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Business and Data Analytics
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“Big Data are high-volume, high-velocity,
and/or high-variety information assets that
require new forms of processing to enabe
enhanced decision making, insight discovery
and process optimization” (Gartner 2012)

~ Can | create a “virtuous cycle” of innovation, productivity, and increasing returns?

What drives revenue growth?

Capital Efficient
| What drives asset  Frofitable  wWhat drives Market
| efficiency? Growth investorconfidence?  \/afye
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Big Data Analytics Evolution
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Data Source

4 N

* Transactions * Contact Center
* Reports * Website Logs
Internal *Sensors * Application Logs
* Documents
* Biometrics

e Research Data *Social Media
* Ads Syndication

External «CCTV
* Satellite Imaging

* Other public sources

Structured Unstructured



Big Data Characteristic
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Data at Scale Data in Many Forms Data in Motion Data Uncertainty
Terabytes to Structured, unstructured, Analysis of streaming data Managing the reliability and
petabytes of data text, multimedia 1o enable decisions within predictability of inherently
fractions of a second. imprecise data types.




Descriptive Analytics
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Datawarehousing
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Datawarehouse & ETL
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Client Name
|Ann Toney PC Attourney
Borchard Kent A, Att.
Brooks Laurie J Appraiser
Coulter Aviation

Meeker Airport

Meeker Collision Center
Northwest Auto

Rosken LLC Accountant
Rocky Mountain Bowstrings
Zagar-Brown Trina K Att.

~| Street Address
PO Box 1022
3356th St #1
889 Main Street
921 Market Street
921 Market Street
439504 Hwy 13
485 Market Street
592 Main St Suite 1
696 Main Street

City
Meeker
Meeker
Meeker
Meeker
Meeker
Meeker
Meeker
Meeker
Meeker

685 Main Street Suite ! Meeker

- State - ZipCode + AmoumtPai - 1

co 81641 $40.00
co 81641 $50.00 ¢
co 81641 $250.00 ¢
co 81641 $50.00 ¢
co 81641 $40.00 ¢
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co 81641
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Time dimension Table

TIME

PK

Time_ID
Day
Month
Quarter
Year

Location dimension Table

LOCATION |

PK

STAR SCHEMA

Sales Fact Table

FK | ITEM_KEY

FK | TIME_ID

rk | BRANCH_ID

FK | LOCATION

QTY_SOLD
AMT_SOLD
AVG_SALES

Item Dimension Table

Item_Name
Brand
Sold_By
Category

Branch dimension Table

I BRANCH

PK|Branch_ID
Branch_NM

Owner




Diagnostic Analytics

Advance Analytics with capability to: detect
anomalies, drill-down/discovery information
and/or find causality relations which can answer
question: “Why did it happened ?”
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Business Intelligence Challenge

HESSEAR, BigQuery O influxds

»Choosing & utilizing right database VERTICA @ GREENPLUM

DATABASE

» Effectively using right ETL tool
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Predictive Analytics

Predictive analyticsis the use of data, statistical
algorithms and machine learning techniquesto
identify the likelihood of future outcomes
based on historical data. The goal is to go

beyond knowing what has happened to N . - -
providing a best assessment of what will ? '-,. ] ooz
happen in the future. a . ;'..' o %e o f ;‘.’:
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Machine Learning

Computer algorithms which learn concepts and make subsequent

predictionsin the presence of data without explicitly being programmed to
understand those data.

foriin range(train): model =KNeighborsRegressor(k=10).fit(X_train,y_train)
y_predict[i] = coefl*train]i]['x1’]+coef2*train[i]['x2"]+C Y predict = model.predict(X_test)




Machine Learning Application

Supervised Learning
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CRISP — DM

Cross Industry Standard Process— Data Mining

Business Dats UNDERSTAND ATTRIBUTES

Understanding Understanding

BUSINESS USE CASE

EXPLORATORY DATA ANALYSIS
DATA CLEANING /WRANGLING
FEATURE ENGINEERING

MODEL COEFFICIENT
CALL OF ACTIONS

CROSS VALIDATION MACHINE LEARNING

CONFUSION MATRIX
ACCURACY



Practical & Main Stages

* Clearly defined business problem * Understand data points and * Experiment with multiple models
* Set success criteria constraints * Choose the most optimal model
* Define clear data science objectives * Formulate data analysis strategy * Createa feedback loop
\ * Perform required transformation
I * Break Business Problems into * Perform statistical and visual analysis
I data science problem * Discover and handle outliers/errors
* |dentify Machine Learning * Shortlist predictive modelling I
I Problem categories techniques
I I I I I I I I I I I I I I I I 4




Business Case Example

A Company wants to increase next year profit by 10%

#1  This business problem can be breakinto detailed business questions:
* How toincrease revenue?
 How to acquire new customer by 20 %?
 How toincrease revenue generated from existing customers (ARPU increase 15%) ?
* How toreduce lost ?
« How to reduce production cost by 30% ?
* How to prevent customer churn from 5% to 3% ?

#2  Translate business questionsinto machine learning tasks:
* I|dentify factors which leadsinto customer churn
e Detect customer that has high propensityto churn
* Identify factors which leads customer buy services

* Identity customer which can be target for up-sell campaign
* Etc..



#3 Data Preparation

One we have defined the business problem and decomposed into machine learning tasks,
we need to dive deeper into the data.

» Covers activities to construct final dataset (data for modelling) from various type of data.
» Likely to be performed multiple times, iterative and not in any prescribed order.

» Key things to note is the source of the data, quality of the data, data bias, etc.

» Task included: record selection, feature selection, cleaning, data transformation.

cust_id |yr_mth |voice_duration |data_usage
234234 201801 40 5000
234234 201802 45 4500
234234 201803 60 3000
234237| 201801 40|NULL
234237 201802 70|NULL
234237 201803 30|NULL
date_id [cust_id |problem_cat [problem_text
20180304 234237|drop call telpon putus-putus
20180318| 234237|sim error tidak bisa konek
3/12/2019 17:03 234234 login
3/13/2019 18:07 234235 check balance
3/14/2019 17:03 234236 reload
3/15/201917:03 234237 login

cust_id |voice_duration_m1 |voice_duration_m2 [voice_duration_m3 |data_usage_m1 data_usage_m?2 |data_usage_m3 [no_complain |app_access
234234 40 45 60 5000 4500 3000|NULL 5
234237 40 70 30 0 0 0 2({NULL

R

— Denormalization




#4 Exploratory Data Analysis

EDA objectives

* Extract information/pattern from data

* Suggest hypotheses about causes of observed phenomena

* Giveidea of features predicted power

* Identify the need for feature engineering: feature selection & feature extraction
* Provide basis for further data collection
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Exploratory VS Explanatory Analysis

Exploratory Explanatory
To Explore To explain
Understand the data Communicate via data
Purpose Figure out what might be noteworthy Communicate what is noteworthy
Opening hundreds of oysters Find perhaps only 2 pearls

@@@
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o Best done using data with high level of o Low level data granularity, aggregated,
granularity. summary.
o Possible presence of noise, but oversimply o Editorially driven, craft the visual with care to
Visualization could end up missing information. bring out the story most clearly.
o Not editorially driven. o Taking into account who'’s the audience, the
o Emphasis is discovering many stories in the background.
visual. o Emphasis is communicate analysis/data
o May not even be sure what story is there in exploration result.
the data. o Defined and clear story.

Translate data into visual medium can help quickly identify features, trends or

_ anomalous outliers. Most Exploratory Data Analysis (EDA) are graphical in nature. -



Exploratory Data Visualization
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Which Visualization, When ?
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2]
https://www.kaggle.com/kanncaal/feature-selection-and-data-visualization .
=
id diagnosis  radius_mean  texture_mean  perimeter_mean area_mean smoothness_mean compactness_mean  con ol
0 842302 M 17.99 10.38 122,830 1001.0 0.11840 0.27760 0.3
1 842517 M 20.57 17.77 13290 1326.0 0.08474 D.07864 0.0%
2  B4300903 M 19.69 21.25 130.00 1203.0 0.10960 0.15990 0.1¢ 21
3 84348301 M 11.42 20.38 77.58 386.1 0.14250 0.28380 0.2:
4  B4358402 M 20.29 14.34 135.10 1297.0 0.10030 0.13280 0.1¢
4]
= % = E = E E (= % =
A T T T
radius_mean texture_mean perimeter_ mean area_mean smoothness_mean compactness_mean concavity_mean - g' E' %' g' m' n E‘I jg EJ E'
E 2 £ £ E g S £ z
count 589.000000 569.000000 569.000000 569.000000 569.000000 569.000000 569.000000 569, & i g E g % ; E
mean 14127292 19 289549 91 859033 654 889104 0.086360 0.104341 0.088799 0.04 E 8 E EI
std 3.524049 4301036 24298981 351.914129  0.014064 0.052813 0.079720 0.03 W.
min 6.981000 9.710000 43.790000 143.500000 0.052630 0.019330 0.000000 0.00 .;.
25% 11.700000 16.170000 75.170000 420.300000 0.086370 0.064920 0.029560 0.02 .
B0% 13.370000 18.840000 86.240000 551.100000 0.095870 0.092630 0.061540 0.02 5 :
75% 15.780000 21.800000 104.100000 782.700000 0.105300 0.130400 0.130700 0.07 s
max | 28.110000  39.280000 188.500000 2501.000000 0.163400 0.345400 0.426800 0.20

area_worst

[
S
=
w
2
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texture worst
perimeter_worst
concavity_worst
symmetry_worst

diagnosis

smoothness_worst
compactness_worst

concave points_worst

fractal_dimension_worst

features



#5 Modelling

classification scikit-learn

algorithm cheat-sheet

NOT
WORKING

NOT
WORKING

data N0

YES samples
predictinga e -
category y

regression

NO
NOT
WORKING YES <100K
" samples

YES

ES

few features
should be
important

number of
categories
known

oT
WORKING

< . . .
o dimensionality
reduction

predicting
structure




#6 Evaluation

Predicted Value

Actual Value
(as confirmed by experiment)

positives negatives
v
g TP FP
5 True False
8 Positive Positive

(predicted by the test)

f

True Positive rate (Sensitivity)
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20 40 6o a0 100
False Positive rate (100-5Specificity)




Accuracy Vs Recall Vs Sensitivity

True
negative TN = 400 FP=17
Accuracy =
x0e FN=17 TP =26 400426
positive = ——
40042641747
N =450 =035
Predicted Predicted
negative positive

digits dataset positive class (black) is dgit 1. negative class (white) all others
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L
Feature 1 value

TN+TP+FN+FP

TP
Recall = TP+FN
26
26417
= (.60

Recall is also known as:

* True Positive Rate (TPR)
* Sensitivity

* Probability of detection

. T
Precision = —r

26

T 2647

=0.79




High Precision, Lower Recall

digits dataset positive class (black) is digit 1. negative class (white) all others

TN = 435 FP= 0

FN=8 TP=17

o < j < o ) H o (e} o .- . — TP —7—
Q:oooo:oooe:oeoo:o PrCC|S|°“-'m-;-looo
RRPREs Recall = —— L =047




Low Precision, High Recall

digits dataset. positive class (black) is digit 1, negative class (white) all others

' :; TN= 408 |FP= 27

FN=0 TP=15

: v > & & MN e _ TP _15 _
PIe e e v e e Preclsmn——”,“_.‘,-42 0.36
ORI, ‘  Recall=——=2-100

TP+FN 15




Modelling Example

texture_mean area_mean smoothness_mean concavity_mean symmetry_mean fractal_dimension_mean texture_se area_se smoothness_se cor

count 171.000000  171.000000 171.000000 171.000000 171.000000 171.000000 171.000000 171.000000 171.000000 1
mean 19.503333  643.526001 0.007288 0.090495 0.183149 0.063109 1247638  39.731351 0.007011
std 4494926 335928618 0.014734 0.084152 0.028621 0.006612 0.620910 36.515284 0.002734
min 10.380000  143.500000 0.052630 0.000000 0.106000 0.050240 0.362800 8.205000 0.001713
25% 16.255000  407.250000 0.087600 0.029530 0.163450 0.058215 0.828200  17.005000 0.005251
50% 19.110000  552.400000 0.097300 0.059380 0.179800 0.061340 1111000 23.290000 0.006248
5% 22.425000 757.750000 0.106450 0.135950 0.197300 0.066660 1.436500  47.060000 0.008116
max 31.120000 1873.000000 0.137100 0.425400 0.290600 0.052430 4.385000 199.700000 0.015040

from sklearn.linear model import LogisticRegression

data.columns

Index(["id', 'diagnosis’', 'radius_mean', 'texture_mean', 'perimeter_mean',
‘area_mean’, "smoothness mean', 'compactness_mean', 'concavity mean’,
‘concave points_mean', ‘symmetry_mean', ‘fractal_dimension_mean’,
‘radius_se", "texture_se', 'perimeter_se', 'area_se', 'smoothness_se',
‘compactness_se', 'concavity_se', 'concave peoints_se', 'symmetry_se’,
‘fractal_dimension_se', 'radius_worst', "texture_worst',

‘perimeter worst', ‘"area worst', 'smoothness worst',

‘compactness_worst', 'concavity_worst', "concave points_worst',

"symmetry_worst', 'fractal_dimension_worst', ‘Unnamed: 32'],
dtype="object’)

¥x_test.columns

Index([ "texture_mean’', 'area_mean', 'smocthness_mean', 'concavity_mean’,

‘symmetry_mean', “fractal_dimension_mean®, "texture_se', 'area_se’,

‘smoothness_se', ‘concavity_se', 'symmetry_se’,

‘smoothness_worst®, 'concavity worst',

‘fractal dimension_worst'],
dtype="object")

"fractal_dimension_se’,
'symmetry worst',

1r

aC

print(’Accuracy is:

cm

LogisticRegression().fit(x train, y_train)

accuracy score(y_test,lr.predict(x _test))
t,ac)
confusion matrix{y test,lr.predict(x test))

sns.heatmap({cm, annot=True, fmt="d")

Accuracy is:

8.95649122587817544

from sklearn.metrics import roc_curve, auc

y_score = lr.decision_function(x_test)

y_test bin =

fpr, tpr, _ =

[ 1if x=="M" else @ for x in y_test]

roc_curve(y_test_bin, y_score)

roc_auc = auc(fpr, tpr)

plt
plt
plt

Figure()
.xlim([-8.81, 1.86])
.ylim([-8.81, 1.81])

plt.plot(fpr, tpr, lw=3, label="LogRegr ROC curve (area = {:8.2f})".format(roc_auc))
plt.xlabel('False Positive Rate', fontsize=16)

plt.ylabel( Trus Positive Rate’, fontsize=16)

plt.title('ROC curve (1l-of-18 digits classifier)’, fontsize=18)
plt.legend(loc="lower right', fontsize=13)

plt.plot([e, 1], [@, 1], color="navy', lw=3, linestyle="--")
plt.axes().set_aspect( equal’)

plt.show()

True Positive Rate

ROC curve (1-of-10 digits classifier)
1.0

08

0.6

04

02

s

= | pgRegr ROC curve (area = 0.99)

0o =
(]

0.2 0.4 0.6 08 1.0
False Positive Rate



Prescriptive Analytics
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Data Science Tools

@ rindvata @ wiitecode @ Runcode @) BigData

Platforms

« Hadoop lother)
- SAS HPA

« AWS

Editing Tools

« Virvim

+ Emacs

» Seultron

+ TextWrangler
. ECIJM

« Notepads

* |Python

« Sublime

+ Alom

In

terfaces

paAdminlll
psal
psycopga
Terminal
Cygwin
Putty
winsep
Jupyter

Hadoop

. p‘g

 Hive

+ Java

* pylSpark
Cloud service
« MS Azure

* Amazon

« Google

‘ Algorithms . Show Results . Collaborate
Libraries Visualization Sharing Tools
Java + pythan-matplotiib + Confluence
+ Mahout * python-networks » Socialcast
R + D3js » Github
+ (Too many to list) * Tableau  Google Drive &
Text * Graphviz Hangouts
+ DpenNLP 3 )

« NLTK « Riggplot2, Wattice,
+ GPText shiny)

Cos « Office
¢ opency
Python
* numpy
+  scipy
+ seikit-leam
+  Pandas
Programs
+ Rstudio
+ MATLAB
+ Octave

+ SAS
« Stata




Data Science Team

Business Data Data Data
Stakeholders Scentist Analyst Engineer

DATA SCIENCE
ROLES
®

Data Data Da D:
Librarian Journalist Analyst Engineer

Data

a
Archi

ivist

Work

Data scientists work on...

Data Analysis
Statistics

Machine Learning
Data Mining
Statistical modeling
Research
Algorithms
Analytics
Programming

Data engineers work on...
e Data Warehousing
e ETL
L] Databases
e Business Intelligence

Tools

Data scientists use...

Data engineers use...

L] Matlab - Oracle
- SaSs e Hadoop
- Microsoft SQL Server
s MySQL
- Hiwve
Languages

Data scientists code in:

R
Python
LaTeXxX

C++

Data engineers code in...

e Java

- Unix

e Javascript
- Linux

e SQL




Data Science Required Skillsets

Topical Analytics Techniques
Business - ' Domain d
Strategy Knowledge .
8

Statistics | Mathematics

Pattern

Modeling & Recognition

Prescriptive
Analytics

Business
Analyse

Data
Mining

Exploratory
Data
Analytics

Communications

Machi
Big Data ' Data achine

Learning
Solution

Engineering SClenCe

Consulting

Business Analysis

Artificial
Data Intelligence
Modeling

Neural

Networks

Solving Presentation

Data
Visualization

Inquisitiveness



