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Abstract—The paper presents an approach to assessing
the quality of a telecommunications company, which can be
used to predict the churn of subscribers from a telecom op-
erator. The originality of the approach lies in the use of such
mathematical methods that make it possible to determine
the main set of parameters due to which specific subscribers
are inclined to change their mobile operator. The approach
is based on data mining, namely the method of cluster
analysis, which most fully allows assessing the quality of
telecommunications companies functioning. Mathematical
modeling of predicting customer churn using methods of
association rules, decision trees and bagging has been
carried out. The parameters characterizing the interaction
of a mobile operator with end users are described. The
parameters that have the greatest influence on the client’s
decision to refuse the services of a mobile operator have
been determined.

Keywords—Telecom operator, Quality assessment, Cus-
tomer churn, Data Mining, Modeling.

I. INTRODUCTION

The billing model, in which the collection and process-
ing of data was carried out by one specialized automated
billing system that perfors only finensial calculations,
does not satisfy the needs of the telecom operator. It
is being replaced by models where a separate system
is involved in collecting, processing and preparing data.
The main reasons for the development of such a system
are:

o The market demands from the operator a variety of
offered tariff plans and service packages, quick commis-
sioning of services, and therefore carrying out various
analyzes of the accumulated data and according to various
criteria.

o Telecom operators are forced to provide services on
dissimilar equipment, which significantly complicates the
collection of statistics through a variety of accounting data
formats.

« Large telecom operators are expanding geographically to
include regional companies. This leads to a sharp increase
in heterogeneous equipment and the volume of accounting
data.

At the same time, there is a need for centralized
accounting of the provided communication services in
the conditions of operation of several different billing

systems in the regions. In the course of their develop-
ment, operators developed their own data preprocessing
systems. The complexity of the operation of such systems
lies in the need for their constant revision in connection
with the emergence of new services, new equipment, and
changes in the data formats coming from the equipment.
In this case, the operator is forced to use the resources
of a team of highly qualified programmers to constantly
improve the system. A standard situation is when the
data preprocessing is carried out by various systems at a
telecom provider company.

With the modern development of telecommunications,
systems that calculate the consumed services by users
provided on the basis of one or another telecommunica-
tions equipment have received the same development.
Such systems are usually called billing systems [1].
Their main purpose is to display the number of services
consumed by the subscriber and write off funds in
accordance with the cost per service unit. Based on
this, it is possible to give a definition: billing system
(BS) is a software complex that records the volume of
services consumed by subscribers, calculates and debits
funds, according to tariffs. In terms of relationships
with content providers, the billing system must provide
the following capabilities: firstly, it must guarantee the
transmission of information to partners about the use of
their services by specific subscribers, and secondly, bill
the end consumer for using the service (or the content
provider independently issues an invoice).

In the context of the rapid development of the commu-
nication network, replacement and addition of switching
equipment, the provision of new types of services, it
becomes expedient to switch to an industrial solution
of data preprocessing problems. Products of this class
have long been successfully used by large operators in
countries with developed communication infrastructure.
They are called Mediation systems. Mediation systems
represent the level between the network infrastructure
and OSS / BSS (Operation Support System / Business
Support System) systems. The main purpose of Media-
tion systems is to transform data received from network
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elements into information that can be interpreted by the
billing system and other business systems of the operator.
Also, such systems are called previous billing systems.

In the context of sustainable development of telecom-
munications, as well as the presence of a sufficient
number of provider companies in the telecom services
market, important tasks are to assess the quality of
telecom operators’ functioning and develop a strategy to
prevent subscriber churn. However, for this it is necessary
to increase the level of intellectualization of OSS /
BSS systems and to include in their structure tools for
processing and analyzing large volumes of accumulated
data.

II. STATE OF ART AND BACKGROUND

Currently, the usual methods of increasing the loyalty
of old customers and attracting new customers (mass
advertising, traditional marketing, low prices) do not
produce the desired positive result. That is why concepts
that allow personalized sales of goods and services are
becoming a priority all over the world.

An example is Customer Relationship Management
(CRM) — customer relationship management [2]. CRM is
not a technology or software product. This is a business
strategy based on a customer-oriented [3] approach, that
is, we can say that the main task of CRM is to increase
and improve the efficiency of business processes, directly
aimed at attracting new and retaining existing clients
[4]. CRM systems are most effective in those areas
of business where it is possible to accumulate a large
amount of useful information about each client. Here,
the CRM strategy is used primarily to combat customer
churn. In telecommunications, this term refers to the
process of enticing customers from one telecom operator
to another, or simply the outflow of customers from
the operator [5]. The annual rate of customer churn
reaches 25 — 30%. Operators who have this indicator is
maximum, will not be able to get a return on investment
in new subscribers, since it takes about three years to get
back the funds spent on replacing each lost client with
a new one, that is, it takes about three years to acquire
clients [6, 7 ].

Currently, OSS / BSS have gained active development
to support the operational and business activities of
telecom operators, with the help of full or partial au-
tomation of these activities. Operational activities include
processes that interact mainly with network equipment
and the network, such as: accounting and planning of
network resources, management and provision of ser-
vices, management of quality characteristics of services.
Business activities include customer-centric processes
such as processing and invoicing, collecting payments,
proposing new products, and much more [8].

Thus, both OSS / BSS systems and CRM systems,
although they allow to some extent process big data of

telecom operators, it is necessary to integrate them and
supplement them with methods of deeper analysis and
structuring of such data to solve the problem of assessing
the effectiveness of the telecom operator’s functioning,
and also predicting the churn of customers from the
operator.

A. Data Mining in telecommunications

Today, the Data Mining solution [4] is widely used
by telecommunications operators, network operators and
Internet providers in order to improve the processing of
unstructured large amounts of data for making better
decisions in their business. Analytics enables telecom-
munications providers to significantly improve the cost-
effectiveness of their service delivery.

Data Mining models are positioned on a dataset with
known results and are used to predict results from other
datasets. These are classification models (they describe
the rules by which the description of an object can be
attributed to one of the classes) and sequence models
(they describe functions by which it is possible to predict
the change in continuous numerical parameters).

In telecommunications, it is very important to identify
categories of customers with similar stereotypes for using
services, as a result, a pricing policy is being developed;
analysis of failures; prediction of peak loads. Telecom
systems generate an extremely large amount of data that
needs to be processed and analyzed. Thus, data mining
is becoming a very important and widely implemented
part of business processes in the systems of a telecom
operator [9].

Data Mining methods make it possible to effectively
solve the problems of structural engineering design of
innovative technical systems in telecommunications [2].
These methods have much in common with methods
for solving problems of classification, diagnostics and
pattern recognition. Nevertheless, one of their main dis-
tinguishing features is the function of interpreting the
patterns that form the basic rules for including objects
in equivalence classes. Therefore, such methods are
becoming more common today. Developing intelligent
data processing for telecommunications companies is
essential to:

o Reducing the computational complexity of big data pro-
cessing methods for the operator to provide services to a
subscriber with a given quality of service;

« Predicting the risks that may arise from the operation of
the telecommunications system;

o To be able to identify faults in the system and find out
the cause of their occurrence.

Some of the existing algorithms can be adapted to
compute large distributed information arrays. At the
same time, serious difficulties can arise in the visual
presentation of the results — due to the huge amount of
information entering the input, the number of different
reports at the output increases dramatically. For their con-
venience, new mathematical methods are needed, which
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are fundamentally different from the report generators
used for traditional storage. In this regard, it is relevant to
use just such mathematical methods that make it possible
to move from obtaining data to obtaining information,
and from it to obtaining knowledge about the process
and patterns of providing services to subscribers and,
thus, increasing the efficiency of managing this process.

ITII. THE METHOD OF CLUSTERING BIG DATA OF A
TELECOM OPERATOR

In data mining tasks, using cluster analysis, a complex
construction of data for classification is created, patterns
are identified, hypotheses are formed and tested, etc. In
addition, cluster analysis is often used to identify data
that stands out” from others, since such data correspond
to points located at a distance from any cluster. Cluster
analysis is used to compress and summarize data. A
method for clustering big data of a telecom operator is
proposed, the use of which allows assessing the quality
of functioning of telecommunication companies [10].
The method uses decision trees, association rules, and
bagging to predict customer churn from a carrier. The
method proposed in the study allows you to go through
all the stages of preparation, processing and analysis of
big data of a telecom operator. The method includes next
stages:

« Subject domain analysis.

Problem statement.
Data preparation.
Model development.
Model checking.
Model selection.
Model preparation.
Model updating.

The following systems are responsible for the first
three stages: analysis of the subject area, statement of
the problem, preparation of data: billing, OSS / BSS.
The following steps are performed by the CRM system.

All of the above stages together give a high-quality
result in solving the problem of customer churn in
the telecommunications sector. This question is very
important for doing business and determining the new
course of the company.

The first thing to do is to analyze the telecommu-
nications structure. Data that will be processed in the
future are collected from network equipment. Further, in
order to solve the problem of determining the cause of
customer churn, it is necessary to identify which factors
influence this, which data components are of the greatest
importance.

After collecting the data, they need to be structured.
To do this, the "raw” data must go through the following
steps: verification, correction, consolidation, filtration,
separation, routing, representation, distribution.

The next stage is modeling.

IV. MODELING AND PREDICTING THE CHURN OF
SUBSCRIBERS OF A TELECOM OPERATOR

The input data for the modeling were real customer
data obtained from one of the leading telecom operators
in Ukraine (Fig. 1). We will call such data “raw”. There
are spaces in the data table, which is invalid for analysis.
Gaps can introduce additional prediction errors.

o
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Figure 1. Initial modeling data.

For the correct execution of the process of analyzing
the dataset, you need to fill in the gaps that are present
in the input table. To do this, use the search function
for gaps and fill them with zeros (Fig. 2). Thus, when
simulating, we get a high probability of truthful results.
As a result, we will receive “preliminary prepared data”.

Figure 2. Pre-prepared data for modeling.

When modeling customer behavior in order to predict
subscriber churn the random forest method was used,
with the help of which the modeling is carried out. The
random forest is one example of ensemble classifiers.
The modeling was performed in the Python programming
language. In the course of the study, a sample of sub-
scribers inclined to outflow from the given probabilities
was determined (Table 1)

Table T
SUBSCRIBERS WHO ARE PRONE TO CHURN

NZ | prob_true
1977 0.9333
2696 0.9167
2708 0.9233
2924 0.9041

The work uses Data Mining methods: associative rules,
decision trees and bagging in order to increase the
efficiency of prediction by increasing the accuracy of the
probabilities of subscriber churn.

It was found that the bagging method allows you to
get more accurate results, by 7% compared to the method
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of association rules and up to 1% better than the value
of the metric of the decision tree method, the accuracy
of the results obtained is 78.84%.

Also, in the process of modeling, the problem of
identifying the factors that most affect the decision
of the subscriber to switch to the services of another
telecommunications company was solved. The modeling
revealed the following parameters that most affect the
churn of customers, they are presented in table. 2. These
parameters are:

« duration of using the services of the telecommunications
company;

o the number of days during which the subscriber does not
use the services;

« average value of all days during which the subscriber does
not use services;

« average value of all active days outgoing calls to numbers
of other mobile operators.

Table 11
IMPACT OF PARAMETERS ON THE CUSTOMER CHURN PROCESS
N< | importance labels
3 0.075648 Duration of using the services of the
2 telecommunications company
2 0.068619 The number of days during which
3 the subscriber does not use the services
2 0.060132 Average value of all days during which
1 the subscriber does not use services
2 0.055328 Average of all active days
2
1 0.045268 Outgoing calls to numbers of other
9 mobile operators

The simulation revealed the subscribers who are most
susceptible to the transition to the services of another
telecommunications company. Table 3. shows a sample
of subscribers prone to churn from a mobile operator. The
churn rate percentage is shown next to each subscriber.
It can be concluded that, based on the consideration of
these data, it is possible to influence individual users and
provide each of them with those services in which the
subscriber is most interested. This way you can prevent
customer churn.

Table III
SUBSCRIBERS WHO ARE PRONE TO CHURN

N prob _ true
13788 0.99256
13859 0.99121
17185 0.98286
11595 0.95789
10842 0.94865
CONCLUSION

A telecom operator collects large amounts of data in the
course of its work; for full processing, this data must be
structured. Large amounts of data are processed using systems:
OSS / BSS, billing, CRM. Correct storage, structuring and
analysis of this data in aggregate with high accuracy allows
predicting the behavior of the subscriber and his use of the

operator’s services, as well as the possibility of the subscriber’s
transition to another operator.

Mathematical modeling for predicting customer churn was
performed using the methods of association rules, decision
trees and bagging. Such methods allowes to get more accurate
results, by 7% compared to the method of association rules and
up to 1% better than the value of the metric of the decision tree
method, the accuracy of the results obtained is 78.84%. Also,
as a result of the study, patterns and factors were identified that
most affect the subscriber’s decision to refuse the services of
a telecom operator.

The use of data obtained in the course of research is
especially effective at the stage of concluding an agreement
with a client, which allows you to build relationships with a
client in the most beneficial way for the company.
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OneHka kayecTBa (DYHKIIMOHMPOBAHUS
TeJIEKOMYHHKAIMOHHOI KOMIIAHMH HA OCHOBE
Texnonoruu Data Mining
JI. T'no6a, P. Hosorpynckasi, A. Mopo3

B cratpe npejcTaBiieH NOAXOM K OLEHKE KauecTBa (DyHKIH-
OHMPOBaHMs TEJIEKOMYHHKAIIMOHHON KOMITAaHWM, KOTOPBI MO-
XKeT ObITh MCCIONb30BAH [JIA MPEICKa3aHsl OTTOKA aOOHEHTOB
or oneparopa cBA3d. OpUrMHAIBHOCTb NOAXOJA 3aK/0YaeTCA
B WCIOJIb30BAHMM TAKUX MAaTEMAaTHYECKUX METOZOB, KOTOPhIE
HO3BOJISIOT OINPEJEIUTh OCHOBHOH HabOp MapameTpoB, H3-3a
KOTOPBIX KOHKPETHBIE A00HEHTHI CKJIOHHBI K CMEHE MOOMJILHOTO
oneparopa. ITonxon ocHoBan Ha data mining, a IMEHHO MeETO-
Je KJIAaCTepHOTO aHalu3a, KOTOPBI B Haubosee MOIHON Mepe
MO3BOJIAET OLEHUTh Ka4eCTBO (DYHKIIMOHUPOBAHUS KOMIIAHMIA
TeJIeKOMMYHHUKALMOHHON cBs3K. [IpoBeeHo MaremaTHieckoe
MOJIEJIMPOBaHKE NPEACKA3aHUsl OTTOKA KJIMEHTOB C MOMOLIBIO
METOJOB aCCOLMATUBHBIX TIPABUJI, IEPEBbs PellleHuit u bagging.
OnucaHel TapaMeTphl, XapaKkTepU3yIolIne B3auMOJeHCTBHE OTe-
paTopa MOOMJIBHOH CBSI3M C KOHeYHbIMH aboHeHTamu. Ormpe-
JeJieHbl ITapaMeTpHl, OKa3blBalollUe HaumOosblliee BIUSAHHUE Ha
pelleHre KIMeHTa 00 OTKa3e OT YCIyT MOOMIIBHOTO ONepaTopa.
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