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1.0 Introduction:
1.1 Ahgtract:

Pakistan hosts the world’s largest and most experienced telecom companies. The number of
mobile subscribers has reached 123 million, with more than 90% of country having cellular
services, and with a tele density of over 62% as of January 2013.

In our project we first perform customer segmentation using different algorithms and analyzing
customer behavior over a period of 6 months, followed by recharge prediction using IBM SPSS
and finally creating reports.

Customer segmentation is to classify customers into different groups according to one or more
attributes. Due to a fierce competition between different telecom companies, {0 generate
maximum revenue and to retain their customers requires the need for a company to better
analyze their customers for producing optimal price plans and reducin g churn,

Moreover, we created a recharge prediction model to understand how the business will perform
in the future.

Finally, BI Reports were generated to analyze Key performance indicators and help companies
evaluate previously-made decisions and answer questions through layout-led and data-led
discovery and data mining.
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As Pakistan holds competitive and fluid telecom industry, creating profit and loyal customers is
one of the major targets of the telecom companies. For this purpose companies must understand
their customers. In order to fulfill this need data mining technique clustering js used.

Clustering classifies customers into different groups (clusters) on the basis of selected attributes
which is helpful in separating customers and dividing them into similar groups. So different and
selected pricing plans can be offered to customers of different groups (clusters) to reduce churn,
retain a good customer base and increase profits.

In this research we will be using K-means clustering algorithm to classify real time data using

attributes ; customers total revenue, voice call revenue, voice call duration, voice call on net

duration, voice call off net duration, voice call off net revenue, sms revenue, sms frequency and




recharge amount. We selected K-means algorithm because it produced better results compared to
other algorithms such as 2-step clustering which we also tested on the data.
Furthermore we will also be predicting the recharge of the customer using a prediction model.

Lastly useful insights will be presented using BI reports to better understand the trends and
outcomes of the model on the basis of which decisions will be made 1o increase profits, reduce
churn and retain the customers of the company.

Customer Behavioral Segmentation and Recharge Prediction of Telecom Company of Pakistan
Using Machine Learning Algorithms. We were provided with real time data of a
telecommunication company on which we had to apply machine learning algorithms to extract

useful information and patterns and generate reports.

Data mining is the computational process of discovering patterns in large data sets involving
methods at the intersection of artificial intelligence, machine learning, statistics, and database
systems. The overall goal of the data mining process is to extract information from a data set and

transform it into an understandable structure for further use. (Wikipedia)
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Analytics is the discovery and communication of meaningful patiems in data. Especially
valuable in areas rich with recorded information, analytics relies on the simultancous application

of statistics, data mining techniques and operations research to quantify performance. Analytics

often favors data visualization to communicate insight. (W ikipedia)




1.6 Importance of Data Analviics:

Higher performance outcomes,
powered by analytics

. Customer Profiling and Segmentation.
. Churn Prediction.

. Identifying frauduient activity.

. Prediction Models.

. Network analysis.

1.6 Technioues o

Following are some techniques used in our project:
. Clustering
o Prediction Mode]

We used following tools in our project:
. WEKA
. IBM SPSS Statistics
. IBM SPSS Modular
. ORACLE i0g
. Google Refine

Following are the objectives of our project.
©  Literature review.

© Reguirements analysis.

*  Data Representation.




*  Data Preprocessing,
* Clustering,

¢« Revenue Prediction Model.

Following are the modules of the project;

1. Data preparation/data pre-processing
e Aggregate data (c.g. daily sales into weekly etc)

e Sampling of data

e Dimensionality reduction
e Feature selection
e Discretizing (switching from real to integer values)

e Attribute transformation {from old attributes to new attributes)

2. Defining the study (what is to be mined)
e Understanding limits(set of problems faced by a user)
¢ Choosing an appropriate study
¢ Types of studies
s Selection of elements for analysis
e lssue of sampling

e Reading the data and building the model

3. Model accuracy

e Power of model to provide correct and reliable information.




4. Model intelligibility
e Refers (o the characteristic of being easily understood by different

peopie with different degrees/types of training.

5. Performance of Model
¢ The performance of a data mining model defined by both the time
needed to be built and its speed of processing data in order to provide

a prediction.

6. Noise handling
e Each model has a threshold of tolerance to noise and this is one of the
reasons for an initial data pre-processing stage.
7. Clustering/Segmentation

¢ Grouping customers into distinet groups based on some attributes.

8. Recharge Prediction Model

¢ Predicting customer recharge based on ground realities.

Y. Financial and Operational Reporting

¢ Generating Financial and Operational reports for the organization so

that the organization can analyze its performance and can plan what

to do.
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1. Customer Segmentation and Analysis of a Mobile Telecommunication Company of
Pakistan using Two Phase Clustering algorithm

*  Binning
® Two-Phase algorithm for clustering




e Mapping Clusters on Bins
¢ Marketing Strategies

2. Case study on cluster analysis of the telecom customers based on consumers’
behavior.

e Kohonen clustering algorithm to generate customer types

e The clustering results were arranged to the eight quadrants

3. Prepaid Telecom Customers Segmentation Using The K-Mean Algorithm
e Used K-Means Clustering

e Created 7 Clusters, depending on the recharge amount
e Bl Report

3.0 Metbodology:

3.1 Data Collection:

e We gathered our Dataset from 3* Party company

e It’s areal ime Data of Telecom company of Pakistan
e 40000 Subscribers Data for 6 Months

e 3 General attributes for whole 6 Months

e 17 Attributes for each Month

e Usage, Revenue & Recharge Data
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w2 Bata Attributes:

General Attributes:

s SUBSCRIBER ID,
o TENURE,
e ARPU,

Month 1 Attributes:

e MI _TOT REVENUE,
M1 _CALL DUR,

M1 _CALL FREQ,

M1 CALL REV,
MI_CALL_ONNET DUR,
M1_CALL _ONNET FREQ,
M1 _CALL_ONNET REV,
M1_CALL OFFNET DUR,
MI1_CALL_OFENET FREQ,
MI1_CALL OFFNET REV,
M1_SMS_FREQ,

M1 _SMS REV,

MI1_CALL FIXLINE DUR,
M1 _CALL FIXLINE FREQ,
M1_CALL FIXLINE_REV,
M1_NO_OF RECHARGES,
M1_RECHARGES_AMT

e & € @

L]
]
&

Note: All 6 months have attributes similar to the attributes mentioned in Month 1 Attributes
section.




4.0 Exployatory Data Analyvsis (ED

4.1 Definition:

In statistics, exploratory data analysis (EDA) is an approach 1o analyzing data sets io
summarize their main characteristies, often with visual methods. A statistical model can be used
or not. but primarily EDA is for seeing what the data can tell us beyond the formal modeling oy
hypothesis testing task. Exploratory data analvsis was promoted | by John Tukey 10 encourage
statisticians to explore the data, and possibly formulate hypotheses that could Tead to new dara
collection and experiments. EDA is different from initial data analysis (1D A}, which focuses
more narrowly on checking assumptions required for model fitting and 1 hypothesis testing, and
handiing missing values and making transformations of variables as needed. EDA ENCOMpasses
IDA.

Month 1 Total Revenue:

Sefected atiribute

Name: M1_TOT_REVENUE Typa: dumeric
Missing: [ (D%} Di finci: 8987 Unique: 2896 (7%
Btatistic Yalue
Minimuam 0 i
Maximuny 1230.05 i
s 183,378
SidDev 125,691
Cizas: M1 RECFARGE&» _AMT fwumf v Visuslize Al
I
LT

T
) WMWWW
3 T 1
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Outgoing Voice Call Revenue:

Lelected stiribute
Neme; MI1_0G_YOICE_Cali REY
Missing: 0 (0%} Distinct: 84906

Type: Numer
Urégue: 3072 (8%,

findms

Yalue

@i

1230,

=
Mean

[y
[e.n)
i

I
I

i

£
jw

Dev
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LR ]
oy

o
[an
(=3
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o
57

Class: MI_RECHARGES_AMT {um}
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T
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Outgoing On-net Voice Calls Revenue:

Selected stirbute
Name: MI1_0G_VOICE_CALL_ONNET REY
Missing: 0 {0%} Distinct: 4665

Ty Numerie
Urique: 1638 (5%}

: Slahatc

Wirsimem

Value
i

Mavimur

TieE

Mean

58,680

StdDex

182,597

Clpss: M3_RECHARGES_AMT (Num)

JF



Outgoing Voice Call Off-net Revenue:

Selected aiiribute

Hame: MI_0G_VOICE_CALL OFFHET_REVY

Mimsing: D 0%

Type: Numeric
Unique: 2385 594}

| biztistic

HinirmLm 0
Maimumm 11222.5
Mean 08,479
StdDev 196,767
Cless: M1_RECHARGES_AMT {Hum) v Visuglioe Al
_M"iﬁ)-_
| } m% : i
12225




Outgoing SMS Revenue:

Selected stithute
Wame: M1 0G SME CALL REV

Type: humearic
Higsing: 0 ID%: Diatinct: 260

Hrinuer 127{0%)

Sigtistic Valus
Mirum fi

MEimum

60
Mean 384
[StdDey 13.8% |

{lass: M1_RECHARGES _AMT (hum)

v Visugle Al

B




Recharge Amount:

Gelerted attribute
Mame: MI_RECHARGES AMT Type: Mumeric
Missing: 0 {0%) Distinct: &2 Unigue: 16 (0%}

Siatistic Valus
Mirimim 0
Iaxinem 2500
Mear 180,11
| StoDen 143,538

| Class: MI_RECHARGES_AMT fum) v Gowle

D O




4.2 Overall EDA of our Selected Attributes:

Freld ; Sarﬁp;e_s_rapn B ' Messuwmehl_ uin ”_l.%a)_c___ ) ' Mean . Sd.Dev Unique Valid h
{&r SUBSCRIBER_ID mmﬂ Cortimuous BO.000 0%07B30.000 7410035.740 1BIBATTE2T .. - 40004
% TENURE “] ﬁ]” Continugus 182,000 2199.000 TEG.EHE H1E00Z - 40000
{7 ARPU I"I m m“ “Iﬂi e & Corlinuous 14 005 20000 173450 2077 . - L0606
i
e GAP_WNO_DUTGOIMNG_VOICE ¥ Continuous 1.064 142060 3138 3706 - EXC]
}
W W1_TOT_REVENUE Mﬂ & Confinugus 0.009 1230.080 103,378 1A0.6891 - 20000
S W_00G_VOICE_CALL_DUR & Confinuous G000 251887.000 2433983 4013875 - 40000

<@ W_OG_VOICE_CALL_FRED ﬁ & Centinuous a.060 1005604 a7.140 34447 - 200068
8 11_OG_VOICE_CALL_REV W & Confinuaus 0.000 1230 056 160,434 126140 - 40000

W 106 _VCICE_CALL_ONNET . & Continuous 0000 240880000 1412.504 4761018 - 40000
& W_DG_VOICE_CALL_ONNET_. . & Continuous 0.000 848.000 23.57F 21842 - 40660

e Initial Data Analysis is carried out

¢ All attributes Means, Ranges & Standard Deviations are analyzed

» It was analyzed that Fixline durations, frequencies & revenues for all 6 months have a
very low mean values

e Fixline attributes are removed from the dataset (For Segmentation Model)

e Total number of Instances = 40000

e Total number of Attributes =105

e Total number of Attributes for Month 1 =17

e  Missing Instances in Month 1 = 6947(in total 17 attributes




5.0 UnSupervised Learning:

In machine learning, the problem of unsupervised learning is that of trying to find hidden
structure i unlabeled data. Since the examples given to the learner are unlabeled, there is no
error or reward signal to evaluate a potential solution.

T o O N U
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Null Values Handling:

¢ There were almost 6947 in Month 1

e Nuli Values are handled by replacing them with Zero

® As Null values shows no activity so replacing them with Zero is justified through
Business Logic

1. Anomaly Detection:
* Anomaly Detection Node in IBM SPSS Modeler is used
* It not only detects outliers in complete dataset
» It uses Two Step Clustering algorithm & detects anomalies within the clusters as well
e It determines ratio of the group deviation index to its average over the cluster that the
case belongs to
e Anomaly index value is set at 2 %

2. Sparseness of Data:
e Sparseness of data is checked
e Sparseness of data increases by replacing Zero’s as Null values
e Rows with all null values are removed to handle Sparseness

3. Attribute Selection:
e Correlation for all attributes were calculated with Total Month’s Revenue
* To get Discrete Clusters for all Six Models, different combinations were {ested
e Finally, 9 Best attributes Selected on the basis of Human Intelligence with Silhouette
Value 0.5 & Above for Clusters.




1. Correlation:
e Correlation for first month’s all attributes is carried out
e Keeping the Business logic in view
*  Wetook only 9 most important attributes in our Model
¢ Their correlation with Month’s revenue is shown below

2. Selected attributes for 6 Segmentation Models:
The Attributes are as follow:
s Total Month's Revenue
e Call Duration
e (Call Revenue
¢ On-net Call Duration
e Off-net Call Duration
e  Off-net Cal] Revenue
e SMS Frequency
e SMS Revenue
¢ Month’s Recharge Amount

Correlations

1 _TOTREY | Wt _CALLDU | W1_CALL_RE | M1_CALLLON | Mi_CALL_OF | WI_GALL_OF | WI_OG_SMS | 110G SKG | i RECH

: ENUE R ¥ KETDUR | FNET.DUR | FNETREV | FREQ REY | GES A

BRENUE  Paarson Comelaton f 27 Yy e w5 T 136 164 i

5 Si. {-1elec) iy 000 00 200 0 000 200 ‘

St o Squares and GP2FT12650 | BAMGRRIZ5 | GEOOTAAGLO | SUGOBIG | 2RMGOSROD | STRAMLSTAT | 4307128 | 11T0A30E | Eneetn
Cross-products

Covatiance 10816700 | 20842308 | TREMBNG | URMDAAEY | TISRAZS | od7iof 107 547 WATE | 156D

K 0900 40000 10600 10560 106000 40040 40000 40000 1

Figure5.4.1
Figure 5.4.1 shows the correlation for the first month’s attribute with first month’s total revenue
attribute. Similarly all attributes were checked against ali others for the correlation values. These
steps were repeated for the rest of 5 months as well to determine and select attributes for
Segmentation Model of these months.
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Figure 5.4.2
Figure 5.4.2 shows the correlation graph of first month’s total revenue with the first month’s
voice call revenue.

Cluster analysis or clustering is the task of grouping a set of objects in such a way that objects in
the same group are more similar to each other than to those in other groups. We used two
different type of clustering algorithm, Two step clustering algorithnt is discussed but only K-
Means algorithms results & further findings are shown below.

Two Step Clustering Algorithm:

TwoStep Clustering Component is a scalable cluster analysis algorithm designed to handie very
large datasets. Capable of handling both continuous and categorical variables or attributes, it
requires only one data pass in the procedure, In the first step of the

Procedure, you pre-cluster the records into many small sub-clusters. Then, cluster the sub-
clusters from the pre-cluster step into the desired number of clusters. If the desired number of
clusters is unknown, the Two Step Cluster Component will find the proper number of clusters,
Two step cluster method is an algorithm which can handle up to a large amount of data, this
algorithm has several features which distinguish it from conventional clustering techniques:




Auto cluster number selection:

It compares the values of a model choice standard across different clustering solutions.
This method can automatically determine the ideal number of clusters required.
Scalability:

It creates a cluster feature tree which summarizes all the records, and the two step
algorithm provides you with the ability to evaluate very large datasets.

Categorical and continnous variable handling:

It assumes that the variables are not dependent on each other; it handles both the

continuous and categorical data.

Approach for the Algorithm:

The first step makes a single pass through the data to compress the raw input data into a
manageable set of subclusters.

The second step uses a hierarchical clustering method to progressively merge the
subclusters into larger and larger clusters.

TwoStep has the advantage it can handle mixed field types and large datasets efficiently.
9 Attributes included in our approach after analyzing the correlation of all data attributes
month wise & selecting best possible attribute through human intelligence.

Number of clusters 5 was selected by depending on our project domain & scope.

This Algorithm does not suite our required scope of the project. We needed 6 segmentation

models for 6 months using same attributes & to fine tune the models with same atiributes

for entire 6 models we needed more flexible clustering algorithm. Two Step Algorithm

does not provide us with good cluster quality having low silhouette values for almost all the

6 models.




Results of Using Two Step Clustering:
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K-Means Clustering Algorithm:

Following are main features of K-Means algorithm;

1. HItis an unsupervised clustering algorithm.

2. K stands for number of clusters to be formed.

3. Means mean that it uses cluster mean to group data.

2. It runs in multiple iterations.

3. It stops when means of clusters stop changing there positions.

4. If distance between clusters is more and within cluster distance is Jess then this means that
algorithm has properly clustered the data.

Working;:

L. Initially the algorithm randomly places k points into the space represented by the abjects
that are being clustered . These points represent initial cluster centers.

2. Assign each object to the group that has the closest centroid.

3. When all objects have been assigned, recalculate the positions of the k centroids, hence
changing positions.

4. Repeat step 2and 3 untill the centroids no longer move. This produces a separation of the
objects into groups.

5. K-means is an iterative algorithm; an initial set of clusters is defined, and the clusters are

repeatedly updated until no more improvement is possible (or the number of iterations

exceeds a specified limit)

Approach to the Algorithm

The k-means method is a clustering method, used to group records based on similarity of
values for a set of input fields. We have almost 17 attributes per month with data of 6
months. Our project scope is to track migrations within the clusters of similar quantities in 6
different segmentation models.

As this algorithm regulates around the user defined number of clusters, Heratively assigns

records to clusters, and adjusts the cluster centers until the defined number is reached &

refinement can no Jonger improve the model.




e  We used variable number of lterations for this model from 25 1o 30, to adjust the cluster

@ quality using same 9 attributes (which gave best possible correlation while pre-processing),

v we maintained the cluster quality for these 6 segmentation models by adjusting this iteration
quantity.

¢ Selected attributes to perform K-means Clustering Algorithm are mentioned in Pre-
Processing.

e We determined 5 clusters in all 6 models using this algorithm & categorized them into 5
categories by analyzing ‘Revenue’, *Call Revenue’ & ‘Recharge Amount” for every cluster.

o Categories for the respective 5 clusters are as given below in the table:

Results of using K-means Algorithm:

Cluster Sizes
Cliyster

Model Summary

Algrrithim F-higans ¢lustsr b
tnputs Bl
Clusters
Sizo ol Swallest Ciustn 38 .14 ‘
i : !
. s Size of Largedt Clumo: i
¥ T T i ;
g Rt (13 05 15 -
SHhouatte masaure of colioninn wid xaparation i Ratio of Sizes: .
Largest Cluwet 1o i B
Smallest Cluster
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6.2 Definition of Clusters:
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Cluster 1

Cluster 2

Cluster 3

Cluster 4

Cluster 5

Low Revenue

High Revenue

High Revenue

Average
Revenue

Low Revenue

1 Low Call

High Call

High Call

Average Call

Low Call

1 Revenue Revenue Revenue Revenue Revenue

| Low Recharge High Recharge Average Average Average

- Amount Amount Recharge Recharge Recharge
Amount Amount Amount




6.3 Graphical Representation of Clusters for all 6 months:

7.0 nter Claster Migrations:

e Inter-Cluster Migrations were analyzed

* Migration of customers from one cluster in a particular month to another cluster in
next month, were recorded

* Migrations from Month [ to Month 6 were recorded

O

Month 2
C1 Cz C3 C4 C5
1 31.15% 0.41% 0.00% 40.69% 19.46%
Cc2 30.50% 10.39% 0.17% 32.92% 25.91%
_ c3 28.75% 0.00% 48.75% 18.75% 3.75%
Month (€4 23.83% 5.30% 0.17% 44.81% 27.43%
1 C5 31.57% 23.68% 0.00% 28.94% 15.79%

Month 3

C1 C2 €3 ca cs

Cl  37.64% 0.08% 11.32% 50.56% 0.41%

c2 36.78% 0.00%  14.98% 48.18% 0.05%

c3 10.00%  12.50%  0.00% 29.17%  48.33%
Month €4 49.81% 0.01% 12.31% 37.54% 0.32%
2 C5  48.87% 0.03% 15.20% 35.68% 0.21%




Month 4
3 c1 c2 3 c4 5
R o 39.28% 10.75%  0.06% 1.79%  48.11%
C2 21.43% 0.00% 71.43% 3.57% 3.57%
L L3 45.48% 12.00% 0.08% 1.44% 40,99%
Month €4  46.85%  46.85%  0.24% 2.27%  38.54%
3 c5 32.58% 4.49% 41.01% 5.06% 16.85%
Month 5
: C1 c2 C3 C4 C5
1 44,89% 0.17% 13.61% 0.07%  41.28%
L C2 41.63% 0.07% 13.57% 0.09%  44.65%
_ C3 34.25% 46.58% 4.11% 0.00% 15.07%
Month €4 43.69% 0.39% 11.70% 0.13% 44.08%
A 5 36.91% 0.04% 11.91% 0.05%  50.55%
b © Monthe
T C1 c2 C3 C4 Cs
C1 59.47% 7.68%  0.16% 1.21%  31.46%
C2 40.74% 0.00% 47.22% 1.85% 10.19%
C3 41.93% 13.51% 0.04% 1.24% 43.28% |
Month €4  37.50%  29.17%  0.00% 4.17%  29.17%
5 C5  44.18% 8.49%  0.56% 1.34%  45.93%
7.2 Migrations Report
Fluster KName 1% Subs | Subs | % Subs |5
1 l.ow Total Revenue, Low Call Revenue, Low Recharge Amount 51 19992 295 11
- 2 High Total Revenue, High Call Revenue, High Recharge Amount 7.7 3010 53 2(
3 High Total Revenue, High Call Revenue, Avg. Recharge Amount 0.2 80 23,2 S0
il 4 Avg. Total Revenue, Avg. call Revenue, Avg, Recharge Amount 41 16080 ] 1
. 5 Low Total Revenue, Low Call Revenue, Avg. Recharge Amount 0.1 38 41.7 16




Cluster  Name | % Subs | subs| % Subs |st

1 Low Total Revenue, Low Call Revenue, Low Recharge Amount 285 11563 41.5 16

2 High Total Revenue, High Call Revenue, High Recharge Amount 5.3 2069 12.8 5(

3 High Total Revenue, High Call Revenue, Ave. Recharge Amount 23.2 5091 0.1 :

4 Avg. Total Revenue, Avg. cail Revenue, Avg, Recharge Amount 0.3 120 0.5 1

5 Low Total Revenue, Low Call Revenue, Avg. Recharge Amount 41.7 16357 452 17
Cluster Name

1 Low Totai Revenue, Low Call Revenue, Low Recharge Amount 41.5 16263 43.2 16

2 High Total Revenue, High Call Revenue, High Recharge Amount 2.8 5015 11.4 4

3 High Total Revenue, High Call Revenue, Avg. Recharge Amount 0.1 28 0.4 1

4 Avg. Total Revenue, Avg. call Revenue, Ave. Recharge Amount 0.5 178 2 7

- 5 Low Total Revenue, Low Call Revenue, Avg. Recharge Amount 4572 17716 43,1 16

MNarne Subs | %Subs | St
Low Totai Revenue, Low Call Revenug, Low Recharge Amount 43.2 16924 41.2 16
High Tota! Revenue, High Call Revenue, High Recharge Amount 11.4 4482 12.8 5(




High Total Revenue, High Call Revenue, Avg. Recharge Amount 0.4 146 0.3 1
Avg. Total Revenue, Avg. call Revenue, Avg. Recharge Amount 2 769 0.1 :
Low Totai Revenue, Low Call Revenue, Avg. Recharge Amount 43.1 16879 45.6 17

Name 1 % Subs | Subs | % Subs | st
Low Total Revenue, Low Call Revenue, Low Recharge Ameunt 41.2 16170 50.2 19
High Total Revenue, High Call Revenue, High Recharge Amount 12.8 5018 8.8 3¢
High Total Revenue, High Call Revenue, Avg. Recharge Amount 0.3 i08 0.2 H
Avg Total Revenue, Avg. call Revenue, Avg. Recharge Amount 0.1 24 1.3 5
Low Total Revenue, Low Call Revenue, Avg. Recharge Amount 45,6 17880 39.5 15
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7.3 Graphical Representation of Mi
i ki

¢x
fied

-

7.4 Analyzing Migration Trends to Month 6

*  While Analyzing Migration Matrix for Month 5 to Month 6

* Month 5 Cluster 2 is High Revenue Cluster its major portion of 40.47% is moved to
Month 6 Cluster 1(LOW Revenue Cluster)

e Itisalarming situation for the company

¢ Company should immediately throw marketing campaigns for this portion of
subscriber to increase retain their revenue

e Next target should be Month 5 Cluster 3 which is second High Revenue Cluster of
Month 5, its major portion of 41.93% has moved to Month 6 Cluster I{LLOW Revenue
Cluster)




8.0 Supervised Learning:

Supervised learning is a type of machine learning algorithm that uses a known dataset (called the

training dataset) to make predictions. The trainin g dataset includes input data and response values.

From it, the supervised learning algorithm seeks to build a mode] that can make predictions of the

response values for a new dataset. (Matlab Works}.

A supervised learning algorithm analyzes the training data and produces an inferred function,

which can be used for mapping new examples. An optimal scenario will allow for the algorithm

to correctly determine the class labels for unseen instances. This requires the learning algorithm to

generalize from the training data to unseen situations in a "reasonable” way.

In order to solve a given problem of supervised learning, one has to perform the following steps:

¢ Determine the type of training examples. Before doing anything else, the user should

decide what kind of data is to be used as a training set. In the case of handwriting analysis,
for example, this might be a single handwritten character, an entire handwritten word, or
an entire line of handwriting.

e Gather a training set. The training set needs to be representative of the real-world use of
the function. Thus, a set of input objects is gathered and corresponding outputs are also
gathered, either from human experts or from measurements.

 Determine the input feature representation of the learned function. The accuracy of the
learned function depends strongly on how the input object is represented. Typically, the
input object is transformed into a feature vector, which contains a number of features that
are descriptive of the object. The number of features should not be too large, because of
the curse of dimensionality; but should contain enough information to accurately predict
the output.

* Determine the structure of the learned function and corresponding learning algorithm. For
example, the engineer may choose to use support vector machines or decision trees.

¢ Complete the design. Run the learning algorithm on the gathered training set. Some
supervised learning algorithms require the user to determine certain control parameters.
These parameters may be adjusted by optimizing performance on a subset (called a
validation set} of the training set, or via cross-validation.

e EPvaluate the accuracy of the learned function. After parameter adjustment and learning,
the performance of the resulting function should be measured on a test set that 1s separate
from the training set.

8.1 Types of Supervised Learning:
Looking on the whole there are two types of supervised learning,




1. Classification
2. Regression

Following are the details of both types of machine learning,

Classification;

In machine leaming and statistics, classification is the problem of identifying to which of a set of
categories a new observation belongs, on the basis of a training set of data containing observations
whose category membership is known.

An example would be assigning a given email into "spam" or "non-spam" classes or assi aning a
diagnosis to a given patient as described by observed characteristics of the patient (gender, blood
pressure, presence or absence of certain symptoms, etc.).

In the terminology of machine learning, classification is considered an instance of supervised
learning, i.e. learning where a training set of correctly identified observations is available. The
corresponding unsupervised procedure is known as clustering, and involves grouping data into
categories based on some measure of inherent similarity or distance.

Often, the individual observations are analyzed into a set of quantifiable properties, known
variously explanatory variables, features, efc. These properties may variously be categorical (e.g.
"AY, "B, "AB" or "O", for blood type), ordinal (e.g. "large", "medium" or "small "), integer-valued
(e.g. the number of occurrences of a part word in an email) or real-valued (e. g. a measurement of
blood pressure). Other classifiers work by comparing observations to previous observations by
means of a similarity or distance function.

An algorithm that implements classification, especially in a conerete implementation, is known as
a classifier. The term "classifier" sometimes also refers to the mathematical function, implemented
by a  classification  algorithm, that maps input data to a category.

Regression:

Regression analysis is a statistical process for estimating the relationships among variables, With
reference to our project we have used classification to solve the problem. Some details about the
regression process are as follow.

Regression mcludes many techniques for modeling and analyzing several variables, when the
focus is on the relationship between a dependent variable and one or more independent variabies.
More specifically, regression analysis helps one understand how the typical value of the dependent
variable (or 'criterion variable') changes when any one of the independent variables is vari ed, while
the other independent varjables are held fixed. Most commonly, regression analysis estimates the
conditional expectation of the dependent variable given the independent variables — that is, the
average value of the dependent variable when the independent variables are fixed. Less commonly,
the focus is on a quantile, or other location parameter of the conditional distribution of the
dependent variable given the independent variables. In all cases, the estimation target is a function
of the independent variables called the regression function. In regression analysis, it is also of
interest to characterize the variation of the dependent variable around the regression function
which can be described by a probability distribution.

Regression analysis is widely used for prediction and forecasting, where its use has substantial
overlap with the field of machine learning. Regression analysis is also used to understand which
among the independent variables are related to the dependent variable, and to explore the forms of




these relationships. In restricted circumstances, regression apalysis can be used to infer causal
relationships between the independent and dependent variables. However this car lead to illusions
or false refationships, so caution is advisable,

9.0 Data Preprocessing:
Data preprocessing includes different stages such as:
e Data Cleansing,
e Attribute selection.
e Data Transformation.
¢ Class Imbalance problem.
e Sparseness of data.
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ansing:

® se Handling;:
It includes removing outliers from vour data because they effect your results badly. Qutlier
is that data which lies on the boundary of your graph.

¢ Duplicate removal:

Removing duplicate records from the data as they can affect the result,
¢ Anomaly Removal:

Removing anomalous records from the data as they can also effect the results. As for
prediction model we removed records using anornaly index of 1% as we did not want to
lose more records with class values False. Records with class value false were already less
so in order to save those records we reduced the anomaly index from 2% (as used in
segmentation model) to 1%.

e (lass Imbalance Problem:

Occurs when the total number of a class of data (positive) is far less than the total number
of another class of data (negative).

Most machine learning algorithms works best when the number of instances of each classes
are roughly equal. If there is class imbalance problem, this mi ght result in biasness towards
the class which greater,

Initially in our case we had only 15% of the records with recharge amount=0, i.c the records
labeled as Faise were only 15% instead of those labeled as True were 85%. This would
result in biasness towards the True class.

Handling the class imbalance problem:

We handled the class imbalance problem by using the balance node in the modeler. Balance
node is used to adjust the ratios of the class records in order to balance them in data and
get better results.




After balancing we were able to obtain the proportion of around 45% for false records and
55% for the true labeled records.

value - _ Propottion
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In machine learning and statistics, feature selection, also known as variable selection, attribute
selection or variable subset selection, is the process of selecting a subset of relevant features for
use in model construction.
The central assumption when using a feature selection technique is that the data contains many
redundant or irrelevant features. Redundant features are those which provide no more information
than the currently selected features, and irrelevant features provide no useful information in any
context.
Feature selection techniques are a subset of the more general field of feature extraction. Feature
extraction creates new features from functions of the original features, whereas feature selection
refurns a subset of the features. Feature selection techniques are often used in domains where there
are many features and comparatively few samples (or data points).
Feature selection techniques provide three main benefits when constructing predictive models:

e Improved model interpretability.

e Shorter training times.

e Enhanced generalization by reducing over fitting.

S L;.r
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In accordance with our data we selected features on the basis of foliowing factors.

¢ Maximum percentage of missing values:

Sereens fields with too many missing values. Fields with a large percentage of missing
values provide little predictive information.




e Maximum number of categories as a percentage of records:

Screens fields with too many categories relative to the total number of records. If a hi gh
percentage of the categories contains only a single case, the field may be of limited use.

e Minimum coefficient of variation:

Screens fields with a coefficient of variance less than or equal to the specified minimum.
This measure is the ratio of the input field standard deviation to the mean of the input field.

¢ Minimum standard deviation:
Screens fields with standard deviation less than or equal to the specified minimum.

On the basis of all these factors we selected 92 features. Some of them are as shown in the figure,
soreen fislds with:

 Wavimum percentage of missing values 7005
& Maximum percentage of records in 3 aingle category 90.0 i
 Maximum number of categaries as 3 percentags of records 850 2

W Winimum coefficient of variation

W Minimum standard deviation
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B4 Partitioning of data:
We divided our data into three parts using the partition node.
e Training :

First partition was of 40% which was used to train the data for the model.
s Testing:

Second partition was 40% as well which was used for testing and further refining the
model.
e Validation:

Third partition was 20% which was used to validate the resuits of the model.
Partitions: o Train and test € Trabn, test and valigation

Traimning partition size: RSS2 K ?Ts“ssémﬂg

Testing partition gire: Lavel Testing

Vatkdaton partition size:

Lapel [valigation %
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We started with a baseline model for classification purpose and used different algorithms for this
purpose and further refined the model in order to get better results,

FFollowing is our baseline model.
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T4 Steps involved:
Step by step explanation of the model is as follow starting from the data node.
e Input Data:

Inserting data node in the mode and selecting the data file to be used for analysis. Data can
be in several formats like .cvs or .xIsx. I our case the data was in .xlsx format. In this node
we give the path of data file to the node so that it can be made ready for analysis.

o Deriving class:

Data node is then connected to derive node where we derive the flag class that is our target
class as well. Here we labeled the records having recharge amount > 0 as T (true) and the
records having recharge_amount = 0 as F (false). The new derived class is formed and

records are labeled accordingly.
e Selecting target class:

Derive node is further connected to type node where we define our target class. We select
the newly derived flag class as our target class.
e  Class imbalance:

Derive node is further connected to balance where we solve the class imbalance problem.
In balance node we set the ratios of the records in order to balance them according to our
need. In our case we balanced the class ratio as 1 ; (.45 . so we got 45% F labeled records
against 55% T labeled records.




®

Anomaly Detection:

Balance node is connected to anomaly node where anomalous data is removed. The
anomaly index is set to 1% in order to prevent loss of minimum possible records.
Feature selection:

Anomaly node is then passed fo select node where feature selection is done. Useful
attributes are selected on the basis of carlier described criterion. In our case we selected 92
features which were used for the classification purpose.

SRank Figld Measwemend imponsnce  Value
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o 753 Ma_0C_VOICE_CaL & Confinuous [ 10

N 76 Y MG_OG_YOICE_CAL . ¢ Continuous 1.

o 774 ME_OG_YOICE_CAL. . & Continuous 140

W 788 13_OG_VOICE_CAL . 4 Contiruous 190

ol TOE TENURE & Continuous 1.0

i B0 14_06_YOICE_CAL. & Confinuous 1.0

of BY W MI_NO_OF_RECHA. & Continuous

W 82 M4_OC_VOICE_CA. . & Continuaus 10
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Y U1 M1_0G_VOICE_CRL . ¢ Continuous mpert. (.48
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92 ) Mé_OG_VOICE_CAL . & Confinuous Jarginal 11931
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Filter Node:

“Selected node Is then connected 1o filter node from where only the selected attributes are

passed on to be used for classification.
Classification using different algorithms:

Finally the classification algorithms are applied and mode! is refined in accordance with
the algorithms.
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Analysis:
Finally the resulting nugget is connected to the analysis node in order to analyze the results.

We used three algorithms for our model and selected the best algorithm in accordance with our
model.
Following are the classification algorithms that we used in our model:

¢ C 5.0 decision tree algorithm
o Neural Networks
¢ Discriminant

TLE OO0 Decision tree aloorithn

C 5.0 is an algorithm used to generate a decision tree developed by Ross Quinlan. C 5.0 is an
extension of Quinlan's earlier ID3 algorithm. The decision trees generated by C 5.0 can be used
for classification, and for this reason, C 5.0 is often referred to as a statistical classifier.

C 5.0 builds decision trees from a set of training data in the same way as 1D3, using the concept
of information entropy. The training data is a set $= {s 1.5 2, ...+ of already classified samples.
Each sample s_i consists of a p-dimensional vector (x_{1.i}, x_ {21}, ..x_{p.i}), where the x_j
represent attributes or features of the sample, as well as the class in which s i falls.

At each node of the tree, C 5.0 chooses the attribute of the data that most effectivel y splits its set
of samples into subsets enriched in one class or the other. The splitting criterion is the normalized




information gain (difference in entropy). The atiribute with the highest normalized information
gai is chosen to make the decision. The C 5.0 algorithm then recurs on the smaller sub lsts.

This algorithm has a few base cases.
o All the samples in the list belong to the same class, When this happens, it simply creates a

leal' node for the decision tree saying to choose that class.

¢ None of the features provide any information gain. In this case, C 5.0 creates a decision
node higher up the tree using the expected value of the class.

¢ Instance of previously-unseen class encountered. Again, C 5.0 creates a decision node
higher up the tree using the expected value,

Initial results:

C 5.0 decision tree algorithm are as follow:

Qur nitial results usin

Model Accuracy

TEOEH

Pregicted Customers who Fredicted Customers veho will

Recharpe Recharge
Initial Insights:
: e  Our initials results were not good as per industrial requirements. We had high results for
4 the true records. Validation accuracy was around 80% for the true records meaning that

80% of the records from data were predicted right.

esting Socuracy




e Ourmain concern was the records which were labeled false and were not likely to recharge
in future. For this scenario our validation accuracy was only 62% meaning that only 62%
of the total false records were predicted right.

Refining of the model:

We further refined our model using the following techniques in C 5.0 decision tree algorithm.

¢ DBoosting:

o It works by building muitiple models in a sequence. The first model is built in the
usual way. Then, a second model is builtin such a way that it focuses on the records
that were misclassified by the first model. Then a third model is built to focus on
the second model's errors, and so on.

o Increase in boosting increase accuracy.

o Massive increase in boosting may result in over fitting,
|
o Number of boosting trials were 25. g
|
o Over Fitting:
Over fitting occurs when a statistical model describes random error or noise instead
of the underlying relationship. Over fitting generally occurs when a model is |
excessively complex, such as having too many parameters relative to the number |
of observations. A model which has been over fit will generally have poor
predictive performance, as it can exaggerate minor fluctuations in the data.
¢ Pruning Severity: |
_ %
o Deternines the extent to which the decision tree or rule set will be pruned.

o Increase 1n this value results in a smaller, more concise tree.

o Decrease in this value results in more accurate tree.

o Pruning severity was set o 50,

¢ Minimum records per child branch:




o Used to Iimit the number of splits in any branch of the tree.
© A branch of the tree will be split only if two or more of the resulting sub branches
would contain at least this many records from the training set.

o Inerease in this value to help prevent overtrainin g with noisy data.

o Minimum records per child branch were set to 3,

[
[51

« Use boosting Number of triale:

Mode: {7 Simple @ Expert

Pruning severity 50

)

e ——

Minimum records per child branch:

Final Results:

With all these techniques and refining of the model the results were significantly improved. The
model accuracy for the false records rose up to around 73% which is considered as one of the best
according to industrial point of view.

Following are the results.




Model Accuracy

T T esting ACCUracy

o alidetion Accuracy

Predicte d Custemers whe will not Predicted Customers whe will
Recharge Recharge
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Networks Algorithm:

In machine learning and related fields, artificial neural networks (ANNs) are computational models
inspired by an animal's central nervous systems (in particular the brain) which is capable of
machine Jearning as well as pattern recognition. Artificial neural networks are generally presented
as systems of interconnected "neurons” which can compute values from inputs.

For example, a neural network for handwriting recognition is defined by a set of input neurons
which may be activated by the pixels of an input image. After being weighted and transformed by
& function (determined by the network's designer), the activations of these neurons are then passed
on to other neurons. This process is repeated until finally, an outputl neuron is activated. This
determines which character was read.

Like other machine learning methods - systems that learn from data - neural networks have been
used to solve a wide variety of tasks that are hard to solve using ordinary rule-based pro gramming,

including computer vision and speech recognition.

There are many types of neural networks, many of which fall into one of two categories:

e Feed-forward Networks where input is provided on one side of the network and the signals
are propagated forward (in one direction) through the network structure to the other side
where output signals are read. These networks may be comprised of one cell, one layer or
multiple layers of neurons. Some examples include the Perceptron, Radial Basis Function
Networks, and the multi-layer perceptron networks.




® Recurrent Networks where cycles in the network are permitted and the structure may be
fully interconnected. Examples include the Hopfield Network and Bidirectional
Associative Memory.

Results:
With respect to our model following were the results of neural networks algorithm.

Model Accuracy

T esting Accuracy

N Eidetion Aturacy
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Insights:

e The validation accuracy of the false records i.e the customers that will not recharge in the
sixth month was 88% which was more than testing accuracy which was 85%.

® The results shows the case of over fitting.

® The accuracy was very low on the totally unknown data .

® The accuracy for the True records i.e the customers who will recharge m the sixth month
was 80%, although we had more records for the true case hence makin ¢ the model over fit.




11,3 Diseriminant algorithny

Linear discriminant analysis (LDA) and the related Fisher's linear discriminant are methods used
I statistics, pattern recognition and machine learning to find a linear combination of features
which characterizes or separates two or more classes of objects or events. The resulting
combination may be used as a linear classifier, or, more commonly, for dimensionality reduction
before later classification.

LDA is closely related to ANOVA (analysis of variance) and regression analysis, which also
attempt to express one dependent variable as a linear combination of other features or
measurements,

Results:

Following are the results of the discriminant analysis al gorithm
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Insights:
® The validation accuracy of the false records i.¢ the customers that will not recharge in the
sixth month was 88% which was more than testing accuracy which was 85%.
® The results shows the case of over fifting,

® The accuracy was very low on the totally unknown data .

@ The accuracy for the True records i.e the customers who will recharge in the sixth month
was 80%, although we had more records for the true case hence making the mode] over fit.




L4 Comparison:

Following are the results comparison of all the algorithms that were applied in our model.

g ~
A VR

& Riscriminant

wNeurali Net

Valdation Accursey of Customers Vahdation Accuracy of Customers
whi wilt not Recharge who will Recharge

Insights:
e (5.0 1is the best suited algorithm

e Flexible
C 5.0 1s the most flexible algorithm as it provides several options to fine tune the model
like boosting, pruning and child records per branch.

¢  Best results in case of unknown data

e No over fitting
Over fitting occurs when the model or the algorithm fits the data too well.
specifically, over fitting occurs if the model or algorithm shows Jow bias but high
variance,

e No under fitting




Under fiting occurs when the model or the algorithm does not fit the data well
enough. Specifically, under fitting occurs if the model or algorithm shows low
variance but high bias

12.0 Formation of BCG mairiy:

We shaped our results in the form of BCG matrix in order to see that who are the immediate
targets of company, who are the threats and similarly who are the potential revenue
generators,

For this purpose we caiculated the probabilities of the predicted records that with what
probability the model have predicted any record as true or false.

Following are the results of the matrix and insights based on this matrix:

Potential Revenue Targets: Immediate Targets:

Recharge=F and Score <= 0.6 Recharge=F and Score >= 0.7

13.82% 21.69%

Insights:

Based on the above matrix following are some insights

¢ 21.69% of the customers in the fourth guadrant are not likely to recharge with the score >
0.7.




Throw marketing campaigns immediately: this segment is needed to be targeted
immediately because they are predicted by a very high probability thai these customers will
not recharge.

° 13.03% customers lying in the second quadrant of the matrix are our next targets because
o Recharge=T < 0.5

There are to assumptions regarding this segment which are
o Model fault

Firstly that this might be a model error and records were wrongly predicted in this
segment as they belong to next or previous segment.

o Might not recharge

Second and the most likely possibility is that these are the customers who will not
recharge so these must be on the target and second in the priority list of the
company.

e 13.82% customers in the third quadrant are the potential revenue targets because,
o Recharge = F <= 0.6 -
o Throw campaigns to retain them so that they can progress towards the first
quadrant.

*  34.71% customers in the first quadrant are the customers who are most likely to recharge
with the score >=0.7.

1. Add ons to this Project:
e Target Recharge Prediction only for those subscribers who have moved from
High Revenue Clusters to Low Revenue Clusters
° Targeted Marketing campaigns can be achieved by analyzing user’s behavior
throughout 6 months & analyzing their recharge prediction for Month 5 & month
6
e Marketing campaigns will be more effective

2. Moving Forward:
e Using IBM COGNOS BI Reporting
e Dynamic Dashboards




14.0 Difficulties Faced:

1. Data Acquisition
e Acquiring real time telecom data was the most difficult phase of our project
2. Selecting Project Domain
¢ While analyzing the data, the hard part was to decide what to do with this data
at start
* Aswemoved forward into the project, we had to change our target domain
several times
Availability of Tools
e Started with Weka, then moved to IBM SPSS Statistics. Later on we were
introduced to IBM SPSS Modeler towards the mid of project.
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IBM SPSS:

* -Introduction to Statistical Analysis Using IBM SPSS Statistics (Student
Guide)

* -Introduction to IBM SPSS Modeler and Data Mining (Student Guide)

e IBM SPSS Modeler Help




