state-of-the-art classification methods for the churn prediction problem of
telecom customers based on a publicly available dataset. Initially all meth-
ods were tested without the use of boosting under different settings. The
two top performing methods in terms of corresponding testing error were the
two-layer Back-Propagation Network with 15 hidden units and the Decision
Tree classifier; both methods achieved accuracy 94% and F-measure 77%,
approximately. The Support Vector Machines classifiers (RBF and POLY
kernels) obtained accuracy of about 93% and an approximate F-measure of
73%. Näıve Bayes and Logistic Regression methods fail short with approxi-
mate accuracy 86% and an F-measure of about 53% and 14%, respectively.

Subsequently, we investigated the impact of the application of boosting
to the corresponding classifiers using the AdaBoost.M1 algorithm. Näıve
Bayes and Logistic Regression classifiers cannot be boosted due to the lack
of free parameters to be tuned. Comparative results showed performance
improvement for all three remaining classifiers due to boosting. Accuracy
has been improved between 1% and 4%, while F-measure between 4.5% and
15%. Overall, the best classifier was the boosted SVM (SVM-POLY with
AdaBoost) with accuracy of almost 97% and F-measure over 84%.

This work has shed some light on the performance of popular machine
learning techniques for the churning prediction problem and supported the
advantage of the application of boosting techniques. In future work we plan
to explore additional simulation schemes for the parameters of the weak
learners for the AdaBoost.M1 algorithm, and to explore the performance of
additional boosting algorithms beyond AdaBoost. Also, to use a larger and
more detailed data set from the telecom industry in order to maximize the
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statistical significance of our results.
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