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Abstractl:- Operators of telecommunications are sitting
on a gold mine. They produce enormous amounts of
data each day, up to billions of CDRs and events. These
data could be user, network, or customer-related. For
the telecommunications operators, effectively gathering,
storing, processing, and analyzing this amount of data
can be very difficult. The infrastructure must have
ample storage space and computational power.
Additionally, it needs adaptability to assess various data
formats. Therefore, it is crucial to create the best
architecture possible in order to overcome these
technical difficulties and satisfy commercial needs.

In this paper, we have used the seven layers of
implementation described in the previous work and
implemented a potential use case- churn analysis of
telecom customers. We have also analyzed various other
use cases along with case studies and have proved how
our open source data pipeline architecture would help
the telecommunication sectorsto implement and analyze
those use cases.

Keywords:- Implementation of Open Source Data Pipeline
for BDA, Customer Churn Analysis, Churn Analysis Code,
Big Data Analytics, Telecom Use Cases for BDA, Open
Source, Lambda Architecture, Big Data Architecture
Layers, Telecommunication, Telecom BDA Use Cases.

I INTRODUCTION

The telecommunications sector collects a huge
amounts of data for various decision-making and business
needs. A surge in the amount of data flowing across
telecom operatornetworks has been brought on by the quick
increase in the use of smartphones and other connected
mobile devices. Theoperators must organize, process, and
gather knowledge fromthe data that is already available.
By assisting in theoptimization of network utilization and
services, improving customer experience, and enhancing
security, big data analytics can help them maximize
profitability. According toresearch, there is a significant
chance that big data analytics will help telecom firms.

Big Data's potential presents a dilemma, though: how
can a business use data to boost sales and profitability across
the whole value chain, including network operations,
product development, marketing, sales, and customer
service. For instance, Big Data analytics helps businesses to
forecast peak network demand so they can take action to
reduce congestion. Additionally, it can assist in identifying
consumers who are most likely to experience financial
difficulties paying their bills as well as those who are set to
switch operators, hence escalating churn.
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When it comes to Big Data analytics, operators are
typically warned against using the traditional top-down
strategy, which identifies the problem that needs to be
solved before looking for the data that might be able to help.
The operators should instead concentrate on the data itself,
usingit to draw linkages and correlations. If used properly,
the data could produce insights that could serve as the
foundation for more efficient operations.

Before beginning any BDA venture, it's crucial to
determine the obstacles that can prevent project execution as
well as the advantages that will be available once the
solution isimplemented. We discussed the main advantages
and disadvantages of big data deployment in the telecom
sector in this part.

The deluge of data produced by linked devices,
consumer behavior, social media networks, call data
records, government portals, and billing information is
posing challenges for telecom providers. Based on their
research into the use of big data analytics in South Africa, .
Malaka and I. Brown divided the problems into three
categories: technological, organizational, and
environmental (Malaka and Brown, 2015). Only a few
significant use case implementations—which, in my
opinion, have the greatest bearing on the BDA's
implementation—will be covered in this evaluation.

We conducted a rigorous procedure of assessing the
literature in order to study the aforementioned research
concerns. The project and data governance approaches,
frameworks, and skill requirements of the BDA are
specifically addressed in this assessment. Then, in our
earlier works, we detailed and examined the most popular
methodologies and architectural designs already in use by a
number of telecom carriers, as well as the relevant talents
required to make such projects effective. In the last half
of this paper, we also make suggestions for additional
prospective use cases. In this article, we provide
implementation examples of various sample use cases that
have been successfully implemented.

1. TELECOM USE CASES FOR CASE STUDY

A. Customer Churn Prevention

One of the most well-liked BDA use cases created in the
telecom industry is the churn prediction. This is because
acquiring a new customer is more expensive than keeping a
current one, which is why. The topic has been covered in a
number of research publications from various perspectives.
The Hidden Markov Model was used to construct the first
use case that we quote (Xia et al., 2018). The training set
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was made up of five months' worth of historical customer,
billing, and network data. The application was created
using a telecom operator's Hadoop Platform. For operations
on statistical data, Hive was employed. The churn
application was created by the project team utilizing these
two other well- known classifiers for the purpose of
comparison: Rough Forest and LIBLINEAR.

The second example of preventing churn is a little
more novel since it applies modelling techniques from the
health industry to the telecommunications industry (Kurt et
al., 2019). The authors wanted to underline how crucial
transdisciplinary abilities are for data science. The authors
discovered parallels between survival and churn. For
forecasting telecom churners, the survival vector machine
method was chosen. With an AUC of 0.82, the final
application did fairly well.

The case of SyriaTel (Ahmad et al., 2019), in which
the authors employed the Extreme Gradient Boosting
"XGBOOST" model to develop the churn prevention
application, is another intriguing churn scenario to mention.
The team employed customer social network data in
addition to the traditional data often used for churn
prediction (CRM, Billing, and Network KPI) to attain a
better performance. Three other algorithms were tested by
the authors: Gradient Boosted Machine Trees ("GBM"),
Random Forests, and Decision Trees. However, using the
XGBOOST algorithm, which attained an AUC of 0.933,
produced the best results.

As a last illustration, consider a system that Pakistani
researchers (Khan et al., 2019) created employing Deep
Learning techniques, particularly Artificial Neural Networks
Multiple attributes, including demographic information from
CRM.

B. Offer Tendency

It is possible to provide tailored offers or services that
meet customers' needs by combining analytics techniques
with usage traffic, loyalty points, event-based promotion,
and demographic data. In order to analyze client preferences
and spot business possibilities, a telecom operator in the
Asia- Pacific area (Fox, 2015) launched a predictive
analytics solution that generates propensity models. The
operator achieved exceptional outcomes by increasing
efficiency and competitiveness, increasing the speed of its
ad hoc reporting by 190x, and realizing 10% higher net
revenues.

C. Preventing Revenue Leakage

Telecom operators have seen a variety of revenue
leakages during the last few years. One of the most common
was SIM box fraud. Government and the telecoms industries
suffered severe losses. It was projected that throughout
Africa, it averaged 150 million US dollars yearly. A
technique used in telecommunications called SIM boxing
involves setting up hardware that can accommodate many
SIM cards and using it to end international conversations
that have been made using voice over IP. Two methods for
SIM Box identification were mentioned by Chung-Min
Chen: proactive test calls and passive CDR analysis (Chen,
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2016). The first technique needs the operator to place calls
to its own country from other countries and determine the
kind of termination.

Because it needs the operator to provide complete
coverage in order to catch all potential fraudsters, this
strategy is too labor-intensive to implement. However,
traffic analysis will be far less expensive and guarantee
better outcomes. Because of this, a few rules have been
established to identify suspect SIM cards based on the
volume and location of calls made.

D. Improvement of Customer Experience

Big Data capabilities and analytical tools have
completely changed how telecom carriers handle their
consumer relationships. As an illustration, some operators
created services to notify their clients if a network issue
arises. The number of calls that the call centers got
decreased as a result. Using chatbots, further projects aimed
at enhancing the customer experience were created. Results
were observed at several levels, including Opex
optimization, an increase in Net Promoter Score (NPS),
and higher employee satisfaction as a result of their
redistribution to more motivating tasks. A study about the
application of real-time customer experience prediction for a
large telecommunications operator in Africa was conducted
by E. Diaz-Avile et al (Diaz-Aviles et al., 2015). Without
directly interacting with the end user, the authors
acknowledged that it is difficult to predict the sort of user
experience (good or unpleasant) at any given time. As a
result, the writers' guiding premise for the system was that
any negative customer experiences would lead to calls to the
telco's care center.

E. Taking Proactive Measures

Big data solutions have been developed by a number of
telecommunications companies to proactively identify
network issues before they have an impact on end users.
These solutions make it possible, among other things, to
offer the Telecom operator the proper suggestions,
enabling them to take action in advance and prevent any
effects on sales and customer satisfaction.

F. Mobile Location Information to Prevent COVID 19

Telecom operators have taken various measures during
the pandemic to effectively spread awareness and to help in
preventing the spread of the disease. Mobile Location Data
for COVID-19 Prevention During the COVID-19 pandemic
period, governments of several countries (Doffman, 2020)
in Asia, Europe and the United States of America have
developed solutions based on mobile users anonymized
location data, to track their movements, in order to control
and limit the spread of the Corona virus.

These solutions enabled them, on one hand, to track
people infected by the Covid-19 by retracing their travel
routes, places visited, as well as people met, and on the
other hand, highlighted the areas where people didn’t
respect public health safety measures.
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G. Multi-SIM Detection with Social Network Analysis

In order to continuously increase their earnings, certain
telecom operators have developed analytical tools based on
the social network theory that enable them to visualise the
connections between the various network users. This aided
them in locating the most influential clients so they could
target them with special offers. In the N. R. Al-Molhem et
al. example study, using SNA to target influencers led to a
30% increase in mobile traffic above conventional methods
(Al- Molhem et al., 2019). The authors of the study have
created a tool to track customers switching between
numerous SIM cards. The concept of "mutual friends"
served as the foundation for the approach.

To find the SIM pairs that might be the same user's
representation, two scores have been computed. The original
one used a similarity score based on the Cosine and Jaccard
measurements. The second was a behavioural score derived
from an examination of CDRs. The application's accuracy
rate for clients of the same operator was 92%.

H. Public Security BDA

Some governments utilise BDA in conjunction with
cloud services and loT technology to increase the security of
its residents. This is accomplished by forecasting the
locations where crimes are most likely to occur at any given
time. By combining public security data with telecoms data,
this has been made possible. The “intelligent police"
watched as insights were provided to enable suspect
monitoring, crime early detection, crime kinds, case
analysis, and clue extraction. When it comes to the tools,
W. LIANG et al. initially used the Xgboost method to
simulate the answer (Liang et al., 2018). The accuracy
gained was just about 48%, hence the outcome was
unsatisfactory. The authors then made the decision to
investigate additional perspectives on realisation and used
the Self Excitation Point Process Model.

I. Power Saving

Energy conservation in data centres (DC) is a significant
topic that data scientists have been working on lately. The
finest case study is that of J. Gao, who used Al techniques to
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optimise energy utilisation in Google Data Centers (GAO,
2014). W. LIANG et al. used deep learning (DL)
techniques to address the problem of data centre power
reduction in China, and their approach was successful
(Liang et al., 2018). For the purpose of forecasting the trend
in energy use, a five layer DL model was used. About 19
elements made up the model variables, such as the overall
server IT load, resource utilisation, the environmental index
of the DC (temperature and humidity), etc. The following
phases form the foundation of the reasoning behind the
creation of the energy-saving application:
o Keeping track of the workloads of all virtual machines
(VMs) operating on all real hardware.
o Finding the virtual machines with the fewest jobs and the
lowest load.

J. Real-time Traffic Analysis

Telecom operators must guarantee extensive radio
coverage of all the locations where their customers and
potential customers are present in order to provide
impeccable service quality. The IP backbone infrastructure
and the network equipment used for this purpose are
producing a significant amount of data that is essential for
effective real-time traffic control. In contrast to the crowd
sourced technique, the authors offered a novel strategy
based on micro-level traffic modelling that also took into
account the traffic's temporal dimension. This made it
possible to monitor traffic at various times. Among the
fundamental considerations for the solution design were
customer data protection and the cost effectiveness of the
solution.

i SAMPLE USE CASE IMPLEMENTATION:
CHURN ANALYSIS

The dataset is taken from  the
following: https://www.kaggle.com/becksddf/churn-
in-telecoms- dataset/data. We have considered a huge
volume of customerdata for wider analysis and prediction.
This data covers wide range of area code, international
customers, local customers,and of various plans.

The following code snippet displays the list of all thelibraries imported.
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The following code snippet reads the input from the .csv file. The input is the dataset that is used for further processingand
churn analysis and prediction.

The following code shippet loads the data. The results aredisplayed in the Results section.

First conclusion is that the data are unbalanced since thereare fewer data points in the True Churn group.
The following method describe () calls the methodimplementation.

Various types of analysis are captured as follows:

A. State-wise Customer Churn
The following code snippet shows how to filter the churnedcustomers state-wise. The results are captured in the next section.

A. Area-wise Customer Churn
The following code snippet shows how to filter the churnedcustomers area-wise. The results are captured in the next section.

# Load data
df.head(3)
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B. Plan-wise Customer Churn (International Plan)

The following code snippet shows how to filter the churned customers with an international plan. The results are
captured in the next section.

C. Plan-wise Customer Churn (Voice Mail Plan)
The following code snippet shows how to filter the churnedcustomers with voice mail plan. The results are captured in the
next section.

The following code snippet shows how to managecategorical columns and label encoding:

The following code snippet is used to strip response valuesand redundant columns:

The following code snippet provides cross validation:
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V. RESULTS
A. Churn Over all Ratio

The Total number of custom ers who have churned is represented in as “True” (Orange color). Boolean variable is used to get
an analysis of total ratio of churned customers to the customers who have retained (represented in blue).

<matplotlib.axes. subplots.AxesSubplot at @x7ffl%cceb7le:
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Fig. 1: Overall churn analysis

B. Customers Churn Based on Area Code
The customer churn is calculated with respect to the area code. In the following chart, the number of customer churn is

represented in orange.
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Fig. 2: Overall churn analysis
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Fig. 3: Customers churn based on area code
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C. Customers Churn Based on International Plan
The total number of churned customers who were using aninternational plan is represented in orange.
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Fig. 4: Customers churn based on plan-international plan

D. Customers Churn- Voice Mail Plan
The total number of churned customers who were using avoice mail plan is represented in orange.
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Fig. 5: Customers churn based on plan-voice mail plan.

E. Additional Data and Deatiled Churn Results

Customer churn based on various categories such as area code, and plan are calculated individually and displayed in the form
of charts as displayed above. The following tables display the overall results in a more descriptive way. Along with customer
churn, total number of calls in minutes, days, total calls made in the evening, total calls made in the night, state-wise data,
customer service calls made along with additional details are captured and reported.
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Fig. 7: Culnstdoimviedrusaclhcursntobmaseerdeotnaiplslawn-ivthoiacedemtaiilledplcahnu. rn analysis table 1.

totaleve  tofal night totalnight totalnight  totalintl  totalintl  totalintl  customer
charge minutes calls charge minutes calls charge  service calls
3333.000000 3333.000000 3333.000000 3333000000 3333.000000 3333.000000 3333.000000 3333.000000
17.083540  200.872037  100.107711 0030325 10237204 4479448 2764581 1.562856
4310668 50.573847 19508609 2273873 2791840 2461214 O7ETTI 0 131349
0.000000  23.200000 33000000 1040000  0.000000 0000000  0.000000  0.000000
14760000 167.000000  87.000000 7520000 8500000  3.000000 2300000  1.000000
17120000  201.200000 100.000000 9050000 10300000 4000000 2780000  1.000000
20000000 235300000 113000000 10580000 12100000  6.000000 3270000 2000000
30.970000 395000000 175000000 17770000  20.000000  20.000000 5400000  9.000000

Fig. 8: Individual customer details with a detailed churn analysis table 2.

. . voice  number total total total
area  phone international . .
mail vmail day day day
code number plan .
plan messages minutes calls charge
82- - -
415 — 0 1 25 2651 110 45.07
, 3N- = . =
415 2101 0 1 26 1616 123 2747
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15 1031 0 0 0 34 N 1.3
c 375- - =
408 9909 1 0 0 2604 71 50.90
330- -
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numbe.r total day  totalday  totalday  totaleve  total eve
area code vmail . ,
minutes calls charge minutes aalls
messages
3333.000000 3333.000000 3333.000000 3333000000 3333.000000 3333000000 3333.000000
437182418 8099070 179775098 100435644 30.562307  200.980348 100114311
4237200 13688365 54407389 20009084  9.23943F 50713844 19822623
408000000 0000000 0000000  0000OOO 0000000  0.000000  0.000000
408000000 0000000 143700000 87000000 24430000 166.600000  87.000000
415000000 0000000 179400000 101000000  30.500000  201.400000 100000000
510000000  20.000000 216.400000 114000000 36790000 235300000  114.000000
510000000  51.000000 350.800000 165000000  59.640000 363.700000  170.000000
V. CONCLUSION AND FUTURE WORK
BDA innovations have  transformed the

era of communications. The Hadoop ecosystem, streaming
analytics tools, and open source tools gave telecom
operators new waysto mine previously untapped data sets
for insights. The bestapproaches for controlling the project
and the data must firstbe defined in order to profit from
BDA solutions. Second, pick an architecture that will
take into account all thepeculiarities and demands of the
telecom industry. Thisincludes the capacity to offer real-
time insights and the processing of batch and streaming
data. In this paper, wehave listed a detailed case study of
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various use cases thatwould benefit from our architecture
and implementation. Finally, we have concluded with a
detailed implementation ofa sample use case: churn analysis
using Python code, opensource tools and have derived the
results. We have done a detailed analysis and captured
results along with the findings. As a future work, we want
to produce proof of concepts based on the Kappa+
architecture and create the identical use cases for both
configurations in order to assess and contrast the
outcomes.
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