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6 [ Future Trends




Descriptive Analytics I:
Nature of Data,
Statistical Modeling,
and Visualization
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Three Types of Analytics

Business Analytics

Descriptive Predictive Prescriptive
o
2 What happened? What will happen? What should | do?
§ What is happening? Why will it happen? Why should | do it?
a
» v Business reporting v/ Data mining v/ Optimization
% v' Dashboards v/ Text mining v/ Simulation
© v Scorecards v Web/media mining v’ Decision modeling
L v Data warehousing v' Forecasting v Expert systems
(0]
g Well-defined Accurate projections Best possible
S business problems of future events and business decisions
g and opportunities outcomes and actions

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



A Data to Knowledge Continuum

Business Process
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Internet/Social Media
ata Protection

Instagram
Pinterest Facebhook

Twitter LinkedIn

Snapchat YouTube
Flicker v Google+
Foursqare Tumblir

N

Machines/Internet of Things

End Users

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



A Simple Taxonomy of Data

Data in Analytics

Structured Data Unstructured or Semistructured Data

Categorical Numerical

~—>  Nominal > Interval > Multimedia » Audio
Video

~—>  Ordinal —> Ratio —> XML/JSON

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



Data Preprocessing Steps

) >
----------
Raw Data

l Sources

Data Consolidation

v Collect data
v Select data
v Integrate data

| B

Data Cleaning

v Impute values
v Reduce noise
v' Eliminate duplicates

| B

Data Transformation

v" Normalize data
v' Discretize data
v" Create attributes

|

Data Reduction

v Reduce dimension
v" Reduce volume
v Balance data

Feedback

N —————————

Well-Formed
Data

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



An Analytics Approach to Predicting Student Attrition

@ £ O

Raw Data Sources (Institutional DBs)

vy

Data Preprocessing (collecting, merging,
cleaning, balancing, & transforming)

Experimental Design
(10-fold Cross-Validation)

Decision Tree Neural Networks

2 B

Logistic Regression Support Vector Machine| | '/ .1

Assessment (Confusion Matrix)

en TN Specificity

| |

| i

| 1w | Fp Accuracy, i N\;‘
| > | Sensitivity, i

' i

|

|

L]
[]
[]

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



Balanced Data Imbalanced Data |

A Graphical Depiction of the
Class Imbalance Problem

Input Data Model Building, Testing,
and Validating

2000 Yes

sorono | B

(Accuracy, Precision+, Precision-)
-[90%, 100%, 500%0)

o2
89

Which one
is better?

(80%, 8000, 800%0)

*Yes: dropped out, No: persisted.

(Accuracy, Precision+, Precision-)

Model Assessment ___

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Source

Relationship between Statistics and
Descriptive Analytics

Business Analytics

i l

Descriptive Predictive Prescriptive

[ D P [ StatIStIC; ]

A

[Descr'lptwe] [ Inferential ]

’/\~ ) .
. ‘\ o -
o v

: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Understanding the Specifics about
Box-and-Whiskers Plots
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Variable 1 Variable 2

Upper
Quartile

Median

Mean

Lower
Quartile

Outliers

Larger than 1.5 times the
upper quartile

Largest value, excluding
larger outliers

250% of data is larger than
this value

50% of data is larger than
this value—middle of data set

Simple average of the data set

250% of data is smaller
than this value

Smallest value, excluding
smaller outliers

Smaller than 1.5 times the
lower quartile

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Relationship between
Dispersion and Shape Properties.
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A Scatter Plot and
a Linear Regression Line

Response Variable: y

:

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson

Explanatory Variable: x

17



A Process Flow for Developing
Regression Models.

Tabulated

Data

Data Assessment

v/ Scatter plot
v/ Correlations

l

Model Fitting

v/ Transform data
v/ Estimate parameters

|

Model Assessment

< ———~

< -~

v’ Test assumptions  [-----
v’ Assess model fit

l

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



The Logistic Function

1

S =

1 + e (By+B1x)

| 1 'BO M B1 |x
-6 —4 —2 0 2 4 B

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Predicting NCAA Bowl Game Outcomes
o=

Raw Data Sources

Y Y Y

Data Callection, Organization,
Cleaning, and Transformation

Output: Binary (win/loss) J [Dut:put:: Integer (point difference)

| Regression -

| Classification 2
| Modeling

| Modeling /

y
g

~N

:
[

Built Built
8 . Test Test
Classification >
Models s Models it

Yy

|
|
|
|
|
|
|
| Regression >
|
|
|
|
|
|
|

Y

Compare the Win
Prediction Resultsm

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



A Sample Time Series of Data on
Quarterly Sales Volumes

Quarterly Product Sales (in Millions)

N
o

n w » 00 O N 0O O

Q1 Q2 Q3 Q4
2008

Q1 Q2 Q3 Q4
2009

Q1 Q2 Q3 Q4
2010

Q1 Q2 Q3 Q4
2011

Q1 Q2 Q3 Q4
2012

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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The Role of Information Reporting in
Managerial Decision Making

Exception Event

-»{ UOB 1.0

Symbol | Count | Description
? B Machine
Failure

Repositories

Business Functions

uoB 2.1

uoB 2.2

UOB 3.0 |--»

I~

Mtion

(reporting)

Action
(decision)

Decision
Maker
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



A Taxonomy of Charts and Graphs
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Two variables Many Many items Few items Cyclic data Noncyclic data Single or few categories Many categories
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Few categories

1
One variable per item

Among items
|

1
Many periods
L

Few periods

Over time

S— Two Comparison
s, .7 . | variables
beivaaeas . . What would you like to show
— Relationship — . B
e in your chart or graph?
s 0 og
Eo o ° Three
" | Variables o
Compaosition
I
Changing over time
|
I 1
Few periods

]
Only rzalat:ive Relative a'nd absolute

Only r"elat:ive

Many periods
1

Static

— Distribution —

Few
Single |data
variable | PONts
Many
data
paint

-
-
-
-
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-

Two .
variables
]

Three
variables .

differ'enczia matters differ‘encle matters differencle matters differ'en?e matters of t:lotal
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1
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),

Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson




A Gapminder Chart That Shows the
Wealth and Health of Nations
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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Magic Quadrant for Business
Intelligence and Analytics Platforms

CHALLENGERS LEADERS
@ Tableau @ Microsoft
@ Qlik
MicroStrategy ()
@ Sisense
Birst
@ ThoughtSpot @ Salesforce
@SS
Looker @@ Domo
ion Bui AP
Information Builders @ Oracle@ [ B
TIBCO Software
[ ]
IBM
BOARD International @
[NE]
g Yellowfin @
g Pyramid Analytics @
o Logi Analytics @
>
=
=
2 NICHE PLAYERS VISIONARIES
COMPLETENESS OF VISION > As of February 2018 © Gartner, Inc

Source: https://www.tableau.com/reports/gartner



A Storyline Visualization in Tableau Software

(=]

“#| Tableau - Kiva Loan Storypoints v11 W 8.2

| File| Data Worksheet Dashboard Story Format Server Window Help
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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An Overview of SAS
Visual Analytics Architecture

Central Entry Point

DATA BUILDER

Join data from
multiple sources
Create calculated and
denved columns
Load data

ADMINISTRATOR

Monitor SAS® LASR™
Analytic server
Load/unioad data
Manage secunty

Integration

EXPLORER

Perform ad hoc
analysis and data
discovery

Apply advanced
analytics

SAS® LASR

Role-based Views

DESIGNER

Create dashboard
style reports for web
or mobile

MOBILE Bl

Natwve 105 and
Androsd  applications
that deliver interactive
reports

Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson




A Screenshot from SAS Visual Analytics

W 4 Predictive AnalyticsiHeall x ' [l[SAS Visual Analytics ~ xJ ©

Exploration 1

e =

File Edit Data

Visualization

C' A [) sasval.teradata.ws:7980/SASVisualAnalyticsExplorer/index.jsp

8 ] 8 revorveer |

2= * Exploration 1 %

View Help

we 9P
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017),
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Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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A Sample Executive Dashboard

Executive Dashboard Ry

EXI ! SALES SUPPORT

Specify a date range: June, 2005 15 ¥ Juy, 2010 15 %

Wuvmust)j H‘ N‘ wm.«m&(m;' T Vw-erww’uw(tm)

il Margin [l Margin (previous year) ] Monthly Expense Average J Monthly Expense Migh f) Monthly Expense Low

$0.00
Jun 09 Aug 09 Oct09 Dec09 Feb10 Apri0

[l Expense [l Expense (previous year) V ;
s

- ] ! '
B ;W

|
' $10.
E‘ Jun 09 Aug 09 Oct 09 Dec 09 Feb 10 Apr 10

Q Revenue . Revenue (previous year)
$100.00

$50.

g

’\_ "Jun 09 Aug 09 Oct 09 Dec 09 Feb 10 Apr10
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson



igraph

Products ~ M News © On github

igraph -

igraph is a collection of network analysis tools with the emphasis on
efficiency, portability and ease of use. igraph is open source and free.
igraph can be programmed in R, Python and C/C++.

igraph R package ‘ python-igraph H igraph C library

Rigraph 1.0.0 Recent news
Repositories at Github
R/igraph 0.7.1 o
| R/igraph 1.0.0
C/igraph 0.7.1
R/igraph 0.7.0 JUNESE215
python-igraph 0.7.0 Release Notes
C/igraph 0.7.0 This is a new major release, with a lot of Ul changes. We tried to make it easier to
R/igraph 0.6.5 use, with short and easy to remember, consistent function names. Unfortunately

http://igraph.org/redirect.html 30



http://igraph.org/redirect.html

Gephi Download Blog Wiki Forum Support Bug trader

Q

makes graphs handy Home Features Learn Develop Plugins Services Consortium

The Open Graph Viz Platform [*~ ==

Gephi is the leading visualization and =y C ,{;é. e —
exploration software for all kinds of graphs and -
networks. Gephi is open-source and free.

Runs on Windows, Mac 0OS X and Linux. - -
Learn More on Gephi Platform =»

NN,

Download FREE

Release Notes | System Requirements

P Features P Screenshots
P Quick start P Videos

Support us! We are non-profit. Help us to innovate and empower the community by donating only 8C:

Donate

B vise 2 e o]

APPLICATIONS PAPERS
Like Photoshop™ for graphs.

¥ Exploratory Data Analysis: intuition-oriented
analysis by networks manipulations in real time.

ing Mgt Yot
¥ Link Analysis: revealing the underlying structures et

of associations between objects. LATEST NEWS
" Social Network Analysis: easy creation of social u Gephi updates with 0.9.1 version

https://gephi.org/
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Discovering,
Analyzing,
Visualizing and
Presenting Data
with Python
in Google Colab



Google Colab

& C' @ Secure | https://colab.research.google.com/notebooks/welcome.ipynb % @ O
Hello, Colaborator

Co ) y R GD SHARE 6
File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL 4% COPY TODRIVE CONNECT + /2 EDITING A

Table of contents Code snippets Files X

Getting Started Welcome to Colaboratory!

Colaboratory is a free Jupyter notebook environment that requires no setup and runs entirely in the cloud. See our

Highlighted Features
FAQ for more info.

TensorFlow execution

GitHub Getting Started

« Overview of Colaboratory
» Loading and saving data: Local files, Drive, Sheets, Google Cloud Storage
« |mporting libraries and installing dependencies

Visualization

Forms
+ Using Google Cloud BigQuery
Examples » Forms, Charts, Markdown, & Widgets
» TensorFlow with GPU
Local runtime support » Machine Learning Crash Course: Intro to Pandas & First Steps with TensorFlow
SECTION

~ Highlighted Features

Seedbank

Looking for Colab notebooks to learn from? Check out Seedbank, a place to discover interactive machine learning examples.
v TensorFlow execution

Colaboratory allows you to execute TensorFlow code in your browser with a single click. The example below adds two matrices.
[1. j | 1.] " [1. 2 3.] _ [2. 3. 4.]

https://colab.research.google.com/notebooks/welcome.ipynb 33



https://colab.research.google.com/notebooks/welcome.ipynb

The Quant Finance PyData Stack

@ PyThalesians  zj,jine DX Analytics

PyAlgoTrade
QuantLib

Quantopian

Ehylables Neto

' StatsModlels @&[ SCi k| Es-ima ge

Statistics in Pytlnon w image processing in python

& matplotlib pandas i

34



Python
matplotlib

Illr;;r
il
https://matplotlib.org/



https://matplotlib.org/

Python
Pandas

pandas
Vi = 3" x5 4 [ + €4

i K



http://pandas.pydata.org/

Iris flower data set

setosa versicolor virginica

37



Iris Classfication

Versncolor



iris.data
https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data
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https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data

sepal_length

petal_length

Iris Data Visualization
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Source: https://seaborn.pydata.org/generated/seaborn.pairplot.html



Connect Google Colab in Google Drive

&, My Drive - Google Drive X +

& C @& https://drive.google.com/drive/u/2/my-drive @ w B

L Drive Q_ Search Drive - QO O

o
®

My Drive ~ = 0

Moot LT Quick Access

EEEEY

» B MybDrive
.IIIIIIIIIIIIIIIIIIIIIIIIIIIII..

» CH  Computer: New folder...

v === E.

=%  Shared wit Upload files...

(©  Recent Upload folder... |
YW  Starred Bl Google Docs >
@ Trash Google Sheets > -
[ Google Slides > Name A
& Backups More >
D S e S S E Goog|eF0rms >
-— ul
¢ Storage EY Google Drawings
Files E3 Google My Maps
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Google Colab

& My Drive - Google Drive X +

< C @ https://drive.google.com/drive/u/2/my-drive

Connect apps to Drive X
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Google Colab

& My Drive - Google Drive X +
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Connect Colaboratory to Google Drive

&, My Drive - Google Drive X +

& (6 @ https://drive.google.com/drive/u/2/my-drive @ Y )

Connect apps to Drive

X
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Productivity

Colaboratory was connected to Google Drive.
Yekokkok (195)

Make Colaboratory the default app for files it can open
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Google Colab
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Run Jupyter Notebook
Python3 GPU
Google Colab

& My Drive - Google Drive X €O UntitledO.ipynb - Colaboratory X +

C @ https://colab.research.google.com/drive/1QuOonZxHA6VR2hjTN7FG-YUEZwfQprp8?authuser=2

Notebook settings

yEEEEEEEEEEEEEEEEEEEEEEEEE,

Runtime type

Python 3 v

yEEEEEEEEEEEEEEEEEEEEEEEEE,

Hardware accelerator

GPU -0

D Omit code cell output when saving this notebook
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Google Colab Python Hello World
print('Hello World')

€O UntitledO.ipynb - Colaboratory X +
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CODE TEXT 4 CELL ¥ CELL ~/ CONNECTED + /’ EDITING A

° print('Hello World'). .

[ Hello World
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Co

Data Visualization in Google Colab

O datav.ipynb - Colaboratory X -+

C @ https://colab.research.google.com/drive/1IKRqtEUd2Hg4dM2au9bfVQKrxWnWN309-?authuser=2
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& datav.ipynb ¢

File Edit View Insert Runtime Tools Help

CODE TEXT

° import seaborn as sns

4 CELL ¥ CELL

sns.set(style="ticks", color_codes=True)

iris = sns.load_dataset("iris")

g = sns.pairplot(iris, hue="species")
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Source: https://seaborn.pydata.org/generated/seaborn.pairplot.html
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import seaborn as sns
sns.set(style="ticks", color codes=True)

iris =

sns.load dataset("iris")

g = sns.pairplot(iris, hue="species")
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https://colab.research.google.com/drive/1KRgtEUd2Hg4dM2au9bfVQKrxWnW
N309-

import numpy as np

import pandas as pd

$matplotlib inline

import matplotlib.pyplot as plt
import seaborn as sns

from pandas.plotting import scatter_matrix

# Load dataset

url = "https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data"
names = [ 'sepal-length', 'sepal-width', 'petal-length', 'petal-width', 'class']
df = pd.read_csv(url, names=names)

print (df.head(10))

print (df.tail (10))

print (df.describe())
print(df.info())

print (df.shape)

print (df.groupby('class').size())

plt.rcParams["figure.figsize"] = (10,8)
df .plot (kind='box', subplots=True, layout=(2,2), sharex=False, sharey=False)
plt.show()

df .hist ()
plt.show()

scatter_matrix(df)
plt.show()

sns.pairplot (df, hue="class", size=2)


https://colab.research.google.com/drive/1KRqtEUd2Hg4dM2au9bfVQKrxWnWN3O9-

import numpy as np

import pandas as pd

$matplotlib inline

import matplotlib.pyplot as plt

import seaborn as sns

from pandas.plotting import scatter matrix

# Import Libraries

import numpy as np

import pandas as pd

$gmatplotlib inline

import matplotlib.pyplot as plt

import seaborn as sns

from pandas.plotting import scatter matrix
print (' imported’)

imported



url = "https://archive.ics.uci.edu/ml/machine-learning-databases/iris/iris.data"

names = [ 'sepal-length', 'sepal-width', 'petal-length', 'petal-width', 'class' ]

df = pd.read csv(url, names=names)
print (df.head(10))

# Load dataset

url = ”https://archive.ics.uci.edu/ml/machine—learning—databases/iris/iris.dataﬁ

names = [ 'sepal-length', 'sepal-width', 'petal-length', 'petal-width', 'class']
df = pd.read _csv(url, names=names)
print(df.head(10)).
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df.tail(10)

print(df.tail(10)).

sepal-length
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df.describe ()

print (df.describe())

sepal-length

count 150.000000
mean 5.843333
std 0.828066
min 4.300000
25% 5.100000
50% 5.800000
75% 6.400000
max 7.900000
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print (df.info())
print (df.shape)

print(df.info()).

<class 'pandas.core.frame.DataFrame'>
RangeIndex: 150 entries, 0 to 149
Data columns (total 5 columns):
sepal-length 150 non-null floaté64

sepal-width 150 non-null floaté64
petal-length 150 non-null floaté64
petal-width 150 non-null floaté64
class 150 non-null object

dtypes: float64(4), object(1l)
memory usage: 5.9+ KB
None

print (df.shape)

(150, 5)



df .groupby('class’').size()

print(df.groupby( 'class’').size())

class

Iris-setosa 50
Iris-versicolor 50
Iris-virginica 50

dtype: int64
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plt.rcParams|["figure.figsize"] = (10,8)
df ° plOt ( kind='box', subplots=True, layout=(2,2), sharex=False, sharey=False )

plt.show()

plt.rcParams["figure.figsize"] = (10,8)
df.plot(kind='box', subplots=True, layout=(2,2), sharex=False, sharey=False)
plt.show().

80 4 45
75
40 R
70 H
65 35
60 —
30
55 —
50 25
45 - J» . -
20 —
I 1
sepal-length sepal-width
7 - 25
6 -
20 —
5 -
15
3 ol
2 05 <
) T 00 T

petal-length petal-width



df .hist ()
plt.show()

df.hist()
plt.show().
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scatter matrix(df)
plt.show().

scatter matrix(df)
plt.show()
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sns.pairplot(df, hue="class", size=2)
sns.pairplot(df, hue="class", size=2)

<seaborn.axisgrid.PairGrid at 0x7£1d21267390>
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Summary

* Descriptive Analytics |
* Nature of Data

e Statistical Modeling

* Visualization
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