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The telecommunication industry is in the strongest competition ever, as
this sector gets disrupted by new arising competitors with high technical
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Introduction

Telecommunication is a communication over
distance by cable, telephone, telegraph or broadcast
among others, but traditionally it refers to telephone
services. Telecommunication also can be known as
a transmission of information in order to provide
communication between multiple parties.

Nowadays, Telecommunication advances are
concurred with the growth of communication
technology and mobile devices. The users can stay
connected on a global scale by just having good
telecommunication services.

Telecommunication, especially via mobile
devices, has become a part of everyone's life, not
only for making calls and messaging via text
messages and multimedia, but also for connecting
to the Internet, which increased the demand for
mobile phone services continuously. The use of
these technologies may cause the user to be
unsatisfied with the provided service if it does not
meet his/her needs, and therefore the dissatisfied
customer will be inclined to switch the service
provider to a better telecom operator service. [1]

[2] Showed that organizations are becoming
more customer-centric and focusing on retaining
existing customers rather than acquiring new ones,
since the costs of attracting a new customer is
higher than retaining an existing one. [1] also
concluded that it is more profitable retaining old
customers who are more likely to repurchase or

reuse company’s products or services and
recommend them to others.
Promotion schemes advertised to attract

customers or make them switch to a new service
provider by targeting their expectations made
customer satisfaction a main pillar in these
schemes, especially when there are many
competitors [2]. The competition and advancement
in information communication technology exert a
lot of pressure on Telecommunication companies to
be customer-centric and provide continuous service
improvement as a way to ensure customer
satisfaction. [3].

In summary, the need to understand the factors
leading to customer satisfaction has become an
important research task not only to researchers but
also to company executives. [3]

Therefore, the main objective this research
focuses on is to study and understand the needs of
the Syrian telecom operator Syriatel’s customers, to
identify the factors that may affect their satisfaction
with the various services Syriatel provides, and to
investigate the factors that can become the customer
satisfaction index in the Syrian telecom industry.

1. Research objectives

Understanding  customers in depth and
distinguishing  their  behavior patterns and
preferences is a great wealth that

telecommunications companies aim to reach, and is
an essential pillar in obtaining customer satisfaction
and loyalty. This knowledge enables companies to
provide what customers need or prefer without
explicitly asking for it. It also enables to identify
weakness points in customers’ experience in order
to fix it and provide them with services that fulfill
all their needs.

The objective of this research is to:

e study and analyze the methods used to measure
customer satisfaction within telecommunications
sector.

¢ study and analyze customers’ behavior and their
experiences in the Syrian telecom company,
Syriatel.

o develop a framework for modeling and
processing different customer data to obtain
value-added knowledge that contributes to
determining which factors have the biggest
impact on customer satisfaction.

Most studies determining customer satisfaction
by relying on satisfaction characteristics are based
on the opinions of customers directly (via
questionnaires or phone calls), or by analyzing
submitted complaints, or provided quality of
service.

This paper aims to predict customer satisfaction
by relying on the quality of services provided to
each customer in a comprehensive way, by covering
and measuring all the indicators that may affect
his/her satisfactory level during each interaction,
whether activating an offer or service, recharging,
payment, service center call or visit, and network
indicators when customer made a call or establish
an internet session. Customer demography was also
extracted (age group, geographic location, gender,
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etc.) to take into account the individuality of the
experience for each customer, for more accurate
customer experience measurement. This research
results can contribute in taking both business and
technical decisions in easier and more accurate way.

2. Related works

Previous researches in various fields such as
marketing, communications and data science gave
great importance to the analysis and measurement
of customer satisfaction. Satisfaction can be defined
as the features or characteristics that can satisfy the
need or desire of the consumer in a better way than
the competitors. The aim of these researches was to
measure participants' satisfaction and to identify the
factors influencing customer satisfaction the most.

2.1 Studies based on subjective methods

Traditional studies measure satisfaction degree
by asking the customer directly through
questionnaires or via direct contact (subjective
way). Study [4] identified six main hypotheses
responsible for customer satisfaction in the
telecommunications sector, which are shown in
Figure 1.

_O,,
"

Figure (1) Customer Satisfaction Indicators

A structured questionnaire was distributed
randomly to a sample of students. To analyze the
results, the statistical study relied on descriptive
statistics, correlation analysis and regression. The
result of this study was that all the mentioned
factors have a significant impact on customer
satisfaction and that price fairness and coverage are
the main factors that contribute to customer
satisfaction among university students. In a similar
study conducted in India [5], the SERVQUAL
model used to measure service quality, and
customer satisfaction was adopted according to the
following dimensions (Reliability, Assurance,

Tangibility, Empathy, Responsiveness, and
Network), the overall perception of service quality
was evaluated using a questionnaire asking about
the general opinion of the user about the quality of
service. The results of the study indicated that
service quality is affected by all six dimensions, but
network quality is the most important in subscriber
satisfaction, followed by Responsiveness.

The concept of customer satisfaction is closely
related to customer loyalty and keeping them loyal
in the long run. Therefore, in some studies,
customer satisfaction with services has been studied
as an indicator to determine customer loyalty. [6]
showed that sales promotion is not related to
customer loyalty, While the quality of
communication, coverage, and customer service
centers have a direct impact. In addition to the low
price and value-added services.

The subjective method (survey, interview, etc.)
is the most common and reliable method for
analyzing customer satisfaction. However, it is
expensive, time-consuming, lacks real-time
redundancy and may not capture the technical
aspect of telecom network service performance in
the telecom industry. Indeed, the subjective method
can provide a clear picture of customer satisfaction
levels and the factors that led to satisfaction in the
past few weeks or months, but studying the results
takes a long time, and customer preferences change
rapidly, which makes this as one of the biggest
disadvantages of subjective methods in assessing
customer satisfaction. [7]

3.2 Studies based on social media

Social media studies were adopted after the
development of social media applications to support
customer satisfaction. Many researches relied on
social data to analyze and support customer
satisfaction instead of traditional means. [8]
measured customer satisfaction for Saudi telecom
companies using sentiment analysis based on a set
of 20,000 Arabic tweets. machine learning approach
using support vector machine (SVM) was tested,
with two deep learning approaches: long short-term
memory (LSTM) and gated recurrent unit (GRU).
As a result of this research, the extent of customer
satisfaction with telecom companies in the
Kingdom of Saudi Arabia was determined. The
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study also showed that the best methodology for
measuring satisfaction based on Arabic tweets is
(binary-GRU) with the attention technique, where
the accuracy of the model reached 95.16%. In a
similar study [9] based on customer sentiment
analysis, the comments of  Jordanian
telecommunications companies’ customers on the
social networking site Facebook were analyzed,
where 14,332 comments were processed and
categorized as positive or negative. In this study,
KNN (K Nearest Neighbor), SVM (Support Vector
Machine), NB (Naive Base), and DT (Decision
Tree) classifiers were relied upon, and the result of
this study showed that the SVM classifier
outperformed the other three classifiers with an
accuracy of 95%.

Customers’ comments may include their
preferences and opinions about the service (or their
complaints about a particular aspect of it), which
helps to assess the extent of customer satisfaction
and show potential for service improvement [10].
However, there are some drawbacks in adopting
this method due to the disorganization of comments
compared to the directed questionnaire.
Furthermore, analyzing customers’ satisfaction
using their comments may be biased as they are
usually emotional or in a negative mood, and most
of these comments are colloquial and linguistically
uncertain, which leads to semantic ambiguity [11].
The characteristics of strong emotionality and
professional weakness in customer comments are
the biggest obstacle to the accuracy of satisfaction
models shown based on this method.

3.3 Studies based on quality-of-service

Since service quality is one of the most
important factors influencing customer satisfaction,
many researchers used service quality as a proxy to
customer satisfaction. The term Quality of Service
(QoS) has been defined in largely different
applications in different ways, but most definitions
refer to end-user satisfaction, expectations, or
fulfillment of requirements. Monitoring the quality
of service for any telecom network requires
continuous operations that measure the values of
Key Performance Indicator (KPI) parameters in real
time and analyze the measured empirical data of
KPIs that determine the quality of service provided

to subscribers. In the study [12], Call Setup Success
Ratio (CSSR), Call Drop Ratio (CSR), and Traffic
Channel Congestion Ratio (TCH) were measured,
and performance was evaluated based on the
threshold values for these parameters that were
specified by the vendor. In a similar study [13], the
Answer Seizure Ratio (ASR) was measured, which
represents the probability that a call experience will
lead to resonance, the Answer Bid Ratio (ABR) is
the ratio of answered calls to contact attempts, the
ratio of unsuccessful calls (UCR), Network
Efficiency Ratio (NER), Call Setup Time (CST),
Average Length of Call (ALOC). The results were
analyzed and compared with the target values in
order to diagnose and fix network problems and
thus increase the quality of service provided. Some
studies have evaluated service quality based on
analysis of data stored in Call Detail Record (CDR).
Every time a call is made, a detailed log is
generated. As the detailed records are the tickets
whose data provides information related to the
relevant system elements, such as the time and
duration of the call, types and phone numbers, as in
[14] an algorithm was shown to monitor the quality
of service, and to detect the occurrence of
malfunctions based on these records, once a call is
made, the behavior is analyzed for every element in
the communication network, which helps reduce
complaints resulting from poor service, and
increase the quality of service for customers and
thus increase their satisfaction.

Those previous studies focused on evaluating
the technical aspect of the quality of the network
provided by telecom companies through the
parameters of Quality of Service (QoS), where
these parameters are measured on network nodes in
order to evaluate and improve them to provide a
service that meets the needs of customers. But
despite this, what matters to customers is the
subjective and non-technical experience of the
service, as the quality of service does not
necessarily indicate the quality of the experience
and therefore does not indicate customer
satisfaction.

3.4 Studies based on customer care

Proceeding from the fact that customer service is
one of the methods of direct communication with
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users, many studies [15], [16], [17], [18], and [19]
have studied the predictability of customer
satisfaction based on incoming phone calls in call
centers or the ongoing conversations between
subscribers and agents on the company's
communication websites.

In the study [16], in order to build a model to
assess satisfaction, chat conversations were
extracted from Orange customer service call center
records for a period of one month. Net Promoter
Score  (NPS) model of CRM (Customer
Relationship Management) is used, where at the end
of the conversation customers have the option to
answer the question: “Given your connection to our
company, how likely are you to recommend us to
your friends or family?” the customer is asked to
provide an answer on a scale from 0 to 10. These
ratings are then grouped into 3 categories:
detractors (0 to 6), negatives (7 or 8), and promoters
(9 or 10). Several models were trained and tested
with the aim of studying the possibility of
predicting NPS value directly from chat logs
without the need for direct customer contact, such
as linear support vector machine (SVM),
convolutional neural network (CNN), and Recurrent
neural networks (RNN). where the best accuracy
reached was 57.5%.

In the study [17] a machine learning-based
system was designed and implemented to
automatically predict customer satisfaction after
incoming phone calls to a US insurance company's
call center. After the call ended, a transcript of the
call was automatically generated by the speech-to-
text system, and to monitor customer satisfaction,
they asked customers to take a survey with four
topics measured by the questionnaire, the scores
ranged from 1 to 10 and the average of the four
scores was calculated as Representative Satisfaction
Index (RSI). In addition to these data, metadata for
calls duration, waiting time, customer information,
and policy information were used. To evaluate the
results of the proposed approach in predicting the
RSI, it was compared with the results of three
different linear and non-linear regression methods
(Ridge regression, Lasso regression, and random
forest regression), and the SVM Linear Support
Vector Machine classification method.

In the study [18], customer service data from a
British telecom company was used to assess
customer satisfaction for each incoming call. This
data contained traditional call information
(customer profile, error/complaint details, and
service type), in addition to NPS customer
assessment value (0 Not Completely Satisfied to 10
Fully Satisfied), as well as two types of UGCs
(User-Generated content) on the call, CC Customer
Comment and AN Agent Note. The AN agent's note
is given by the call center employee who handled
the call, who briefly summarizes the call and
records the main technical comments about
errors/complaints, while the customer leaves a CC
comment through which his opinion of the call.
This study proposed a machine learning-based
approach (CAMP) to perform CC and AN matching
analysis in order to predict the value of NPS. In this
approach first, the Convolutional Latent Semantic
Model (CLSM) was used to extract the latent
aspects in order to assign a pair of CC and AN to
two indicative latent vectors of the acquired
dimension space and calculate the distance between
them with the aim of determining the matching ratio
between client and agent comments. Then the
characteristics were extracted and CC sentiment
was calculated using Bayesian classifier. Hence,
based on both the feelings of CC and ratio of
matches between the CC and the AN, a prediction
model was built to estimate the value of NPS with
55% prediction accuracy.

studies based on service evaluation after the call
ends face many challenges, with only a small
percentage of customers communicate with service
centers and fill out surveys, which may cause bias
in the studied sample, and make it difficult to cover
the opinions of different segments. Also, the data
extracted from the conversations will contain weak
objective evidence about these subjective opinions,
and may not cover all factors influencing customer
satisfaction.

Nearly 42% of customers prefer chat
conversations with customer service rather than
calling, so some studies have focused on improving
the conversation with chatbot if the chat support is
automated, or with agent if the chat support in
person. In the study [19], customer satisfaction with
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a customer support conversation was measured
using SVM machine learning technology, based on
a set of data that represents the customer's feelings
and personality extracted from his conversation.

studies of customer satisfaction measurement
based on agent conversations are challenging
because it requires the conversation between agent
and customer to be long enough to extract the
customer evaluation through it.

3.5 Studies based on QoE

The International Telecommunication Union
(ITU) defines Quality of Experience (QoE) as: “the
general acceptance of an application or service, as
personally perceived by the end user”. [20]. The
importance of measuring the quality of experience
was documented in a survey of clients of 362
companies, where only 8% of the clients of these
companies describe their experience as superior,
while 80% of the companies surveyed believe that
the provided experience to clients is a superior
experience [21] that what called the service delivery
gap. Several recent studies in various fields have
relied on QoE to measure customer satisfaction. In
telecommunications, QoE is a measure of customer
satisfaction with a service or services that they have
tested with a service provider, which can be a
measurement of the quality of a specific service or
all services. A survey of telecom operators showed
that proactive customer experience management is
the biggest opportunity for data analytics
applications [22].

QoE differs from the traditional QoS metric that
measures the quality of network layer services as
seen in previous studies. When measuring the
quality of the experience, it is the personal customer
experience that matters. QoS primarily focuses on
what happens within network parameters (such as
latency, throughput, packet loss, and delay), while
QoE focuses on why customers behave in a
particular way. A problem with QoS parameters can
lead to a QOE problem such as excessive waiting
time. Based on this relationship between service
guality and experience quality, customer
satisfaction can be inferred by finding a relationship
between network parameters during the service
session, and the customer’s opinion of the quality of
the provided session. It also enables the

identification of how changes in QoS parameters
can affect customer experience as well as the
impact of both quality of service and customer
experience on customer satisfaction. Therefore, in
the study [23], a method was proposed to study the
relationship between service quality and quality of
experience for mobile Internet in order to measure
the correlation between them while measuring
service quality and estimating the quality of
customer experience. Used QoS parameters consist
of delay, information loss, availability, and data
throughput. While QOoE parameters consist of
network response time, waiting time, and response
time for customer complaints.

In a similar study [24], an approach to building a
QoE model was proposed by establishing a
guantitative relationship between a set of KPIs and
an objective measure (such as duration of voice
calls or video playback). The same approach has
been followed in other studies, duration of the call
for service calls [25], and the percentage of playing
videos for the Internet service [26], based on the
assumption that the length of the call indicates the
clarity of the voice, the absence of interference and
interruptions, and thus indicates on the customer's
enjoyment of good communication service.

Since the most accurate method for assessing
perceived quality is self-assessment, as there is no
better indicator of quality than that provided by the
customer, some studies have combined the
subjective and objective method, as in [27] the
discrepancy between the quality of multimedia
streams transmitted on the SDN network and the
assessment of this quality for users. This variance
was measured between the subjective MOS scale
expressed by 20 users who viewed the video, and
three objective measures, the Video Quality Metric
(VQM), the Structural Similarity Index Measure
(SSIM), and the blocking effect. To measure the
discrepancy between these subjective and objective
measures, supervised learning algorithms were
used.

In Summary, machine learning techniques were
not applied in order to classify overall
satisfied/dissatisfied customers or to identify the
most critical indicators based on continuously
created objective data in telecom systems. Current
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research within the area of artificial intelligence and
machine learning is focusing on network data in
order to improve quality of service. between the
limitations of determining customer satisfaction
using subjective questionnaires and the overall
customer satisfaction as a fundamental management
target in the telecom industry, there is an unmet
need for a system to classify satisfied/dissatisfied
customers from objective technical data. Large
amount of data that is produced every day by the
various telecom systems which can be used to
achieve this goal. Such an approach has not been
presented so far as the literature review expressed.

3. Proposed Model

After reviewing the methods and techniques for
analyzing and measuring customer satisfaction in
previous studies, we proposed a model for
predicting customers’ satisfaction for the Syrian
telecom operator Syriatel based on the quality of the
experience perceived by customers through their
interactions with the various operator services.

Unlike previous studies that measured
satisfaction based on social media comments,
network quality parameters, or analyzing incoming
calls to call centers, the proposed model relies on
the objective factors extracted from telecom
systems that are affecting customer satisfaction in a
comprehensive way. This is done by measuring
customer experience in an objectively through all
customer interactions (request to activate a service,
activate offers, call the call center, visit the service
center), and projecting a set of network
performance indicators on every customer call or
internet session, with the aim of determining the
factors that affect customers’ experience. The
methodology also  determines each factor
satisfactory threshold. the proposed methodology
overcome the main drawbacks of all previous
illustrated methods by capturing the technical
aspects behind satisfaction.

We studied customer’s experience based on
three dimensions as following:

-Human dimension: due to the variation between
the customer’s perspectives and their requirements,
we did not rely only on demographic features (age
group, gender, line type, line age, location, etc.), but
we also extracted a set of behavioral characteristics

to illustrate the variation between different

customers (average days in which the user makes a

call within the network or to other networks,

average days in which the user receives calls from
within the network or from other networks, average
days of internet consumption, etc.).

- Service dimension: to measure the quality of
the subscriber's experience within the various
services such as customer service, whether visiting
the service point or calling the service center,
activating offers, recharging, payment, internet
session, making calls, and others.

- Context dimension: features were measured at
the time and place in which the service was
requested by the subscriber.

While measuring the quality of service based on
objectively good network performance indicators
does not reflect the users' subjective perception of
the quality of service they experienced. NPS index
was relied upon as a criterion for measuring the
satisfaction of subscribers, where a text message
(SMS) was sent to sample of subscribers to
determine their satisfactory level with the services
provided by the operator with a value ranging
between 1 and 10. Different customer segments will
show different behavior and different perception on
the services they received. Therefore, a sample of
10,000 subscribers was selected, taking into account
the different segments of subscribers. The random
selection of the sample to take into account the
normal distribution led to the loss of some segments
due to the small number of users belonging to those
segments (such as post-paid lines for females under
18 years old in the northern region).

Therefore, the following characteristics and
limits were relied upon in order to divide the
participants into approximately equal sub-slices (80
different segments) from the selected sample:

e Subscriber location: the southern region, the
northern region, the coastal region, and the
central region.

e Subscriber age: where the participants were
divided into 5 age groups as follows: younger
than 18, between 18 and 24, between 25 and 35,
between 36 and 50, and older than 50.

e Subscriber gender: male or female.

e Subscriber line type: prepaid or postpaid.
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We trained and tested the model using seven
machine learning algorithms based on subscribers'
satisfaction values (NPS values) and a set of
network and telecom systems objective features, the
most influential features were identified to predict
NPS value, in order to be able to predict customer
satisfaction based on interactions. Figure 2 shows
the followed steps within the study.

4. Methodology

This section describes the materials and methods
to classify customer satisfaction/dissatisfaction and
to identify indicators for customer satisfaction.
First, necessary data sources are described. Second,
data preprocessing is presented. Third, the
experimental study to prepare and model the data is
explained.

5.1. Data Sources

5.1.1. Customer Relationship Management
(CRM)

Through CRM system, contracts information for
customers was obtained, such as gender, age, line
age, line type, and others.

5.1.2. Unstructured Supplemental
Data (USSD)

USSD protocol is used in GSM mobile phones
to communicate with the service provider. It can be
used to check balance, browse services available on
the content menu, or subscribe to a specific service.
In this study, this data was relied on to determine
the times that the subscriber requested to activate a
service through USSD, in order to integrate this
data with the data of the services activated in the

Service
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OCS system to determine the actual time it took to
activate a service for a specific subscriber.

5.1.3. Online Charging System (OCS)

OCS is used to allow the service provider to
charge the user for services in real time. As it deals
with the subscribers’ account balance. CDR (Call
Detailed Record) is OCS’s main component. For
every event or communication made by the
customer (making a call, sending a text message, or
connecting to internet), events are captured and
stored in files, which called CDR. In this study, we
used CDR data to determine the used cells by the
subscriber to make a call or internet session, and
integrate this data with cell’s KPIs at that time.
Activation data for services was extracted for
services, packages, and offers, to integrate it with
activation requests data via USSD mentioned
earlier.

5.1.4. Equipment Identity Register (EIR)

network entity used in GSM (Global System for
Mobile Communication) that stores lists of IMEI
(International Mobile Equipment Identity) numbers,
which identifies the actual physical phone used by
customer and its information. In this study, we used
EIR database to obtain subscriber's device type,
device specifications, operating system and 5.1.5.
Call Center data

Is a system for managing calls and improving
customer service by letting customer directly reach
company’s agent. In this study, this system’s
database was used to obtain data related to
subscribers' communications to call centers, such as
waiting time, length of service, and the rate of
unanswered and serviced calls.
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Figure (2) followed steps for Customer Satisfaction prediction
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OCS each 2 minutes or a new service activation
request is assumed, however different windows for
different  systems’ data  integration  and
consolidation were used based on the integrated
systems working logic. The aggregation procedure
was split up in four steps and is explained in the
following.

Step 1: Data sources consolidation

(1) Data sets for all subscribers were extracted
from the data sources introduced in Section 5.1.

(2) Check all data sources for matching
subscribers (MSISDN).

(3) subscribers with survey responses were
selected.

Step 2: Specified matching

(1) Data sets with identical timestamps and
MSISDN were matched.

(2) subscribers with different timestamps but
identical MSISDN were transferred to Step 3.

Step 3: Tolerance matching

(1) Biased timestamps with identical MSISDN
were filtered and the difference between the
timestamps was calculated.

(2) Records with a difference less than the
window were consolidated into one request or
interaction.

(3) Records that did not fulfill these criteria were
considered as separate request or interaction.

Step 4: Integrate subscriber data

Since we study the quality of the customer’s
experience during three months, we have calculated
the final expressive features as the arithmetic mean
of all his experiences for a particular service during
the study period (for example, the average time to
activate a service via USSD), or calculate the
feature as the worst experience of the service (for
example, the longest time to activate a service via
USSD). Where in the final dataset the customer
experience was represented by a single view.

5.2.2. Data cleaning

Aims to clean up data by filling the missing
values, dealing with outliers, smoothing out noisy
data, and fixing inconsistencies. The common
methods for handling missing/outlier values are to
ignore the attributes or observations, or to fill the
missing value with the mean or median value. In
this study, these methods were not used because the

5.1.6. Point of Service (POS) queuing system

Queuing system can be described as a system
with service facilities that customers access to
request a specific service, that is, the input to the
system consists of customers who request service,
and the outputs are customers who have been
served. In this study, the database of this system
was relied on to obtain data related to subscribers'
visits to service centers, such as waiting time and
length of service, with the aim of studying the
quality of this service and its impact on subscribers'
satisfaction.

5.1.7. Abili Recharging System

electronic  recharge system that allows
subscribers to recharge their prepaid lines, pay their
bills and recharge their electronic payment account.
In this study, we used this system database to
extract subscriber’s recharge requests or payment
requests, to further been integrated with actual
recharging time on OCS system, to calculate
request’s duration time.

5.1.8. Central Management System for
Mobile Network Elements (U2000)

This system centrally manages the elements of
the mobile network. In this study, this system data
was used to calculate number of networks KPIs
(Key Performance Indicators) at the level of one
cell per hour during the study period, in order to
integrate them with subscriber calls data that was
previously mentioned within the OCS system, for
the aim of projecting these indicators to the single
subscriber’s experience to calculate the quality of
the network provided at the level of one subscriber.

5.2. Data Preprocessing

5.2.1. data integration and consolidation

Telecom systems store the information of a
customer interaction in combination with the
subscriber identification number (MSISDN) and a
timestamp, which is not unique in all data sources
as there can be multiple timestamps identifying one
customer request (for example timestamp of service
activation request by USSD and the actual
timestamp of service activation on OCS). This
causes a biased timestamp, which needs to be
integrated into the consolidation logic. A window of
2 minutes was tolerated to consider the data as one
request, while the USSD send batch of requests to
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followed by 10S by 8 %. In some other features, we
grouped a number of low-frequency categories into
one new category ‘other’, as in the mobile device
brand where the most popular brands (Samsung,
Apple, Nokia, Xiaomi, Huawei) were preserved and
the rest of brands were placed under ‘other’. Some
numerical features were also converted to
categorical attributes since it was found that their
values are few and have high frequencies within the
records when analyzing these attributes. In iShow
service activations feature for example, we found
that 65% of observations had a value of 0 (not
iShow users), while most of the service users
activate it once or twice per month, and during
analysis of the number of activation times we
noticed that it did not show any effect on the
variation of satisfaction/dissatisfaction, therefore
this feature was converted to be categorical,
indicating whether the subscriber is a user of this
service (1) or not (0). We also used Bi-Variate
analysis, that deals with causes and relationships to
find out the relationship between two variables.
Through this analysis, we were able to show the
relationship between the studied categorical
features and the satisfactory variables. as shown in

Figure 3.

Figure (3) Bi-variate analysis samples between
studied categorical features and satisfaction
dependent feature

sample is small, so we were not able to delete
observations that contain missing values or outliers
in its features, and we couldn’t replace them with
features mean values due to the presence of many
features that are positively skewed from the mean.
An alternative approach was used which is called
Nearest Neighbor (KNN) algorithm, which
calculates missing values or outliers by finding
nearest neighbors using Euclidean distance scale.

5.2.3. Data transformation

At this stage, the data has been reformulated
according to a new model that is more suitable for
the task of analysis and forecasting. Several types
of data transformation can be used, normalization is
one of the most used techniques for data
transformation, and in the simplest cases the values
measured at different levels can be tuned to a
common scale, in many cases after averaging.

5.2.4. Data Labeling

survey data and customers’ features dataset were
mapped. The overall satisfaction of a particular
customer was considered to be the class label. The
overall satisfaction rate was measured using NPS
scale from 1 to 10. In order to guarantee a two-class
classification problem, the results of this question
have been transferred into a binary coding.
satisfaction rates of 1 to 6 were identified as
dissatisfactory and labeled with 0, whereas 9 and 10
represent the satisfied customers that were labeled
with 1. We dropped all observations with 7 and 8
rates, and ended up with 8,180 observations. This is
the common interpretation and presentation of NPS
in a management manner.

5.2.5. Data analysis and feature extraction

During feature extraction stage, we analyzed
categorical data univariately (univariate analysis),
and applied feature engineering techniques to it,
where the number of categorical features reached
20 (14 of which were preserved). missing
categorical attributes were replaced by a new class
that we called ‘other’. During analysis of the
frequency of categories within each attribute, it was
found that some of the features have categories with
a frequency of more than 85%, so these attributes
were deleted, such as the feature that determine the
type of operating system in the subscribers’ mobile
phones, where 85% of Android devices were,
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Figure (6) Bi-variate analysis for establishment
success ratio over 2G and satisfaction dependent
feature

I, \
4 \

Figure (7) Bi-variate analysis for mobile bundle
activation and satisfaction dependent feature

/

Figure (8) Bi-variate analysis for call drop ratio
over 3G and satisfaction dependent feature
Spearman correlation coefficient was used to
analyze the relationships between the different
features, where the correlation matrix was
calculated for all features, then features with a
correlation value greater than 0.95 were ignored. As
shown in Table 1, iShow package average
consumption feature has a strong correlation with
the attribute that indicate if the subscriber is a user
of iShow service or not, therefore this attribute has
been omitted.
Table (1) Correlation between the average iShow
package consumption attribute with the attribute that
indicates that the subscriber is a user of this service

ISHOW_VOL_MB_AVG
ISHOW_USER 0.98
ISHOW_BUNDLES_AVG  [0.60
VOLUME_MB_AVG 0.37
Principal Component  Analysis is an

unsupervised machine learning technique used to
reduce the number of features. This method is part

Although numerical data can be used directly in
machine learning models, we need to analyze and
engineer these features in terms of scenario,
problem, and domain before creating a model to
reach more accurate results. Most of the numerical
features have different distributions. We have
studied and analyzed these distributions
individually for each one (Univariate analysis)
using (Histograms) curves, where the X-axis
expresses the different values of the attribute, and
the Y-axis expresses the frequency of these values.
We observed that some features have a limited
number of discrete values. For example, 89% of
Abili service average waiting time feature
observations have a value of 1 second, as in Figure
4. It is also observed that some features have large
values grouped around zero, as the average
activated ringtones per month feature shown in
Figure 5. These results indicate that these features
with fixed or close to constant values can be
removed.

L — O

ol

< 7." .‘ 1 x
Figure (4) Histogram for Average waiting time for
Abili recharging

pooc

R———

15 S

Figure (5) Histogram for average activated RBTs
per month
We also used Bi-Variate analysis to analyze and
show the relationship between the studied
numerical features and the satisfactory variable. As
shown in Figures 6,7 and 8.
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classification algorithms. We have validated the
different models by splitting the data into 70% for
training and 30% for testing, all algorithms were
trained using cross-validation using
10 fold_cross_validation.

5.3.1. Performance measurement

Confusion matrix, which contains actual and
predicted classifications made by the binary
classification system was calculated, where satisfied
is 1, dissatisfied is O.

below performance measures can be calculated
directly from the confusion matrix:

Accurac = &
Y = TPerNtFPTEN

Precision = True Positives / (True Positives +
False Positives)
True Positive Rate = Recall = True Positives /

(True Positives + False Negatives)
2 _ 2. precision. recall

Fl=—7= T
precision recall

False Positive Rate = False Positives / (False
Positives + True Negatives)

5.3.2. Classification Algorithms

We trained and tested the model with a set of
linear, non-linear, and ensemble algorithms,
different algorithm compared using the previously
mentioned performance measurements as shown in
table 2.

precision+recall

of the dimensionality reduction techniques. In this
study, PCA algorithm was used to reduce the
number of features and apply it on 10 and 50
features, but that did not increase the accuracy of
the model. We also applied the algorithm on two
features so we can draw and analyze the
observations as in Figure 9. we noticed that
observations’ distribution indicating that these
observations are not linearly separable. However,
we have applied a set of linear, non-linear, and
ensemble algorithms that will be explained in the
next experimental study section.

2 companent A4

Figure (9) PCA study which indicates that our
dataset is not linearly separable
5.3. Experimental Study
In this research, reliable data for 8,180
participants were analyzed through the extracted
features (85 features after reduction were made in
the previous section). We tested and applied seven

Table (2) Algorithm comparison using performance measurements

Algorithm ROC-AUC J[Accuracy [Sensitivity/Recall [Precision [F1 score
Logistic regression  [87% 80% 81% 81% 81%
Kernel SVM 90% 82% 86% 81% 83%
KNN 86% 78% 83% 7% 80%
Nalive Bayes 7% 71% 73% 71% 2%
Decision Tree 87% 82% 89% 80% 84%
Random Forest 91% 84% 90% 81% 85%
XGBOOST 93% 87% 91% 84% 87%

min_child_weight =1, alpha=0.9, subsample=1,
n_estimators=200.

"Sensitivity/Recall" value was 91%, meaning
that the most satisfied cases were correctly
predicted, and the "Precision” value in the false
prediction of the dissatisfied participants was 84%,
which is a very good percentage. AUC-ROC
percentage was 93%.

5. Results comparison and discussion

The prediction results shown by the satisfaction
prediction models show that ensemble learning

XGBoost classifier achieved the best result, with
an average accuracy for the training set of (84.7%)
and a standard deviation of (1.5), meaning that
model accuracy on training data ranged from 83.2%
to 86.2%. On testing data set, the accuracy was
86%. Following values were set for the algorithm
parameters, where several values were tested (by
applying grid search) and these were the values
with highest accuracy for the model:

learning_rate=0.05, eval_metric="logloss',
max_depth=10, eta=0.01, gamma=0,
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of satisfaction once satisfaction indicators are
identified. The presented methodology for linking
technical cellular data to customer perceptions is a
new approach that can be used for the service
industry. For example, we can identify dissatisfied
customers and try to satisfy them to reduce churn
through offers, or fix the bad experiences indicated

by the features that caused their dissatisfaction.

The presented work answers two research
guestions:

e to what extent can satisfied/dissatisfied
customers be categorized based on the data
produced during the customer's interactions with
the network? the results of the research showed that
it is possible to classify customers based on
customer interaction data, and also showed that it is
not a single event that transforms a customer from
satisfied to unsatisfied but rather the entire history
of the customer’s experiences. In the presented data
analysis procedure, the challenge of integrating
technical data from different cellular systems with
personalized questionnaire responses to standardize
the data was resolved. An experimental design
consisting of seven modeling approaches was
performed to answer the research question
mentioned above. The algorithm that predicts
customer satisfaction/dissatisfaction the best was
XGBOOST classifier with an accuracy of 87% for

the test data.

e The second research question: Can
satisfaction indicators be derived from cellular
data? This question was answered by the results of
analytical and empirical studies, and indicators of
satisfaction were identified. Knowing these
indicators allows for proactive customer treatment
as dissatisfied customers can be directly identified.
Thus, actions to increase satisfaction can be
implemented immediately and secure a competitive
advantage. The features that most affect the
satisfaction are the local minutes packages, the
number of answered calls at customer service
centers, the success establishment rate of internet
session in the 3G network, and the fact that the
customer’s line is postpaid and located in the
southern region.

algorithms such as XGBOOST and random forest
outperform other classification algorithms in terms

of accuracy, AUC and F1-measure criterion.

The information gain is a measure of the
importance of a feature; therefore, it was used to
detect features with the greatest influence on
satisfaction. Gain criterion: includes the relative
contribution of the attribute corresponding to the
computed model by taking the contribution of each
attribute in each tree in the model. A higher value
of this metric when compared to other features
means that it is more important for forecast

generation.

Figure 10 shows the features that most influence
the prediction of satisfaction in terms of the gain
criterion for the XGBOOST model. The most
influential features of satisfaction are the local
minutes packages, the number of answered calls at
customer service centers, the setup success rate of
internet session in the third-generation network,
user’s line to be postpaid, and the user to be located
in the southern region.

3 N ) il -
. { E £ 2 'm ]

Figure (10) most influential features on
satisfaction prediction based on gain criterion for
XGBOOST

6. Conclusion and future work

This paper demonstrated a method for predicting
satisfied/dissatisfied customers in the Syrian
telecom operator Syriatel based on the data
produced within telecom systems with a maximum

accuracy of 87% with XGBOOST classifier.

It also contributed to predicting customer
satisfaction based on objective data only. This
allows proactive dealing with customers in the
future in order to achieve the management goal of
increasing  customer  satisfaction.  Moreover,
sustainability can be achieved to maintain the level
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in-depth capture of the best picture of the
community as a whole. Due to the reliance of this
study on the questionnaire, some of the responses
provided by the participants in the study may be
biased. In order to generalize our findings,
comparative studies should be conducted in
different contexts to test the accuracy of the results.

Funding information: this research is funded by
Damascus university — funder No. (501100020595).
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