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ABSTRACT

Retainingthemostvaluablecustomersisamajorproblemcompaniesfaceinthisinformationage.Especially,  the
field of telecommunication faces complex challenges due to a number of vibrantcompetitive service
providers. Therefore, it has become very difficult for them to retain existingcustomers. Since the cost of
acquiring new customers is much higher than the cost of retainingthe existing customers, it is the time for
the telecom industries to take necessary steps to retainthe customers to stabilize their market value. CRM
uses data mining (one of the elements of CRM)techniques to interact with customers. This study
investigates the use of a technique, supervisedlearning, for the management and analysis of customer-
related data warehouse and information.Data mining technologies extract hidden information and
knowledge from large data stored indatabases or data warehouses, which supports the corporate in
decision making process. Severaldata mining techniques have been proposed in the literature for predicting
the happy and stressedcustomer using heterogeneous customer records. Probably, the stressed customers
are in theurge of moving out to competitive service providers. This project analysis the telecom
customerdata available in open data set and predict the customer stress by applying supervised machine-
learning algorithms mainly using Deep Neural Network , K Nearest Neighbour , Support VectorMachineand

RandomForest.
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CHAPTER
1INTRODUCTIO

N

1.1 OBJECTIVE

Our Aim Customer Stress-ML should meet the basic requirements, i.e.,
predictthe churning of the customer, find the accuracy of the above algorithms and
find theefficient one. Efficient Churn model predicts the Customer churning and helps
inrelieving the customer from the stress and help them in retaining in the
respectivetelecomservice.

1.2 EXISTINGSYSTEM

Stressed customer, tend to cease doing business with a company in a
giventime period which has become a significant problem for many firms. These
includepublishingindustry,investmentservices,insurance,electricutilities,healthcareprovi
ders, credit card providers, banking, Internet service providers, telephone

serviceproviders,onlineservices,andcableservicesoperators.

There are numerous predictive modeling techniques for predicting
customerbehavior and their satisfactory level. These vary in terms of statistical
technique (e.g.,neural nets versus logistic regression), variable selection method (e.g.,

theory versusstepwiseselection), and numberof variablesincludedinthemodel.
Wehavehighlightedbelowtwoalgorithmanditspredictingtechniques.

e SVMalgorithm
e KNNalgorithm



1.2.1 SVMALGORITHM

SVM algorithm developed by Vapnik, is based on statistical learning theory. In
someclassification cases, we try to find an optimal hyper-plane that separates two
classes.When the two classes of points in the training set can be separated by a linear
hyper-plane, it is natural to use the hyper-plane that separates the twogroups of points
inthe training set by the largest margin. In order to find an optimal hyper-plane, we
needtominimizethenormofthevectorw,whichdefinestheseparatinghyper-

plane.Thisisequivalenttomaximizing themarginbetweentwoclasses.
LIMITATIONS

Customerstresspredictionisaproblemofclassificationbetween“happy”’and“stressed”
customer. But when the number of the negative examples is too small,
thegeneralization performance of SVM classifier must be weak, and the error rates

isprovedunsatisfactory.

1.2.2 KNEARESTNEIGHBOUR

KNNalgorithmisoneofthesimplestclassificationalgorithm.Evenwithsuchsimplicity, it can
give highly competitive results. KNN algorithm can also be used forregression
problems. KNN algorithm which when implemented helps to predict

witherthecustomerwillchurnornot.Buttheaccuracylevelis notso high.
LIMITATIONS

The major disadvantage in KNN is determining the K value . Distance
basedclassifier makes a very strong assumption on the shape of your data

distribution, i.e.anytwofeaturesareindependentgiventheoutputclass.



Another problem happens due to data scarcity. For any possible value of
afeature, you need to estimate a likelihood value by a frequents approach. This
canresultinprobabilitiesgoingtowardsOor1,whichinturnleadstonumericalinstabilities and
worse results. In this case, you need to smooth in some way

yourprobabilitiesortoimposesomeprioronyourdata.

1.3 PROPOSEDSYSTEM

In thispaper, wereview theexistingworkson customer stresspredictioninthree
different perspectives: Data sets, methods, and metrics. Firstly, we present thedetails
about the availability of public data sets and what kinds of customer details
areavailable for predicting customer stress, which leads to churn. Secondly, we
compareand contrast the various predictive modeling methods that have been used in
theliterature for predicting the churners using different categories of customer
records,andthenquantitativelycompare
theirperformances.Finally,wesummarizewhatkindsofperformancemetricshavebeenuse
dtoevaluatetheexistingchurnpredictionmethods.Analyzingallthesethreeperspectivesisv

erycrucialfordevelopingamore efficient churn predictionsystemfortelecomindustries.

Inabusinessenvironment,theterm,customerchurnsimplyreferstothecustomers
leaving one business service to another, which is the process of customersswitching
from one serviceprovider  to another anonymously.This isbecause
ofcustomerstressandun-
satisfactionwiththebusiness.Fromamachinelearningperspective, = customer  stress
(probable churn) prediction is a supervised (i.e. labeled)problem defined as follows:
Given a predefined forecast horizon, the goal is to
predictthefuturechurnersoverthathorizon,giventhedataassociatedwitheachsubscriberint

henetwork.

ChurnPredictionisaphenomenonwhichisusedtoidentifythepossiblechurners
inadvancebeforethey leavethe network. This helps the CRM
departmenttopreventsubscriberswhoarelikely tochurnin futureby

takingtherequiredretention



policies to attract the likely churners and to retain them. Thereby, the potential loss
ofthecompany couldbeavoided.

The input for this problem includes the data on past calls for each
mobilesubscriber, together with all personal and business information that is
maintained bythe service provider. In addition, for the training phase, labels are
provided in the formof a list of churners. After the model is trained with highest
accuracy, the model
mustbeabletopredictthelistofchurnersfromtherealdatasetwhichdoesnotincludeany
churn label. In the perspective of knowledge discovery process, this problem
iscategorizedas predictiveminingorpredictivemodeling.

We areanalyzingtheChurndatawithDNN—-DeepNeuralNetworkandRandom
forest . As both the algorithms are a deep investigator of data , the
accuracyofthepredictioncanbeincreased.



CHAPTER
2LITERATURESURVE

Y

2.1 CUSTOMERCHURN

In the today’s competitive market, many companies are coming to a
fullrealization of the importance of the customer-oriented business strategy for
sustainingtheir competitive edge and maintaining a stable profit level. That is,
companies mainlyrely on the income which comes from customers. However, to
create and retaincustomers is difficult and costly in term of marketing. As new account
setup, creditsearches, and advertising and promotional expenses can add up to
several times thecost of efforts that might enable the firm to retain a customer
(Keaveney, 1995), itisbecoming an industry-wide belief that the best core marketing
strategy for the futureis to retain existing customers and avoid customer churn (Kim,
Park, &Jeong, 2004;Kim&Yoon,2004).

Burez and Van den Poel (2007) indicate that there are two types
oftargeted approaches to managing customer churn: reactive and proactive. When
acompany adopts a reactive approach, it waits until customers ask the company
tocancel their service relationship. In this situation, the company will offer the
customeranincentivetostay.Ontheotherhand,whenacompanyadoptsaproactiveapproac
h, it tries to identify customers who are likely to churn before they do so.
Thecompanythenprovidesspecialprogramsorincentivesforthesecustomerstokeepthecu
stomersfromchurning.Targetedproactiveprogramshavepotentialadvantages of having
lower incentive costs. However, these systems may be
verywastefulifchurnpredictionsareinaccurate,becausecompaniesarewastingincentive
money on customers who will not churn. Therefore, it is important to build acustomer-

churnpredictionmodelasaccuratelyaspossible(Burez&VandenPoel,

2007;VandenPoel&Larivie‘re,2004).



2.2 DATAMININGTECHNIQUES

In order to establish effective and accurate customer-churn
predictionmodel,manydataminingmethodshavebeenrecentlyconsidered(e.g.Cousseme
nt& Van den Poel, 2008; Hung, Yen, & Wang, 2006). The two primary goals of
datamininginpracticetendtobedescriptionandprediction.Descriptionfocusesonfinding
human-interpreted patterns describing the data, and prediction involves usingsome
variables or fifields in the database to predict unknown or future values of
othervariablesofinterest(Fayyad,Piatetsky,&Smyth,1996;Fayyad&Uthurusamy,1996).T
he goals of description and prediction can be achieved using a variety
ofparticulardataminingmethodsincludeclassification,clustering,regression,andsoon(Ber
ry&Linoff,2003).

2.2.1 ARTIFICIALNEURALNETWORK

Classification is one of the commonly used data mining
methods,andcalledassupervisedlearningtechniques.ltcalculatesthevalueofsomevariabl
es, and classifies according to results.The algorithms of classification includedecision
trees, artificial neural networks, and so on ( Han &Kamber, 2001;
Tou&Gonzalez,1974), in which artificial neural networks are the most widely

consideredtechniqueinmanybusinessproblems.

Artificialneuralnetworks(ANN)attempttosimulatebiologicalneuralsyst
emswhichlearn bychangingthestrength ofthe synapticconnectionbetween neurons
upon repeated stimulation's by the same impulse (Li & Tan,
2006).Neuralnetworkscanbedistinguishedintosingle-
layerperceptionandmultilayerperception (MLP). The multilayer perception consists of
multiple layers of simple,
twotaste,sigmoidprocessingnodesorneuronsthatinteractbyusingweightedconnections.|
naddition,theneuralnetworkcontainsoneormoreseveralintermediary layers between the
input and output layers. Such intermediary layers arecalled hidden layers and nodes
embedded in these layers are called hidden

nodesshowninFig.1.Basedonpriorresearchresults(e.g.Cybenco,1998;Hungetal.,



2006;

Zhan,Patuwo,&Hu,1998),multilayerperceptionisarelativelyaccurateneuralnetworkmodel.
2.2.2 SELF-ORGANIZINGMAPS

Clustering is an unsupervised learning method that partitions a set
ofpatterns into groups (or clusters). Cluster analysis refers to the grouping of a set
ofdataobjectintoclusters.Inparticular,nopredefinedclassesareassigned(Jain,Murty,
&Flyn, 1999). Kohonen(1987) proposed and demonstrated a new form of
aneuralnetworkarchitecturecalledself-organizingmap(SOM),whichhasprovedextremely
useful when the input data are high dimensionality and complexity. SOM isused to
discover associations in a data set and cluster data according to the similarityof data
(i.e., similar expression patterns) where the model creators cannot predict thenature of
the classification, or they consider that there may be more than one way tocategorize
the characteristics.of a data set (Zhang, Edwards, & Harding, 2007). Fig.
2showsanexampleofadx 4SOM.

Input
Layer

Hidden
Layer

N
il D

FIG2.1IMULTILAYER NEURALNETWORK
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FIG2.2A4x4KOHONEN’SSELFORGANIZINGMAP
2.2.3 HYBRIDAPPROACHES

In general, hybrid models are based on combining two or more
datamining techniques. For example, the clustering and classification techniques can
beseriallycombined.Thatis,clusteringcanbeusedasaprepossessingstagetoidentify
pattern classes for subsequent supervised prediction or classification (Jain etal.,
1999). Therefore, the clustering result can be used for either pre classification

ofunlabeledcollectionsoridentifying majorpopulationsofagiven dataset.

Then, the clustering result becomes the training set to train
andcreate a prediction model. After the model is created, it is able to classify or
predictnew(unknown)instances.Inotherwords,thefirstcomponentofthehybridmodelscan
simplyperformthetaskofoutlierdetectionandthesecondforprediction. Therefore, there are
two possible combination methods for hybrid models (Lenard etal.,1998)as

showninFigs.3and4,respectively.

As the churn prediction task is based on supervised
classificationtechniques, the second component or prediction model of the above
mentioned twohybrid approaches are all based on classification techniques.
Therefore, two hybridmodels considered in this paper are the classification +

classification and cluster +classificationhybridmodels(c.f.Section3.2).



2.3 RELATEDWORK

Building an effective customer churn prediction model has become
animportant topic for business and academics in recent years. In order to
understandhow related work constructs their prediction models, this papers reviews
some
ofcurrentrelatedstudiesshowninTablel.CoussementandVandenPoel(2008)applies
support vector machines in a newspaper subscription context in order toconstruct a
churn  model. The predictive performance of the support vector

machinemodelisbenchmarkedtologisticregression andrandomforests.

BurezandVandenPoel(2007)builtapredictionmodelforEuropean  pay-
TVcompanybyusing Markovchainsandarandom
forestmodelbenchmarkedtoabasiclogisticmodel.Otherstudies(e.g.Kim&Yoon,2004)only
use a binomial logit regression to construct the prediction model.According to
priorliterature about customer churn, much related work focus on using only one
datamining method such as classification or clustering to mine the customer retention
data.Few studies (Hung et al., 2006) apply more than one technology which are

clusteranalysisandclassification.

In this paper, we consider to develop hybrid data mining models
bycombining clustering and classification data mining techniques which may
outperformone single methods. In particular,in the data mining process, the first
clustering orclassification technique is used during the preprocessing stage for data
reduction whichaimsatfilteringoutunrepresentativetrainingdata.Besides,wealsocontemp
lateusing cross-validation whichcanimprovethe performanceand reflectthe ‘true’
performance when validating the created models for unseen data that thevalidation
set stays untouched (Coussement& Van den Poel, 2008). As ANN
andSOMarethetwomostlyusedneuralnetworktechniques,therearetwoapproachestodev
elopthehybridpredictionmodelforcustomerchurn,whichareSOM+ANNand ANN + ANN.

The baseline model for comparisons is based on the single ANNmodel.



CHAPTER3M

ETHODOLOGY

The system requirement is a main part in the analyzing phase of the
project.The analyzer of the project has to properly analyze the hardware and the
softwarerequirements, otherwise in future the project designer will face more trouble
with
thehardwareandsoftwarerequired.Belowspecifiedaretheprojecthardwareandsoftwarere

quirements.

3.1 HARDWAREREQUIREMENTS
The hardware requirements may serveas the basis for a contract for
theimplementation of the system and should therefore be a complete and
consistentspecification of the whole system. They are used by the software
engineers as thestarting point for the system design. It shows what the system

does and not how itshouldbeimplemented.

e SYSTEM : PENTIUMDUALCORE
e HARDDISK :120GB

e MONITOR :15”’LCD

e [INPUTDEVICE :KEYBOARD,MOUSE

e RAM :8GB

3.2 SOFTWAREREQUIREMENTS

The software requirements document is the software specification of
thesystem. It should include both a definition and a specification of a requirements. It
is aset of what the system shoulddo rather than how it shoulddo it. The
softwarerequirements provide a basis for creating the software requirements
specification. It isuseful in estimating cost, planning team activities, performing tasks

and tracking theteam’sprogressthroughout thedevelopment activity.

e OPERATINGSYSTEM ‘WINDOWS10
¢ PROGRAMMINGLANGUAGE :PYTHON



e TOOLS :ANACONDA,SPYDER,PYTHON
e DATABASE ‘KERASLIBRARY

3.3 SOFTWAREFEATURES
3.3.1 PYTHON

Python features a dynamictype system and automatic memorymanagement.lt
supports multiple programming paradigms, including
objectoriented,imperative,functionalandprocedural,andhasalargeandcomprehensive
standard library. Python interpreters are available for many
operatingsystems.CPython,thereferenceimplementationofPython,isopensourcesoftwar
eandhasacommunity-baseddevelopmentmodel,asdonearlyallofPython's other
implementations. PythonandC Python aremanaged by the non-
profitPythonSoftwareFoundationPythonisamulti-
paradigmprogramminglanguage.Object-
orientedprogrammingandstructuredprogrammingarefullysupported, and many of its
features support functionalprogramming and aspect-
orientedprogramming.Manyotherparadigmsaresupportedviaextensions,includingdesig

nbycontractandlogicprogramming.

Python uses dynamic typing, and a combination of reference counting and
acycle-detectinggarbagecollectorformemorymanagement.ltalsofeaturesdynamic name
resolution, which binds method and variable names during
programexecution.Python'sdesignofferssomesupportforfunctionalprogrammingin
the Lisp tradition. It has filter(), map(), and reduce() functions; list
comprehensions, dictionaries, and sets; and generator expressions. The
standardlibrary has two modules that implement functional tools

borrowedfromHaskell andStandardML.


https://en.wikipedia.org/wiki/Dynamic_type
https://en.wikipedia.org/wiki/Memory_management
https://en.wikipedia.org/wiki/Programming_paradigm
https://en.wikipedia.org/wiki/Object-oriented_programming
https://en.wikipedia.org/wiki/Imperative_programming
https://en.wikipedia.org/wiki/Functional_programming
https://en.wikipedia.org/wiki/Procedural_programming
https://en.wikipedia.org/wiki/Standard_library
https://en.wikipedia.org/wiki/Operating_system
https://en.wikipedia.org/wiki/CPython
https://en.wikipedia.org/wiki/Reference_implementation
https://en.wikipedia.org/wiki/Open-source_software
https://en.wikipedia.org/wiki/Multi-paradigm_programming_language
https://en.wikipedia.org/wiki/Multi-paradigm_programming_language
https://en.wikipedia.org/wiki/Object-oriented_programming
https://en.wikipedia.org/wiki/Object-oriented_programming
https://en.wikipedia.org/wiki/Structured_programming
https://en.wikipedia.org/wiki/Functional_programming
https://en.wikipedia.org/wiki/Aspect-oriented_programming
https://en.wikipedia.org/wiki/Aspect-oriented_programming
https://en.wikipedia.org/wiki/Design_by_contract
https://en.wikipedia.org/wiki/Design_by_contract
https://en.wikipedia.org/wiki/Logic_programming
https://en.wikipedia.org/wiki/Dynamic_typing
https://en.wikipedia.org/wiki/Reference_counting
https://en.wikipedia.org/wiki/Memory_management
https://en.wikipedia.org/wiki/Name_resolution_(programming_languages)
https://en.wikipedia.org/wiki/Name_resolution_(programming_languages)
https://en.wikipedia.org/wiki/Functional_programming
https://en.wikipedia.org/wiki/Lisp_(programming_language)
https://en.wikipedia.org/wiki/List_comprehension
https://en.wikipedia.org/wiki/Associative_array
https://en.wikipedia.org/wiki/Generator_(computer_programming)
https://en.wikipedia.org/wiki/Haskell_(programming_language)
https://en.wikipedia.org/wiki/Standard_ML

3.3.2 SPYDER

Spyderisanopensourcecross-
platformintegrateddevelopmentenvironment(IDE)forscientificprogramminginthePythonl
anguage.Spyderintegrateswithanumber
ofprominentpackagesinthescientificPythonstack,includingNumPy,SciPy,Matplotlib,pand
as,|Python,SymPyandCython,aswellasotheropensourcesoftware.ltisreleasedunder
theMITlicense.InitiallycreatedanddevelopedbyPierreRaybautin2009, since2012Spyder
has beenmaintainedand continuouslyimprovedbya

teamofscientificPythondevelopersandthe community.

Spyder is extensible with first- and third-party plugins, includes support
forinteractivetoolsfordatainspectionandembedsPython-specificcodequalityassurance
and introspection instruments, such as Pyflakes, Pylint and Rope. It isavailablecross-
platformthroughAnaconda,onWindowswithWinPythonandPython  (x,y),on  macOS
through MacPorts, and on major Linux distributions such asArch Linux, Debian,
Fedora, Gentoo Linux, openSUSEand Ubuntu. Spyder usesforits GUI, and is
designed to use either of the PyQtor PySidePython bindings.QtPy, athin abstraction
layer developed by the Spyder project and later adopted by

multipleotherpackages,providestheflexibilitytouseeitherbackend.

3.3.3 KERAS

Keras isan OpenSource Neural Networklibrary writtenin Pythonthat runs
ontopofTheanoorTensorflow.ltisdesignedtobemodular,fastandeasytouse.ltwas
developed by Francois Chollet, a Google engineer. Keras doesn't handle low-level
computation. Instead, it uses another library to do it, called the "Back end. SoKeras is
high-level API wrapper for the low-level API, capable of running on top ofTensorFlow,
CNTK,orTheano.

KerasHigh-LevelAPlhandlesthewaywemakemodels,defininglayers,orsetup
multiple input-output models. In this level, Keras also compiles our model with

lossandoptimizerfunctions,trainingprocesswithfitfunction.Kerasdoesn'thandleLow-


https://en.wikipedia.org/wiki/Open-source_software
https://en.wikipedia.org/wiki/Integrated_development_environment
https://en.wikipedia.org/wiki/Python_(programming_language)
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https://en.wikipedia.org/wiki/PySide

LevelAPIsuch
asmakingthecomputationalgraph,makingtensorsorothervariablesbecauseithasbeenhandl
edbythe"Backend"engine.

3.3.4 ANACONDA

Anaconda is a free and open-source distribution of the Python
programminglanguages for scientific computing that aims to simplify package
management anddeployment. Package versions are managed by the package
management systemconda. The Anaconda distribution is used by over 12 million
users and includes morethan1400populardata-
sciencepackagessuitableforwindows,Linux,andMacOS.

Anaconda is a Python-based data processing and scientific computing
plattorm.Ilt has built inmany veryuseful third-party libraries. Installing Anaconda is
equivalentto automatically installing Python and some commonly used libraries such
as Numpy,Pandas, Scrip, and Matplotlib, so it makes the installation so much easier
than regularPython installation. It is painful and you need to consider compatibility,

thus it is highlyrecommendedtodirectlyinstall Anaconda.
3.4 ALGORITHMS

Themachinelearningalgorithmsthathastobeappliedtothetrainingdatatobuildthemodelsar
e
3.4.1DEEPNEURALNETWORK

Logistic regression is suitable for predicting a binary dependent variable,
suchas positive/negative; deceased/alive; or in this study, admit/not admit. The
techniqueuses a logistic link function to enable the calculation of the odds of an
outcomeoccurring. The second algorithm that was used was a random forest,
specificallyrecursivepartitioningfromtheRPARTpackage. TheRPARTpackageisanimple
mentation based on the model presented by Breiman and colleagues . Thisalgorithm
splits the data at each node based on the variable that best separates thedata until
either an optimal model is identified or a minimum number of
observationsexistsinthefinal(terminal)nodes.Theresultingtreecanthenbeprunedtopreve

nt
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https://en.wikipedia.org/wiki/Python_(programming_language)
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over fitting and to obtain the most accurate model for prediction . The third
algorithmwas a SVM which creates two vectors and tries to classify the data based on
it . Thelast algorithm is KNN where the N defines the number of nearest neighbours

and thevaluechanges as andwhenthenchanges .

Thus all the algorithms can increase the prediction and accuracy of the
Churnprediction in Telecom Indusustry.The term “Design” is defined as the technical
kernelof the software engineering process and is applied regardless of the
developmentparadigmandareaofapplication.Designisthefirststepinthedevelopmentpha
sefor any engineered product or system. The designer’s goal is to produce a model

orrepresentationofanentitythatwilllaterbebuilt.
3.5 DATAFLOWDIAGRAM

DFDs are used to Specify Functions of the Information System and how
dataflow from function to function. It's a collection of function that manipulates data.
On aDFD, data items flow from an external data source or an internal data store to
aninternaldatastoreoranexternaldatasink,viaaninternalprocess.ADFDprovidesno
information about the timing of processes, or about whether processes will

operateinsequenceorinparallel.

3.5.1 DATAFLOWDIAGRAMATTHEINITIALLEVEL
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chum | Telecom chum model g
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FIG3.1DATA FLOWDIAGRAM LEVELOFORTHEENTIREPROJECT



Fig3.5.1explainstheouteroverallfunctionalityoftheproposedsystemapplication
this indicates that have collected the Telecom Churn data set from
varioussourceandanalysisandprocessingofdatahavedonebyfetchingthedatafrommanyd
atabase.

3.5.2 DATAFLOWDIAGRAMLEVEL1FORENTIREPROJECT
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FIG3.2DATA FLOWDIAGRAM LEVEL1FORTHE ENTIREPROJECT

Fig3.2aboveisanoverallrepresentationofeachmoduleandtheirfunctionality in this
project. This Level one Data Flow Diagram shows how the variousmodules help in the
providing the output which predicts the accurate Telecom

Personinformationdatawithhigh frequency dataset.
3.5.3 DATAFLOWDIAGRAMLEVEL1FORDATAPREPROCESSING

Fig 3.3 below clearly explains the data is cleaned before loading to the
NeuralNetwork Classifier. Import the Label Encoder class from the sclera library, fit
andtransform the first column of the data, and then replace the existing text data with

thenewencodeddata.Onehotencodingisaprocessbywhichcategoricalvariablesare



convertedintoaformthatcouldbeprovidedtoMLalgorithmstodoabetterjobinprediction.This

workfittingandtransformingStandardscalarmethodontraindata.

Preprocessing
=)

of

Label Calegorise /~ Onehot Stuctured data
Encoding Encoding @

TCD Pc

FIG3.3DATAFLOWDIAGRAMLEVEL1FORPREPROCESSINGDATA

3.5.4 DATAFLOWDIAGRAM LEVEL2FORFEATUREEXTRACTION

Fig 3.4 below explains the Feature extraction by Layering of data. For
featureextraction, first select the data and process data for original feature. Then
reduce thefeature by transform refining data. This can be done by selecting the data
by CSV fileand process the data for original feature and it was transformed and

refining data toreducedfeature,finallyitpredictstheaccuracyofchurning.
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FIG3.4ADATAFLOWDIAGRAMLEVEL2FORFEATUREEXTRACTION
3.5.5 DATAFLOWDIAGRAM LEVEL2FORSPLITTINGDATA

Fig 3.5 below explains the Splitting data by two ways are Training data set
andTesting data set. In statistics and machine learning we usually split our data into
twosubsets: training data and testing data (and sometimes to three: train, validate
andtest), and fit our model on the train data, in order to make predictions on the test
data.When this work do that, one of two thing might happen: we over fit our model or
weunder fit our model. Itdon’t want any of these things to happen, because they
affectthe predictability of our model— Work might be using a model that has lower

accuracyand/oris un-generalize.
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FIG3.5DATA FLOWDIAGRAM LEVEL2FORSPLITTINGDATA

3.5.6 DATAFLOWDIAGRAMLEVEL2FORCLASSIFICYING

DATA

Preprocessing

Predicting

FIG3.6DATAFLOWDIAGRAM LEVEL2FORCLASSIFYINGDATA

Fig3.5.6aboveexplainsthatClassificationofdatathroughDNN(DeepNeuralNetwork)A

IgorithmNeuralnetworksuserandomnessbydesigntoensurethey



effectivelylearnthefunctionbeingapproximatedfortheproblem.Randomnessisused

because this class of machine learning algorithm performs better with it
thanwithout. Themostcommonformofrandomnessusedinneuralnetworksistherandominiti
alizationofthenetworkweights.Adeepneuralnetworkisaneuralnetwork with a certain
level of complexity, a neural network with more than two layers.Deep neural networks
use sophisticated mathematical modeling to process data incomplex ways. A neural
network, in general, is a technology built to simulate theactivity of the human brain —
specifically, pattern recognition and the passage of inputthrough various layers of
simulated neural connections. Deep neural networks asnetworks that have an input
layer, an output layer and at least one hidden layer inbetween. Each layer performs
specific types of sorting and ordering in a process thatsomerefertoas

“featurehierarchy.”

3.5.7 DATAFLOWDIAGRAM LEVEL2FORPREDICTION
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Fig 3.7 above explains how the accuracy emergency department
predictionoccursusingtheclassifier,listwithpredictedvaluesandplottherainfallgraph. Predi
ctingthetestsetresult. Thepredictionresultwillgiveyouprobabilityofcustomers ~ churning
the telecom industry. This will convert that probability into binary Oand 1. 1 for
Churning the Telecom Industry and O for not churning .This is the finalstep wherethis
workevaluating our model performance. It predicts

theConfusionmatrixtochecktheaccuracyofmodel.

3.6 UNIFIEDMODELINGLANGUAGE

The Unified Modeling Language (UML) is used to specify, visualize,
modify,construct and document the artifacts of an object-oriented software intensive
systemunder development.UML combines techniques from data modeling (entity
relationshipdiagrams),businessmodeling(workflows),objectmodeling,andcomponentmo
deling. It can be used with all processes, throughout the software development

lifecycle, andacrossdifferentimplementationtechnologies.

3.6.1 USECASEDIAGRAMFORLOADFORECASTING
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Abovethefigureshowsthatitprovidesaglobalviewoftheactorsinvolvedinasysteman
dtheactionsthatthesystemperforms,whichinturnprovideanobservable result that is of
value to the actors. Actors are an abstraction of the entitythat interacts with the
software. Here the system IS partitioned simpler functions.
Theusecasediagramofthissoftwareis asfollows.

3.6.2 SEQUENCEDIAGRAMFORLOADFORECASTING
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FIG3.9SEQUENCEDIAGRAMOFMODULE1

In the below sequence diagram, the entities used are data sources,
extract,transform, load. The data source extract data from database which normalize
the
dataandmetadatamanagementthatperformsmappingofdatafields.DataMiningAlgorithm
were used togenerate RDF triple sub net data set which transforms

thedatarate.Thisdataresultsineachmoduletovisualizetheloaddatasetineffective



and distributed way. First argument is Optimizer,this is the algorithm we use to
findoptimal set of weights. This algorithm is Stochastic Gradient descent(SGD).
Amongseveral types of SGD algorithm the one which thiswill use is ‘Adam’. This go
indeeperdetailofSGD,wewillfindthatSGDdependsonlossthusoursecondparameterislios
s.Sinceoutdependent variableisbinary,thiswillhaveto uselogarithmic loss function
called ‘binary_crossentropy’, if our dependent variable

hasmorethan2categoriesinoutputthenuse‘categorical_crossentropy’

IDESetup

The Machine Learning Concepts can be well implemented through PYTHON .
Wehave a numerous Python Tools but for the DNN implementation Anaconda can
meetour needs. Spyder in Anaconda is chosen as the IDE setup . The latest
AnacondaSpyder has Python 3.6 version . Python 3.6 is unstable to hold the KERAS
backend .Apart from the inabilitNO and TENSORFLOW .Tensorflow can be
implemented overPython 3.5 only. A cloning environment is builty to build over Python
3.6 , KERASrequires two additional library packages THEA using the Anaconda

Prompt . ThePython3.5is clonedusingthecommand.

condacreate-npy35python=3.5anaconda

AfteractivatingtheclonedenvironmenttheSpyderisinstalledusingthecommand.So the
Python3.5 has its own Spyderversion , which does not interfere with the baseversion

ofAnaconda.

condainstallspyder
Therequiredlibrariescanbesetup usingthebelowcommands

conda install

theanocondainstalltens

orflowcondainstallkera

S



3.7 ARCHITECTUREDIAGRAM
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Label Encoding
< D ~ -
7 :

[ N
i T e =
kﬂl"l"o DATA} TESTING DATAJ
e =
=\ |2
CLASSIFICATION
CHURN B
__— / SCREENING N o

MODEL

CHURN ™ SV
Q’REDIC‘I‘ED

/z;,,:,:'—f:::" - o,
_ DATA ) N — -
e == Random Forest
e S ACCURACY =
T PREDICTION g — —~
DNN

FIG3.10ARCHITECTUREDIAGRAM

3.8 MODULES

Themodulesforthisstudyinvolvedsevendataminingtasks.

. Dataextraction

. Datacleansingandfeatureengineering;

. Datavisualizationanddescriptivestatistics;

. Datasplittinginto training(80%)andtestsets(20%);

. Modeltuningusingthetrainingsetand10foldcrossvalidationrepeated5times

. Predictingadmissionsbasedonthetestdatasetand

N o o~ WDN P

. Theevaluationof modelperformancebasedonpredictionsmadeonthetestdata



These steps help to ensure the models are optimal and prevent against
overfitting. A range of variables were considered in the model building, with the
finalvariables decided upon basedon previousstudies, significancein the models,
andtheimpactofinclusionontheperformanceofthemodel. Thefinalmodelsconsistedofvaria
bles describing whether the customer feels to retain in the same

telecomindustryorhefindsitasstressandoptsoutofit.

Feature engineering was also carried out on the incoming , outgoing calls
,revenue , number of income and outgoing calls etc. The dependent variable in
allmodels was customer id from the telecom data set. Most of the variables included
inthe model are mandatory on the telecom churn system, and recorded using of
dropdown menus. This led to a relatively clean data set for analysis, with list wise

deletionofcases withmissingdata.



3.9 MODULEDESCRIPTION

3.9.1 DATAEXTRACTION
We have collectedthe Telecom Industry Churndata set .We are using thisdata
info to predict the churning of customer from that particular telecom industry

forthecurrentyearandmakeappropriatepreparations.

Importing the Pandas gives massive functionality to work on data . Along with
Pandasimportingall therequiredlibraries areevenimported.

3.9.2 PREPROCESSING
ThedatahastoCleanedbeforeloadingintotheNeuralClassifier.

3.9.3 LABELENCODING

Before runninga model, we need to make this data ready for
themodel.Toconvertanykindofcategoricaltextdataintomodel-understandablenumerical
data, we use the Label Encoder class,all we have to do is to label encodethe first
column. We import the Label Encoder class from the sklearn library, fit andtransform
the first column of the data, and then replace the existing text data with

thenewencodeddata.

3.9.4 ONEHOTCODING

One hot encoding is aprocess by whichcategorical variables
areconvertedintoaformthatcouldbeprovidedtoMLalgorithmstodoabetterjobinprediction.
This is why we use one hot encoder to perform “binarization” of the category

andincludeitas afeaturetotrainthemodel.
3.9.5 STANDARDSCALE

Standard Scale is available in ScikitLearnwe are fitting and
transformingStandard Scale method on train data. We have to standardize our scaling

so we willusethesamefittedmethodtotransform/scaletestdata.



3.9.6 DATAVISUALISATIONANDDESCRIPTIVESTATISTICS
Theextractedfeaturesareusuallyplottedagainsttheoutputtocheckitsrelation.

3.9.7 DATASPLITTINGINTOTRAINING(80%)ANDTESTSETS(20%)

In statistics and machine learning we usually split our data into two
subsets:training data and testing data (and sometimes to three: train, validate and
test), andfit our model on the train data, in order to make predictions on the test data.
When
wedothat,oneoftwothingmighthappen:weoverfitourmodelorweunderfitourmodel. Wedon't
wantanyofthesethingstohappen,becausetheyaffectthepredictability of our model—we
might be using a model that has lower accuracy

and/orisungeneralized(meaningyoucan’tgeneralizeyourpredictionsonotherdata).
3.9.7.1 Overfitting

Overfittingmeansthatmodelwetrainedhastrained“toowell”andisnow, well fittooclos
elytothetrainingdataset. Thisusuallyhappenswhenthemodelistoocomplex(i.e.toomanyfea
tures/variablescomparedtothenumberofobservations).Thismodelwillbeveryaccurateonth
etrainingdatabutwillprobablybeverynotaccurateonuntrainedornewdata. ltisbecausethism
odelisnotgeneralized(ornotASgeneralized),meaningwecangeneralizetheresultsandcan’t
makeanyinferences onother data,whichis,ultimately,whatwearetryingto
do.Basically,whenthishappens,themodellearnsordescribesthe“noise”inthetrainingdatain
stead of the actual relationships between variables in the data. This noise,

obviously,isn’tpartinofanynewdataset,andcannotbeappliedtoit.
3.9.7.2 Underfitting

In contrast to over fitting, when a model is under fitted, it means that the
modeldoesnotfitthetrainingdataandthereforemissesthetrendsinthedata.ltalsomeans the
model cannot be generalized to new data. As you probably guessed this
isusuallytheresultofaverysimplemodel(notenoughpredictors/independentvariables).ltco

uldalsohappenwhen,forexample,wefitalinearmodeltodatathat



is not linear. It almost goes without saying that this model will have poor

predictiveability(ontrainingdataandcan’t begeneralized tootherdata).
3.9.7.3 TRAIN/TESTSPLIT

The data weuse isusually split into training data and test data. The
trainingsetcontainsaknownoutputandthemodellearnsonthisdatainordertobegeneralizedt
ootherdatalateron.Wehavethetestdataset(orsubset)inordertotestourmodel’spredictiono

nthis subset.

3.9.8 DEEPNEURALNETWORK

A deep neural network is a neural network with a certain level of complexity,
aneural network with more than two layers. Deep neural networks use
sophisticatedmathematicalmodelingtoprocessdataincomplexways.Aneuralnetwork,ing
eneral, is a technology built to simulate the activity of the human brain —
specifically,patternrecognitionand

thepassageofinputthroughvariouslayersofsimulatedneuralconnections.

Many experts define deep neural networks as networks that have an input layer,
anoutput layer and at least one hidden layer in between. Each layer performs
specifictypes of sorting and ordering in a process that some refer to as “feature
hierarchy.”One of the key uses of these sophisticated neural networks is dealing with
unlabeledor unstructured data. The phrase “deep learning” is also used to describe
these deepneural networks, as deep learning represents a specific form of machine
learningwhere technologies using aspects of artificial intelligence seek to classify and

orderinformationin waysthatgo beyondsimpleinput/output protocols.
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FIG3.9.8DEEPNEURALNETWORK

# Adding the input layer and the first hidden

layerclassifier.add(Dense(output_dim = 6, init
‘uniform’, activation
‘relu’,input_dim=11))

#Addingthesecondhiddenlayer
classifier.add(Dense(output_dim=6,init="uniform’,activation="relu'))#Add
ing theoutputlayer
classifier.add(Dense(output_dim=1,init="uniform’,activation='sigmoid"))



First argument is Optimizer, this is the algorithm we use to find optimal set
ofweights. This algorithm is Stochastic Gradient descent(SGD). Among several types
ofSGD algorithm the one which we will use is ‘Adam’. If we go in deeper detail of
SGD,we will find that SGD depends on loss thus our second parameter is loss. Since
outdependentvariableisbinary,wewill
havetouselogarithmiclossfunctioncalled‘binary_crossentropy’,ifourdependentvariabl
ehasmorethan2categoriesinoutput then use ‘categorical_crossentropy’. We want to
improve performance of ourneural network based on accuracy so add metrics as
accuracy.We can train ourmodel on training data. We use fit method to the fit our
model Batch size is used tospecify the number of observation after which we want to
update weight. Epoch isnothing but the total number of iterations. Choosing the value

of batch size and epochistrialanderrorthereisnospecificruleforthat.

3.9.9 PREDICTINGADMISSIONSBASEDONTHETESTDATA SET

Predictingthetestsetresult. Thepredictionresultwillgiveyouprobabilityofthecustom
ers churning out of the Telecom industry for the given period . We will

convertthatprobabilityintobinaryOand1.

3.9.10 THE EVALUATION OF MODEL PERFORMANCE BASED
ONPREDICTIONSMADEON THETEST DATA
Thisisthefinalstepwhereweareevaluatingourmodelperformance.WebuildConfusi

onmatrixtochecktheaccuracyofmodel.
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CHAPTER4

RESULTSANDDISCUSSION

~
Name Type Size Value
[[1.0000c+00 0.0000c+00 0.00002+00 ... 0.0000c+00 0.0000e
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FIG4.1SPLITTINGOFDATA
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Q Console 1/A &) | A
[ 3 7
[ 13097]]

precision  recall fl-score support

0 0.75 0.00 0.0l 760
1 0.80 1.00 0.89 3098

avg / total 0.79 0.80 0.72 3858

In [69]: print('Accuracy’ + str(accuracy score(y test, y pred)))
Accuracy@.8035251425609123

FIG4.3ACCURACYFORSVMALGORITHM



B e e
oot print('Accuracy’ + str(accuracy score(y_test, y pred)))
...t print(classification_report (y _test, y pred))

[[ 584 176]
[ 203 2895]]
Accuracy®.9017625712804562
precision  recall fl-score support

9 0.74 8.77 8.76 760
1 0.94 9.93 8.94 3098
avg / total 2.90 8.9 8.9 3858

FIG4.4ACCURACYFORDNNALGORITHM



CHAPTER
SCONCLUSIONANDFUTUREWORK

5.1 CONCLUSION

ThustheDNNalgorithmworksfarbetterthantheotheralgorithminpredictingthechurningofTele

comindustry.

5.2 FUCTUREWORK

Thefutureupgradeofthisworkistousethepropelledsystemsforgroupingandadvancementtoad

ditionallyimprovetheexhibition.
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APPENDICES

A.SOURCECODE
importnumpy as
npimport pandas as
pdimport
matplotlibimportthea
noimport
tensorflowimportker
as
#dataseT=pd.read_csv('C:\\Users\BALAJIKRISHNARAJ\\Downloads\\SoilData
set.csv', encoding = "ISO-8859-1",
header=None)dataset=pd.read_csv('D:\\Nithya_vedha\\FinalProjects\\5.Teleco
mChurn\\Telco-Customer-Churn.csv’)
X = dataset.iloc[:,
0:20].valuesy=dataset.iloc[:,2
0O].values
fromsklearn.preprocessing import LabelEncoder,
OneHotEncoderlabelencoder_X_0=LabelEncoder()
X[:, 0] = labelencoder_X_0.fit_transform(X[:,
O])labelencoder X 2= LabelEncoder()
X[:, 1] = labelencoder_X_2.fit_transform(X[:,
1])labelencoder_X 2= LabelEncoder()
X[:, 2] = labelencoder_X_2.fit_transform(X[:,
2))labelencoder_X 3= LabelEncoder()
X[:, 3] = labelencoder_X_3.fit_transform(X[:,
3])labelencoder X 4= LabelEncoder()
X[:, 4] = labelencoder_X_4.fit_transform(X[:,
4])labelencoder_X 5= LabelEncoder()
X[:,5]=labelencoder_X_5.fit_transform(X[:,5])



labelencoder_X_ 6=LabelEncoder()
X[:,6]=labelencoder_X_6.fit_transform(X[:,6])

labelencoder_X_7=LabelEncoder()

X[:, 7] = labelencoder_X_7.fit_transform(X[:,
7))labelencoder_X 8= LabelEncoder()

X[:, 8] = labelencoder_X_8.fit_transform(X[:,
8])labelencoder_X_ 9= LabelEncoder()

X[:, 9] = labelencoder_X_9.fit_transform(X[:,
9))labelencoder_X_ 10=LabelEncoder()

X[:, 10] = labelencoder_X_10.fit_transform(X[:,
10])labelencoder_X_ 11=LabelEncoder()

X[:, 11] = labelencoder_X_11.fit_transform(X[:,
11])labelencoder_X 12=LabelEncoder()

X[:, 12] = labelencoder_X_12.fit_transform(X[:,
12])labelencoder_X 13=LabelEncoder()

X[:, 13] = labelencoder_X_13.fit_transform(X[:,
13])labelencoder_X 14=LabelEncoder()

X[:, 14] = labelencoder_X_4.fit_transform(X[:,
14])labelencoder_X_ 15=LabelEncoder()

X[:, 15] = labelencoder_X_15.fit_transform(X[:,
15])labelencoder_X_ 16=LabelEncoder()

X[:, 16] = labelencoder_X_16.fit_transform(X[:,
16])labelencoder_X_ 17=LabelEncoder()

X[:, 17] = labelencoder_X_17.fit_transform(X[:,
17])labelencoder_X 18=LabelEncoder()

X[:, 18] = labelencoder_X_18.fit_transform(X[:,
18])labelencoder_X 19=LabelEncoder()

X[:, 19] = labelencoder_X_9.fit_transform(X[:,

19])onehotencoder=0OneHotEncoder(categorical_features=[1])



X=onehotencoder.fit_transform(X).toarray()X

=X[:,1:]

fromsklearn.model_selectionimporttrain_test_split

X_train,X_test,y _train,y_test=train_test_split(X,y,test_size=0.2)fromskl
earn.preprocessingimportStandardScaler

sc=StandardScaler()

X_train=sc.fit_transform(X_train)

X_test =

sc.transform(X_test)importkeras

fromkeras.models import

Sequentialfrom keras.layers import

Denseclassifier=Sequential()
classifier.add(Dense(output_dim=6,init="uniform’,activation="relu’,input_dim=20))
classifier.add(Dense(output_dim = 6, init = 'uniform’, activation =
'relu’))classifier.add(Dense(output_dim = 1, init = 'uniform’, activation =
'sigmoid’))classifier.compile(optimizer="adam’,loss="binary_crossentropy',metrics=[
‘accuracy'])

classifier.fit(X_train, y_train, batch_size = 10, nb_epoch =
100)y_pred=classifier.predict(X_test)

y_pred=(y_pred>0.5)

fromsklearn.metrics import
confusion_matrixcm=confusion_matrix(y_tes

t,y_pred)

fromsklearn.discriminant_analysis import LinearDiscriminantAnalysis as
LDAIda=LDA(n_components=1)
X_train=Ida.fit_transform(X_train,y_train)X test=

|da.transform(X_test)
fromsklearn.ensembleimportRandomForestClassifier

classifier = RandomForestClassifier(max_depth=2,
random_state=0)classifier.fit(X_train,y_train)

y_pred=classifier.predict(X_test)



fromsklearn.metrics import
confusion_matrixfromsklearn.metricsimporta

Ccuracy_score

cm = confusion_matrix(y_test,
y_pred)print(cm)
print(‘Accuracy'+str(accuracy_score(y_test,y_pred)))™
Knn"
fromsklearnimportmetrics
from sklearn.neighbors import
KNeighborsClassifierfromsklearn.linear_modelimpor
tLogisticRegressionfrom sklearn.model_selection
import train_test_split"ChiFeature ExtractionStart™
fromsklearn.feature_selection import
SelectKBestfromsklearn.feature_selectionimport
chi2
X=X.astype(int)
X_train=
X_train.astype(int)X_test=
X_test.astype(int)chi2_features=S
electKBest(chi2)
X _kbest features_train=chi2_features.fit_transform(X_train,y_train)print(‘Origin
alfeaturenumber:',X.shape[1])
print(Reduced feature number:’,
X _kbest features_train.shape[1])X_kbest features_test =
chi2_features.fit_transform(X_test,
y_test)print(‘Originalfeaturenumber:',X.shape[1])
print(Reduced feature number:’,
X _kbest_ features_test.shape[1])"'End™
k_range=list(range(1,26))s
cores=[]
forkink_range:

knn =



KNeighborsClassifier(n_neighbors=k)knn.fit
(X_kbest_features_train,y_train)



y_pred =
knn.predict(X_kbest_features_test)scores.append(metrics.accuracy_score(y_tes

t,y_pred))

importmatplotlib.pyplot as

pltplt.plot(k_range,

scores)plt.xlabel('Valueofkfor

KNN")plt.ylabel('AccuracyScor

e’)
plt.title("AccuracyScoresforValuesofkofk-Nearest-Neighbors')plt.show()
knn =

KNeighborsClassifier(n_neighbors=12)knn.fit
X, y)

knn.predict([[0.990813,-1.50883,-0.436021,1.04317,-0.653768,-
0.426607,0.330896,-0.848089,-1.17851,1.55922,-0.728968, -
0.720422,1.55455,-0.792075,-0.788519,0.372455,0.837616,-0.537015,-
0.414516,-1.45381]])
knn.predict([[-1.00927,-1.43637,-0.436021,-0.958612,-0.653768,-
0.954689,0.330896,-0.848089,0.175706,-0.641344,-0.728968,-0.720422 -
0.643274,-0.792075,1.2682,-
0.826637,0.837616,0.397371,0.439018,1.25887]])knn.predict([[0,6511,0,0,0,2,1,0,
1,0,0,0,0,0,0,0,1,2,729,925]])
knn.predict([[1,2564,0,0,0,2,1,0,0,1,1,0,0,0,0,0,1,3,436,157]])"

"SVM™

import pandas as
pdimportnumpyasnp
importmatplotlib.pyplot as pltfrom
sklearn.svm import
SVCsuvclassifier =
SVC(kernel='linear')svclassifier.fit
(X_train,y_train)

y_pred=svclassifier.predict(X_test)



fromsklearn.metricsimportclassification_report,confusion_matrix



print(confusion_matrix(y_test,y_pred))print(class
ification_report(y_test,y pred))

""RandomForest™

fromsklearn.discriminant_analysis import LinearDiscriminantAnalysis as
LDAlda=LDA(n_components=1)
X_train=Ida.fit_transform(X_train,y_train)X test=
|da.transform(X_test)
fromsklearn.ensembleimportRandomForestClassifier
classifier = RandomForestClassifier(max_depth=2,
random_state=0)classifier.fit(X_train,y_train)
y_pred=classifier.predict(X_test)

fromsklearn.metrics import

confusion_matrixfrom sklearn.metrics import
accuracy_scorecm =

confusion_matrix(y_test, y_pred)print(cm)

print('Accuracy'+str(accuracy_score(y_test,y pred)))
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