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Agenda

> Big Data

» Data Science

» Analytics

» Predictive Analytics
» Data Science/Python
» Python Code



What Happens in an Internet Minute?
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A Minute on the Internet
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BIG DATA Key Activities

Process
AcCcess
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More Structured

e ———————————

Structured

This slide is 100% editable.
Example: Adapt it to your needs and capture your audience's
attention.

Semi-Structured

This slide is 100% editable.
Example: Adapt it to your needs and capture your audience's
attention.

|
r----—d—--—--

“Quasi’Structured

| This slide is 100% editable.
---------- Example: Adapt it to your needs and capture your audience's
attention.

Unstructured

This slide 1s 100% editable.
Example: Adapt it to your needs and capture your audience's
attention.

QJ

Ce\®



e eniss. HHOW Many "V's"™ in Big Data?


https://morioh.com/p/5f328640dec8




Data at Scale

Terabytesto
petabytes of data

IBM Smarter Business 2013

°g V@
e ©
3\t
‘ 0

Data in Many Forms

Structured, unstructured, tex
1, mulimedia

Data in Motion

Analysis of streaming data
to enable decisions within
fractions of a second.

Data Uncertainty
Managing the reliability and
predictability of inherently
imprecise data types.
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VOLUME
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The 7 Vs OF BIG DATA

Just having Big Data is of no use
unless we can turn it into value

The speed at

which the data The size of the data
is generated

Velocity Volume

The different BRVETITETS ST
types of data 4 Variability Sy

constantly
changing

The data whose

Veracity
Visualisation

The trustworthiness
of the data in terms

The data in a manner that’s
of accuracy

readable and accessible

“u 1 o



VALUE
Can you find it O 2
wihen you most

naad it?

VISCOSITY B ‘ ( D AT A VERACITY
Does it stick with Ara ywou dealing

ywou? Doas it call with information
for action? or disinformation?

with 8 V's

VELOCITY
Informaton gains

momentum and cri- = .
ses & opportunitias gt m ‘
envolva in real time. VARIETY Lo EEen e
Honw i ﬂLI'tIﬂ'clk. f[’ 15 8 DiCtuie wort : : wiE
today? a thousand wo

in 70 languagas? Is

viour information
balanced?

Ce S



https://inpressco.com/wp-content/uploads/2017/11/Paper44277-280.pdf
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Value Virality

Can you find the Aha to - go? Does it convey a message that

s " Lo brin Fa can be pasted into a presentation or
information you are looking for : instagrammed?

Venue Variability

Distributed Heterogeneous Dynamic, Evolving Behaviour
Data from Multiple Platforms in Data Source

Volume

Can you find it when ) . (\ &) JB  Does it stick with you ?
you most need it ? B|g Data S ) Doesit call for action?

With 10 V's
Veracity ; Visualisation

Are you dealing with . Can you make sense at a glance?
information or disinformation ? Does it trigger a decision?

Velocity Variety

information gains momentum and crises &
opportunities enolve in real time Hoe Is
outlook for today ?

o
is a picture worth a thousand words @02
languages? IS your information balancey




Sources of Big Data _ "*  newiros &

e Social Data
e Machine-Generated Data -
* Transactional Data

..........................................................................................

» 14 Don Bosco College, Yelagiri hills. 10/3/2018
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https://morioh.com/p/5f328640dec8
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The lifecycle of Data Science

Data Preparation

Model Planning

Discovery

Communicate

Results

a
Ce S




Advantage of
Data Science

Enabling
Better Data

Plenty of Save Lives

Positions

Avoid Excee.d!ngly
Boring Tasks Prestigious
Versatility High Demand




Top 5 programming languages in Data Science




Basis

Meaning

Concept

Formation

Application
areas

Approach

Big Data

Data Science

revolves around the huge volumes of data which cannot skewed towards the scientific approach of

be handled using the conventional data analysis

method

scientific techniques to process data, extract

information and interpret results which help in the

decision-making process

data filtering, preparation, and analysis

interpreting the data and retrieves the
information from a given data set

obtained with big data is heterogeneous
that indicates a diversified data set which
has to be pre-cleaned and sorted before
running analytics on them

Internet users/ traffic, live feeds, and data
generated from system logs

Telecommunication, financial service, health and sports, Internet search, digital advertisements,

research and development, and security and law

enforcement

used by businesses to track their presence in the
market which helps them develop agility and gain a

competitive advantage over others

text-to-speech recognition, risk detection,
and other activities

uses mathematics and statistics extensively
along with programming skills to develop a
model to test the hypothesis and mak:
decisions in the business JIR



Data Big Data Vs Data Science

Concept Handling large data Analyzing data
e Process huge volumes of Understand pattern within
Aespancibilify data and generate insights data and make decisions

E-commerce, security services,  Sales, image recognition,

Industry telecommunication advertisement, risk analytics

Tool Hadoop, Spark, Flink SAS, R, Pyth %
ools adoop, Spark, Flin ython “J

—

=

N



Whatis
Data
Analytics?

s://morioh.com/p/5f328640dec8
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What Is Big Data Analytics?




-
WHAT IS DATA SCIENCE? WHAT IS DATA ANALYTICS? WHAT IS BIG DATA?

Data Science is a field
that refers to the collective
processes, theories, concepts,
tools and technologies that
enable the review, analysis and
extraction of valuable knowledge
and information from raw data.

Data Analytics (DA) is the
process of examining data sets
in order to draw conclusions

Big Data refers to voluminous
amounts of structured or
unstructured data that
organizations can potentially
mine & analyze for business gains.

about the information they
contain, increasingly with the aid
of specialized systems & software.

APPLICATION AREAS

1. Communication
2. Retail

3. Financial services
4. Education

1. Gaming

2. Travel

3. Energy Management
4. Healthcare

1. Digital advertisements

2. Internet Research

3. Recommender System

4. Image/Speech Recognition

TOOLS & LANGUAGES

R 1. Hadoop

1
2. Tableau Public 2. NoSQL
3. Apache Spark 3. Hive

A
“u\



Differentiation

Definition

Applications

Skill requirements

Big Data

Unprocessed data sets of humongous
volumes

Financial services

Fraud analytics

Communication industry to retain and
expand the consumer base

Brick-and-mortar and online retailer for
better customer service

In order to become a big data
professional, the following skills are
required:

Analytical skills

Creativity

Mathematics and statistical skills

Basic computation knowledge

Computer science and business skills

Data Science

Data Analytics

Science of cleaning, preparing and aligning It is related to examining raw data

the data for analysis using statistical and

mathematical models

Delivery of better search results on the
internet

Digital advertisements from display banners

to finding the appropriate prospects

The recommender system to help in the user

experience

A data scientist must highlight a profile that

has the following skills:

Education with a Master’s degree in either
data analysis, statistics, or mathematics

Knowledge of SAS or R or SPSS

Knowledge in coding on Python and
Hadoop

Working efficiency with unstructured data

which is required to provide conclusive
information

Gaining efficiency in the Healthcare

Optimization of buying experience
through mobile and social media data
analysis.

Collection of data in the gaming
industry

Energy management

Following skills are necessary to
become a data analyst:

Programming skills

Statistical and mathematics skills

Machine learning skills and
certificates

Data visualization skills

Analytical skills

Data wrangling skills



Data

Data Data _
Science

Analysis Analytics

Analysis looks backwards over time.

Analytics look forward to model the future or predict a result

“u 1 o



Why are there What will affect my

differences in inventory global supply chain
levels throughout my inventory in the next six
global supply chain? months?

DATA SCIENCES

What is my product
inventory throughout
my global supply chain?

How do we optimize
our global supply chain
inventory?

descriptive

What where our How do we increase the

:l'/\uatascientistinsights.com/2015/06/19/coopetition—a—compa rison-of-data-analytics-data-sciences/

customer and non- number of customers

customer activities in DATA ANALYTICS buying our solution over

the last six months? the next year?
Why where customers What affect my

. . risiz 4
buying and not buying customers willing to buy
our su!utmn in the last my solution in next six ‘ )
six months? months? =


https://datascientistinsights.com/2015/06/19/coopetition-a-comparison-of-data-analytics-data-sciences/

== Data Science vs Data Analytics

SKILLSET

o --

Ce\®



Use of Big Data in Data Analytics

CONSUMER STORAGE
COMPUTERS  MARKETING ~ SAMPLE T

=BIG DATAz

Seiaviok ANALYTIC STECHNOLOGY

INFORMATION SlZE INTERNET



Solving Common Data Challenges

You Need
Right Database
Database Hygiene
Your Data
in Your Data and Models
is working and establish a performance baseline
to Refresh
Over Time
Changing Business Requirements

7\



You Need

https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/



https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

Choose the Ri

Historical data
New data

Predictions e —

https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges


https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

https://www.logianalytics.com/definitiveguide edictiveanalyl


https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

Cleanse Your Data

1. Missing values

Row no State Salary rs of Experience

1 NY 57400 Mid

2 TX Entry
3 NJ 90000 High
4 VT Entry
5 Mid

6 High
7 High
8 Entry
g crf / 45000 Entry

Missing Values
1. Delete the rows

2. Replace with mean value 2 . O Utl ie s

3. Predict the value using other columns

Component 2

https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

Outliers: Remove or clip it

Component 1

7
‘l Z
— @, "


https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

Avoid Bias in Your Data and Models

1. Data Bias

2. Selection bias

Imbalanced
Data Set

Minority Class
(Screening: Yes)

Majority Class
(Screening: No)

Up Sampling
Create new

synthetic minority
samples

Down Sampling 200000
Remove data points 000000
from majority class 200000

Creating balanced samples: Data points
used for majority and minority classes

4
are the same ﬁ
N:

https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/



https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

is working and establish a

performance baseline
o
‘)‘ =

Accuracy
Watch for Imbalanced Data

y

https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

4
2\


https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

Know When It’s Time to Refresh g
Seasonal.
Measurement-based.
Build

Model Semi-Automate the Process
Model Accuracy 80%
Accuracy from predictions 712%
Ma II"It.EI [ n/ Deploy O Behaviors may have changed
Monitor Model Retrain Recommended :
Model QJ

QS

https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/
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Data Variety
Model Refinement Based on ®

Additional Performance Metrics

Psychographics Data

Why do

they buy?
Trail Walking Shoe

— 52

Identify Target Buyer?

How did
they buy?

Behavioral Data

Transaction Data

Boost Predictive Performancever Time
my buyers
Demographics Data QJ

https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

1%



https://www.logianalytics.com/definitiveguidetopredictiveanalytics/solving-common-data-challenges/

How to Adapt to Changing Business Requirements

One model for entire USA or models per region
to cater regional differences and only retrain for
any changes in that region without affecting models

in other regions




Data Analytics: Overview

Qualitative and quantitative data
Structured and unstructured data
The data analysis process
Types of data analytics
Data analytics trends

https://www.itproportal.com/features/six-ways-predictive-data-analytics



https://www.itproportal.com/features/six-ways-predictive-data-analytics-are-reshaping-marketing/

Qualitative and quantitative data

What is qualitative data? What is quantitative data?
This bookcase... This bookcase...

N Is S feet tall

“~ Weighs 100 pounds
™ Has 15 books on it
~ Has 3 shelves

A Has 2 cabinets
= Sells for $1500

~ Is made of wood
A Was built in Italy
N Isdeep brown

™ Has golden knobs

A Smells like oak
A Has a smooth finish

S



Structured and unstructured data

Structured data Unstructured data

Database, CRM, ERP (‘,\ Text, audio, videos




The data analysis process

1

Define why
you need
data analysis

Y

Begin collecting
GETERIL
sources

Begin
analyzing unnecessary
the data data

Clean through

“ u o



Types of data analytics

What don’t
| know?
What Cognitive/Self
should we Learning Analytics
do about it?

Prescriptive
What will Analytics
happen?
o Predictive
happen?

Happened? Analytics
Descriptive
Analytics

A
Ce\®

https://www.ecapitaladvisors.com/blog/analytics-maturity/



https://www.ecapitaladvisors.com/blog/analytics-maturity/

Advanced Analytics Maturity Path:
Moving to Real-Time Enterprise

Self-Learning and Completely Automated Enterprise

Computerized Human Thought Simulation and Actions
Towards Autonomic Enterprise

Simulation-Driven Analysis
and Decision-Making

Mature Data Lake -
Predictive

Analytics

Foresight—What Will
Happen, When,
and Why

Diagnostic
Analytics

Cognitive
Analytics
Prescriptive
Analytics

NofNew-50QL, Mature In-Memory DB
and Processing, Early Data Lake

Insight—What Happened and Why

Enterprise Data Warehouse,
In-Memory DBs + Processing

Hindsight—What Happened

Descriptive
- Files, RDBMS, ODS,
AI‘I a l}f'l' ICS E:.:; Data Warehouse, OLAP
SILOED VIRTUALIZED/INTEGRATED APPLIANCES SDI/HPC J 2
N IS

https://www.linkedin.com/pulse/artificial-intelligence-data-analytics-samir-el-masri-phd/



https://www.linkedin.com/pulse/artificial-intelligence-data-analytics-samir-el-masri-phd/

uoneusawsny |v
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-
§\‘

https://www.forbes.com/sites/brentdykes/2017/01/11/crawl-with-analytics-before-running-with-artificial-intelligence
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Predictive Analytics

 what the future holds (to a certain degree)
 show a variety of possible outcomes

Harvard
Business
Review

A Predictive Analytics
Primer

by Thomas H. Davenport
SEPTEMBER 02, 2014

Application | for
— =) $8.95 sUY COPIES

Lt save [ sware [ Jcomment HH rexrsize [Fl print

No one has the ability to capture and analyze data from the future. However, thereis a

way to predict the future using data from the past. It’s called predictive analytics, and

organizations do it every day. NJ S




Why is predictive analytics important?

* Lead generation

* Enhanced marketing efforts, targeted to specific customers
* |dentification of future trends

* |dentification of growth opportunities

e Reduction of customer churn

* Improved content marketing and distribution

¢



LEAD GENERATION -
@ O 1k B ‘ 23

PROMOTION CONSUMER CHANNEL  STRATEGY  TRAFFIC POTENTIAL INFUENCE

Ce\®



Targeted Profiling of Customers

Hobbies

\

Occupalior

\

Media
Habity

/

Aspirational
Role

<

C wyt'crm/&r P rcrfube/

rm&
Preferencesy

A

1%



Improved Lead Scoring




Segmentation for Nurture Campaigns

S



Improved Content Distribution




Accurate Prediction of Lifetime Value

Customer Service and
Gamification

Omni-channel Model

POS Satisfaction

Brand Advocacy

Co-create with Customers

2

Mobile-first Focus Q S




More Insight to Reduce Churn

CUSTOMER CHURM

21 %



Enhanced Upsell/cross-sell Opportunities

UPSELL

10
» .'
'

we A Cow?
N M ..'_.\\

Botter Cow - 5500

“u AN S



Improved Determination of Product Fit

Determining the Optimal Campaign Channels &
Content

Identify New Trends and Growth Opportunities

&
[
-
\:-..



Examples of predictive analysis applications

amazon
N

werrux 300
<




Process of predictive analytics

Project Definition

Data Collection

Data Analysis and Statistics
Modeling
Deployment/Integration
Model Monitoring

Sk wWwhNRE

7\



Methodologies used in predictive analytics

PREDICTIVE ANALYTICS <'>

e 2

o g0 . Reporting/ Predictive
LogIStIC RegreSSIon Analysis Analytics
Decision Trees
Time Series Analysis
Text Analytics l'

What happened What is going to
Why that happened? oW’ Happen in future?




Five Industry Examples of Predictive Analytics

Healthcare Manufacturing Finance

(-

Insurance SaaS

=

S



Improving Patient Outcomes

Healthcare

Problem:

Benefits:
Data to Analyze:

Actions to Take:

a
oS



Predictive Maintenance

Manufacturing

Problem:
Benefits:

Data to Analyze:
Actions to Take:

Sensor1l Sensor2 Sensor3 Sensor4 Sensor5 Sensor6 State
0.0051 0.035 0.001750 0.004 1.575 0.173250 | HEALTHY
0.0051 0.035 0.001750 0.004 1.575 0.173250 0K

a
oS



Predicting Late Payments

Problem:
Benefits:

Data to Analyze:
Actions to Take:

Finance

oS



Preventing Fraud

Problem:
Benefits:

Data to Analyze:
Actions to Take:

Insurance

—

S



Reducing Customer Churn

Problem:
Benefits:

Data to Analyze:
Actions to Take:

Saa$

S



Seven Steps to Start Your PA Project

Identify a Problem to Solve

Select and Prepare Your Data

Involve Others

Run Your Predictive Analytics Models

Close the Gap Between Insights and Actions
Build Prototypes

Iterate Regularly

NonAWNRE



a Problem to Solve

PADS (Performance Analytics Decision Support) Framework

Preventing Problems:
Assisting Humans:
Detecting Problems:
Streamlining Services:

Requirements for Predictive Analytics Problems

Loss Prevention
Increase Happiness
Improve Processes



Data Volume:

Data Scalability:

Your Data



Others

Historical
Data

MNew Data



Run Your Predictive Analytics Models

Classification Model:
Clustering Model:
Forecast Model:
Outliers Model:

LI A

Time Series Model:

N

Cu S



Close the Gap Between Insights & Actions

Build Prototypes

[terate Regularly

A

S



Data Analysis Techniques

1. Techniques based on Mathematics and Statistics
2. Techniques based on Artificial Intelligence and Machine Learning
3. Techniques based on Visualization and Graphs




Techniques based on Mathematics and Statistics

Descriptive Analysis
Dispersion Analysis:
Regression Analysis:
Factor Analysis:
Discriminant Analysis:
Time Series Analysis:

@
' N



scikit-learn
algorithm cheat-sheet

classification

clustering

oT
WORKING

dimensionality
reduction




Techniques based on Al and ML

Artificial Neural Networks:
Decision Trees:

Evolutionary Programming:
Fuzzy Logic:

A0



Column Chart, Bar Chart:
Line Chart:

Area Chart:

Pie Chart:

Funnel Chart:
Word Cloud Chart:
Gantt Chart:
Radar Chart:
Scatter Plot:
Bubble Chart:
Gauge:

Frame Diagram:

Rectangular Tree Diagram:

Techniques based on Visualization and Graphs

Map
Regional Map:
Point Map:
Flow Map:
Heat Map:

'
7\ >



Data Analysis Tools

- §sas |
s th J T MATLAB
1. Excel PUTHON “ |
2. Tableau

4. Fine Report” ™" v

5. R & Python
6. SAS

n ™ b Flﬁ - .
Minitab >, <



Python Packages for Data Analysis
=

ot B NumPy '
Pandas

s—_
Jupyter
N’

o |

https://www.kdnuggets.com/2016/04/datacamp-learning-python-data-analysis-data-science.html

MATPLOTLIB

Data Visualization in Python

StatsModlels
| Statistics in ?ytb\om.

https://learn.datacamp.com/courses/tech :pv?J‘ l\‘

n o

{



https://www.kdnuggets.com/2016/04/datacamp-learning-python-data-analysis-data-science.html
https://learn.datacamp.com/courses/tech:python

Python Code of the predictive modeling tasks

import pandas as pd

import numpy as np

from sklearn.preprocessing import LabelEncoder
Load dataset ,

import random

from sklearn.ensemble import RandomForestClassifier

from sklearn.ensemble import GradientBoostingClassifier

Identifying missing values

fullData.isnull().any()#4ill return the feature with True or False,True means have missing value else Fa

lse ﬂg



#Impute numerical missing values with mean

fullData[num_cols] = fullData[num cols].fillna(fullData[num cols].mean(),inplace=True)

Impute missing values

#Impute categorical missing values with -9999

fullData[cat_cols] = fullData[cat_cols].fillna(value = -9999)

Checking correlation and visualization

import seaborn as sns

import matplotlib.pyplot as plt

Fmatplotlibk inline

corr = df.corri()

sns . heatmap (corx,
xticklabels=corr.columns g2
vticklabels=corr.columnsys

N



Training and test data split

from sklearn.cross validation import train test split

train, test = train test split(dfl, test size = 0.4)

train = tralin.reset index (drop=True)

test = test.reset_index{drﬁp=True}

features train = train[list(vif['Features'])]
label train = train['target']

features test = test[list(vif['Features'])]

label test = test['target’']

Cu S



Predictive models on training data

from sklearn.ensemble import RandomForestClassifier
clf = RandomForestClassifier ()

clf.fit (features train,label train)

pred train = clf.predict (features train)
pred test = clf.predict (features test)

from sklearn.metrics import accuracy score
accuracy train = accuracy score (pred train,label train)
accuracy test = accuracy score(pred test, label test)

from sklearn import metrics

fpr, tpr, @ = metrics.roc curve (np.arravyv(label train),
clf.predict proba (features train) [:,1])

auc train = metrics.auc (fpr, tpr)

fpr, tpr, = metrics-rﬂc_curve{np.array{label_test},
:lf-predict_prﬂba{features_test}[:,l]}
anc test = metrics.auc (fpr, tpr)

y
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