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Safe Harbor Statement

The following is intended to outline our general product direction. It is intended for
information purposes only, and may not be incorporated into any contract. It is not a
commitment to deliver any material, code, or functionality, and should not be relied upon
in making purchasing decisions. The development, release, and timing of any features or
functionality described for Oracle’s products remains at the sole discretion of Oracle.

ORACLE
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Big Data is Big Business
Sources: The Economist, McKinsey &amp; Company, Gartner, Facebook, IBM

vt 1010 =
101010010101010104010%

Every day, we create 2.5-quintillion bytes of data. AT
90 per cent of the data in the world today has been e, 3 g K
created in the past two years.

Every minute, 100,000 tweets are sent globally.

Google receives two-million search requests every minute.
Five-billion mobile phones were in use in 2010.

30-billion pieces of content are shared on Facebook every month.
By one estimate, there will be 5,200 gigabytes of data for every human on the planet by 2020.

By 2015, 4.4-million IT jobs globally will be created to support big data, generating 1.9-million IT
jobs in the United States alone.

70 per cent of data is created by individuals — but enterprises are responsible for storing and
managing 80 per cent of it.

Big data will drive $232 billion in spending through 2016.
There is the potential for a 60 per cent increase in retailers’ operating margins with big data.

ORACLE’

VOLUME

http://www.thestar.com/life/worldofmbas/2014/09/08/why_big_data_is_attracting_big_attention.html
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Analytics
and Big Data

Are Changing the World

ANALYTICS

Unlock value in data to solve some of the weorld's most pressing problems

L Q;j-? ORGANIZATIONS WHICH USE ANALYTICS GET
\_dql "‘
& \ ﬂ g

Transform Communities Save Lives Increase Public Safety $1 0 .66 FOR EVERY $1 THEY SPEND

Using analytics and big data, Scientists protect consumers Police increase public safety DN ANA LYTI CS
LL.N. officials will deliver by pulling deadly medication by predicting erime "hot spots”
energy ta 1.3 billion people off the market and pre-deploying officers

CHANGE YOUR BUSINESS

Imagine what analytics can do for your business

3x il 53%8  50%§

Top perfarmers are 3% more use analytics to drive use analytics to transform
likely to use analytics than stratagy daily operations
low performers

ORACLE" http://www.pinterest.com/pin/267753140321592721
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Planning for Future
Growth of Data Exponentially Greater than Growth of Data Analysts!

Growth of Data vs.
Growth of Data Analysts

Conclusion

Stored Data accumulating at 28% annual growth rate — Data AnalySIS pIatforms need to be
Data Analysts in workforce growing at 5.7% growth rate * Extremely Easy to Learn, yet..

* Extremely Powerful and

* Automated as much as possible!

Data Analyst shortage

gA_—‘;—_

SR R R T TP T T T TP R T T, Tty T T L L . Ty
& S & d o ¥ [ o x A R = s s S V'
TP I FIFLFE TS

ORACLE

DB B v A A Wb b
A A i A S A
T H P

http://www.delphianalytics.net/more-data-than-analysts-the-real-big-data-problem/
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Four Main Languages for Analytics, Data Mining, Data

Science: R, SQL, SAS, Python
SQL is at Core

e BIG DATA’S BIG FLIP-FLOP

— BY BILL FRANKS, Chief Analytics Officer for Teradata, MAR 13, 2014

KDnuggets 2014 Poll: Languages used for Analytics/Data Mining

— “It wasn’t too long ago that many people espoused
the decline, if not death, of the SQL language and
relational database technology in general.”

— “In case you hadn’t noticed, a huge flip-flop has
occurred. Many of the same people and organizations
that were recently dismissing the entire concept of
relational environments and SQL are now racing to ...
wait for it ... add SQL-style interfaces on top of non-
relational platforms like Hadoop!”

ORACLE

5QL, 30.6%
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Oracle Big Data Platform

Oracle Oracle Oracle Oracle
Big Data Appliance Big Data Connectors Exadata Exalytics
Optimized for Hadoop, “System of Record” Optimized for
R, and NoSQL Processing Optimized for DW/OLTP Analytics & In-Memory Workloads

: Enterprise
\ 5;:.-5;,'f = [EEE Oracle Performance
' Database ' Connectors
. Data Oracle BI
- Warehouse Applications
2O Y

Oracle
Advanced

Analytics Endeca
Information
Discovery

Oracle Bl EE

Oracle Data
Integrator

Stream ‘ Acquire ‘ Organize ‘ Discover & Analyze

ORACLE
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Oracle Advanced Analytics + Exadata + Big Data SQL

OAA data mining model “scoring” pushed to Exadata storage tier and BDA

e With Oracle Advanced Analytics,
SQL predicates and predictive models
get pushed down for execution

Faster

— For Exadata environments, get pushed to
Exadata storage level for execution

— For BDA environments, get pushed to
BDA for execution

Big Data Appliance Exadata
+

&=

Hadoop
— For example, find the US customers likely to churn: Oracle Database

select cust _1d

from customers _
where region = “US” ?Scoring function execu
and prediction_probability(churnmodi*Y” using *) > 0.8;

ORACLE

ted in Exadata of on BDA

Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |



Oracle Advanced Analytics Database Option

Fastest Way to Deliver Scalable Enterprise-wide Predictive Analytics

] a

s & :
i & &
Histograms & Statistics Box & Scatter Plots Cluster Segments Mew Customers
Key Features - h,,/ g ey

& < & - & - %

| ] In_d ata base data mining algo rith ms and nsurance Eu_st:ers Prep and Clean Data Predictive Models Likely Customers
open source R algorithms @ =5 @ 9
=3 = & - %
m SQL’ P L/SQL’ R Ia ngu ages R Script & madel Anomalies Predictive Query  POS Sales Transactions Market Basket Analysis

AGE By LTV BIN

GOK

= Scalable, parallel in-database execution
= Workflow GUI and IDEs

= |ntegrated component of Database

40K

5 30K
HEH

' 20K

10K

0K

DIVORCED OTHER WIDOWED
MARRED ~ SINGLE

BAMK_FUMNDS

= Enables enterprise analytical applications

ORACLE’




. Oracle Advanced Analytics Database Evolution

'DATABASE

ORACLE

* Oracle acquires
Thinking Machine
Corp’s dev. team +

* 7 Data Mining “parwin” data
“Partners” ining software

1998 1999

ORACLE

9.2i launched — 2
algorithms (NB
and AR) via Java
API

INTERNET

* Oracle Data Mining

- Oracle Data Mining functions, 7 new SQL ;.0 quction/addition of

ORACLE 1 26‘
n.w 4 & DATABASE
' B — & - %

s\ ¢ & . s  *Newalgorithms (EM,
T PCAy'SVD)

ORACLE 1g o Predictive Queries
DATABASE @ SQLDEV/Oracle Data
Miner 4.0 SQL script

* ODM 11g & 11gR2 adds generation and SQL
AutoDataPrep (ADP), text Query node (R integration)
mining, perf. improvementspAA/ORE 1.3 + 1.4

* SQLDEV/Oracle Data Mineradds NN, Stepwise,
3.2 “work flow” GUI scalable R algorithms

launched « Oracle Adv. Analytics

* Integration with “R” and for Hadoop Connector
launched with

Oracle R Enterprise scalable BDA
 Product renamed “Oracle algorithms

Advanced Analytics (ODM + @hadaap

ORE)

ORACLE

DATABASE

10g & 10gR2
introduces SQL dm

dm algorithms and
new Oracle Data
Miner “Classic”
wizards driven GUI

2002 [ 2004 ) 2005 [ 2008 ) 2011 ) 2014
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Oracle Advanced Analytics
Performance and Scalability with Low Total Cost of Ownership

Traditional Analytics ~ Oracle Advanced Analytics ..
ST T === Data remains in the Database

= Scalable, parallel Data Mining algorithms in SQL kernel

Data Import

Data‘[\/linin_g : = Fast parallelized native SQL data mining functions, SQL data preparation and efficient
Model “Scoring” & , execution of R open-source packages

Data Prep. & K3 i i = High-performance parallel scoring of SQL data mining functions and R open-source
Transformation XA avings models

Data Mining  KRRA Fastest way to deliver enterprise-wide predictive analytics
Model Building kY

= |ntegrated GUI for Predictive Analytics
Data Prep & [IRWIS = Database scoring engine
Transformation "
Lowest TCO

: , . A = Eliminate data duplication
Data Extraction o Embedded Data Prep - .
) el S g = Eliminate separate analytical servers

‘0, Data Preparation
llllllllllllllllllll '

Hours, Days or Weeks Secs, Mins or Hours = Leverage investment in Oracle IT

ORACLE’



Turkcell ($) TURKCELL

Combating Communications Fraud

“Turkcell manages 100 terabytes of compressed data—or one
petabyte of uncompressed raw data—on Oracle Exadata. With

= Prepaid card fraud—millions of dollars/year Oracle Data Mining, a component of the Oracle Advanced
. Analytics Option, we can analyze large volumes of customer data
Extremely fast sifting through huge data and call-data records easier and faster than with any other tool

volumes; with fraud, time is money and rapidly detect and combat fraudulent phone use.”

_ — Hasan Tongug Yilmaz, Manager, Turkcell iletisim Hizmetleri A.S.

= Monitor 10 billion daily call-data records
= Leveraged SQL for the preparation—1 PB

= Due to the slow process of moving data, Turkcell
IT builds and deploys models in-DB

= Oracle Advanced Analytics on Exadata for

Oracle Advanced Analytics

extreme speed. Analysts can detect fraud Dracie Advanced el ics
patterns aimost immediately Exadata

ORACLE’



More Data Variety—Better Predictive Models

* Increasing sources of 100% 100%

Naive Guess or
Random

Model with 75 variables

Responders

Model with 250 variables

relevant data can boost
model accuracy //7
Model with “Big Data” and

o hundreds -- thousands of input

(@) (P
U
.H" wﬂ e Demographic data
~~ e Purchase POS transactional
data
E]‘_g‘ / o “Unstructured data”, text &
- ﬁ ‘ comments
- * Long term vs. recent historical

=zl behavior
e Web visits
e Sensor data

variables including:
Spatial location data
Q=
° etc 0% Population Size

ORACLE
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Oracle Advanced Analytics Database Architecture
Component of Oracle Database—SQL Functions

SQL Developer R Client Appllcatlons
P r————r—— —
g S :TII:'M - /_.- ::% .%u e LT ‘
8 §-4-% A4 e
Insarmoe Cugmren Poeg c Do O Pediebinrs Uiy C st L ‘?\:};—
a2\ & 8-3 %

Oracle Database Enterprise Edition

Oracle Advanced Analytics
Native SQL Data Mmlng/Analytlc Funct/ons + H/gh-performance

Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |
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Combating Fraud

= Build and implement Risk Mitigation Strategies
for 2,500 US banks and Financial Institutions

= Fraud revention in online payments performed
by organized sophisticated criminal groups

= When dealing with the hectic world of fraud,
speed is the most important factor

= Hard to detect...target has low frequency (3 in 10,000)

= Oracle Advanced Analytics used by data analysts
and deployed by DBA

“Oracle Advanced Analytics has a competitive advantage in terms

of time savings, accuracy, cost, ease of use and deployment.
When dealing with the hectic world of fraud, the speed to
implement a new model is the most important factor. Systems
with good algorithms and a fast turnaround have better ROI than
systems with complex algorithms with long implementation times.

- Miguel Barrera, Risk Manager, Julia Minkowski, Risk Analyst, Fiserv Inc,

”

Fraud Rate pre and post model implementation

Fraud Attack 1
]
il |« ﬂ.
Model A —Fraud Rate per week 8 Geaeh ‘ /
% ‘ / Ewensa
D2C_PMNL ALL \\ - ﬁ Ja z"\-.j(p
= =L &
g =
i
g L
a 5} - T | &
& == e == =
6 Bl . ™
— - ~
Expior Data 1 HHEv;!st |R\\ "zig 5"1': ‘\\\
-~ o nld| > @l =
et £l 5 ~—
14 Graghd4  Graphs 1
€.
Cuust Build
i e
gy .
Mode Detals

Week

Excerpted from Becoming Faster than a Mouse: Turn Data Mining into Action in Fraud Detection using OAA, presented at Oracle BIWA Summit

ORACLE’

2014, , - Miguel Barrera, Risk Manager, Fiserv Inc, - Julia Minkowski, Risk Analyst, Fiserv Inc.


http://www.biwasumit.org/

What we learned... fiserv.

- |+ Complex Methods barely
@ outperform simpler methods:

 Binning makes Trees and GLM
almost as good as Ensemble or
Gradient Methods

Complex methods are hard to
implement and require
investments in infrastructure

The current model building
structure (SAS + Angoss) does
not scale to grow with large
volume

< B Ot TARGET e 5
[ama Rele = TRAIN [ra@ Eole = VALIDATE
1.0 14
= — o
EE o e ———
~ — ] e —
L r e —— -
o o . ..-'., -
II'. 3 [ J
N & R
[y [ _—— —
. - [
AL T | _:-l'—;.
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3 - 2 (BFT
] = e
: |l | L
i
L] w1 .I
4 044
7
i E ij4 B
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1 - Specificity 1 - Specificity
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Oracle BIWA SIG Summit 2014
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Accuracy + Agility vs. Cost to Deploy fiser.

Cost Dimension (Size)

Time to Deploy x Accuracy (% Fr Detected) + Pick the best combination of:

Less days to deployment

= High model accuracy
Lower Cost
93%
Accuracy SAS Server
DAA Application Deploy (Days) Accuracy Total Cost
B3% - SAS Sener 3 0,92 %5
ODM 1 0. 40 1
\A"EG“ SAS Base 15 0.83 2086
83% - .SAF’H"SE Angoss 12 0,85 1084
T8%

-5 (8] 5 10 15 20
Time to Deploy (Days)

gl
BIWA SIG _

Oracle BIWA SIG Summit 2014 Bester Informution Baccer Resilts




Predictive Analytics & Data Mining
Typical Use Cases

ORACLE

Targeting the right customer with the right offer

How is a customer likely to respond to an offer?
Finding the most profitable growth opportunities
Finding and preventing customer churn

Maximizing cross-business impact

Security and suspicious activity detection
Understanding sentiments in customer conversations
Reducing medical errors & improving quality of health

Understanding influencers in social networks

Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |
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What is Data Mining?

Automatically sifting through large amounts of data to °<»+ -

find previously hidden patterns, discover valuable new :

insights and make predictions R
1092 0000

e |dentify most important factor
e Predict customer behavior
* Predict or estimate a value

 Find profiles of targeted people or items
e Segment a population

e Find fraudulent or “rare events”

e Determine co-occurring items in a “baskets” GEDv-

ORACLE
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ORACLE

Data Mining Provides gt r
Better Information, Valuable Insights and Predictions "1837 0000
‘kCell Phone Churners vs. Loyal Customers Y, ¥

Segment #3
IF CUST_MO > 7 AND INCOME <
S175K, THEN
Prediction = Cell Phone Churner,
Confidence = 83%
Support = 6/39

Income

Segment #1
IF CUST_MO > 14 AND INCOME <
S90K, THEN Prediction = Cell Phone
Churner
Confidence = 100%

l Support = 8/39

[SP I oG RLavlifling Techniques: For Marketing, Sales, and Customer Relationship Management by Michael J. A. Berry, Gordon S. Linoff
UIYALL& Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |
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Oracle Advanced Analytics—Best Practices
Nothing is Different; Everything is Different

B
1. start with a Business Problem
Statement |

\'.
/. Automate and Deploy 2. Don’t Move the Data
Enterprise-wide
/ o/
4 B ™
6. Quickly Transform “Data” to 3. Assemble the “Right Data” for
“Actionable Insights” the Problem |
/ 4
& N p
>. Be Creative in Analytlcal 4. create New Derived Variables
Methodologies |
4

—

ORACLE’



Oracle Data Miner “Workflow” GUI for Data Analysts

SQL Developer 4.0 Extension e ey
Comneciions. | Do Winer B Gl -j}a_.mqr B Ornce 1 0MSER 8 o] Mg Dwie Bl Trt 0 o5 Cuomerdrwhbaiiiongl B/ Cintores Acaivtn 8 33 Car Datubong 8 41, _"E! Componenes & &l
L S (A Qs WD y :‘-Ma ]
Free OTN Download T 3 ] e '
%EE:‘M i % o % :uwiﬂ;#e wEu:- tm-:lw
* Easy to Use == = % ™ g g R
— Oracle Data Miner GUI for data analysts O | & et e o
: R — Espiare Data Agyagtn 7 o g -3
— “Work flow” paradigm e R , i IR~
& Y i =]
L ] B § = = — =B — B — r:im g S.Eu
o POWE rfu I I ; .:' v i c‘_ 3 n?—.- CHTM%DA'# Js;! r.u%m :.u...-s;-:\m_. Preskctsn Wodds Lu,gu%;ugm )

— Multiple algorithms & data transformations L s/ s '

% = > I_IA: {F ] i "]

— Runs 100% in-DB _ i == [ S

Baw and Suatisr Pois | Refeene
— Build, evaluate and apply models e . : 3 &
e Dvaken
» Automate and Deploy g R ; et 2 2
— Save and share analytical workflows e i — o e
— Generate SQL scripts for deployment M_ ::f . ,;;w“};:f::* e | .M. .
LS _5_12 L] B 1o B L s Muipwatic Sepport Verior Medhine Pk i ke
- e Q0T L2 L] BN WG Ao Desen Trse =] i

ORACLE’
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Predicting Behavior
ldentify “Likely Behavior” and their Profiles

& -

Aggregated POS data

e - % 5 8

Customers Credit score model Predicted credit rating Join

Demographics and comments

ORACLE

Customer sentiment data

-

POS Sales data

Multiple Predictive models

Maost Likely customers

_[ ._
2 — |
360 degree view of customers Filter Columns
1 Consider:

@

Clust Build

Copyright © 2014 Oracle and/or its affiliates. All rights reserve

* Demographics
Past purchases
Recent purchases
Customer comments & tweets

d.



Oracle Advanced Analytics

& 4 @ |
=c
Histograms & Statistics Box & Scatter Plots Cluster Segments New Customers
" . .

Insurance Customers. Prep and Clean Data Predictive Models Likely Customers

R Script & model Anomalies Predictive Query  POS Sales Transactions Market Basket Analysis

: OAA/ORACLE DATA MINER

40K

30K

BANK_FUNDS

20K

10K

16852 TN e DIVORCED OTHER WIDOWED
‘ an.e2  mEM WARRIED

SINGLE
MARITAL_STATUS

- 5238 LR

ORACLE
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Start with a Business Problem Statement

Common Examples

l

* Predict employees that voluntarily churn

. . | PRACTICE |
* Predict customers that are likely to churn - '

* Target “best” customers
* Find items that will help me sell more most profitable items
* What is a specific customer most likely to purchase next?

* Who are my “best customers”?

* How can | combat fraud? B &

* |'ve got all this data; can you “mine” it and find useful insights? m

ORACLE




Start with a Business Problem Statement
Clearly Define Problem

“If  had an hour to solve a
problem I'd spend 55 minutes
thinking about the problem and 5
minutes thinking about
solutions.”

— Albert Einstein

ORACLE



Be Specific in Problem Statement

Poorly Defined

Predict employees that leave
Predict customers that churn
Target “best” customers

How can | make more $S?

Which customers are likely to buy?

Who are my “best customers”?

How can | combat fraud?

ORACLE
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Be Specific in Problem Statement

Predict employees that leave
Predict customers that churn
Target “best” customers

How can | make more $S?

Which customers are likely to buy?

Who are my “best customers”?

How can | combat fraud?

ORACLE’

e Based on past employees that voluntarily left:
« Create New Attribute Empl Turnover - 0/1

e Based on past customers that have churned:
e Create New Attribute Churn = YES/NO

* Recency, Frequency Monetary (RFM) Analysis

e Specific Dollar Amount over Time Window:
* Who has spent $500+ in most recent 18 months

* What helps me sell soft drinks & coffee?

* How much is each customer likely to spend?

e What descriptive “rules” describe “best
customers”?

* Which transactions are the most anomalous?
e Then roll-up to physician, claimant, employee, etc.

Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |



Be Specific in Problem Statement

Poorly Defined Better

Predict employees that leave * Based on past employees that voluntarily left: A §A‘A TV
« Create New Attribute Empl Turnover - 0/1 ‘°; %‘fzﬁ"oooo

Predict customers that churn e Based on past customers that have churned: A {3“ Ry T
e Create New Attribute Churn - YES/NO ‘°: %‘ACA}‘A_’OOOO

Target “best” customers * Recency, Frequency Monetary (RFM) Analysis A AR

e Specific Dollar Amount over Time Window: o Potc‘,:: B

* Who has spent $500+ in most recent 18 months

How can | make more $$? * What helps me sell soft drinks & coffee?

Which customers are likely to buy?  ¢How much is each customer likely to spend?

Who are my “best customers”? e What descriptive “rules” describe “best
customers”?
. o ey
How can | combat fraud? * Which transactions are the most anomalous? calp *

e Then roll-up to physician, claimant, employee, etc.

ORACLE’



Oracle Advanced Analytics
In-Database Data Mining Algorithms—SQL & R & GUI Access

_ Algorithms Applicability

AA v ABARR Logistic Regression (GLM) Classical statistical technique
o 2 AA Decision Trees Popular / Rules / transparency
lassifi A A—>
SR :%‘AQA 0000 Naive Bayes Embedded app
Support Vector Machines (SVM) Wide / narrow data / text
. :o\ﬁ;;i:‘ Linear Regression (GLM) Classical statistical technique
Regression » Ok . .
Support Vector Machine (SVM) Wide / narrow data / text
A I T :
nomaf y [ o wns® One Class SVM Unknown fraud cases or anomalies
Detection = .
. ° * A : . . . .
Attribute ‘.?‘+ — 18w M!nlrpum Description Length.(MDL) Attribute reduction, Reduce data noise
Importance s Principal Components Analysis (PCA)
iati (D) (3a] v
::T::'atlon 'Gi—e,’ ::“ h Apriori Market basket analysis / Next Best Offer
A . .
@ A —Pda Hierarchical k-Means : o
Clustering 9-2‘ ::ff Hierarchical O-Cluster (P;I;Ondeu:;gro?o?er}ié:]':(tsrgmlng
“o'e e Expectation-Maximization Clustering (EM) P y
A
¥ _Am -
Feature 0.4. ‘_, - Nonnegative Matrix Factorization (NMF) . .
. 2 : . F
Extraction mls F1 m%'m Singular Value Decomposition (SVD) st ameliels  [Femivins reelueifion

ORACLE’



In-Database Advanced Analytics A

Independent Samples T-Test

* Query compares the mean of AMOUNT _SOLD between
MEN and WOMEN Grouped By CUST _INCOME_LEVEL ranges

* Returns observed t value and its related two-sided significance (<.05 = significant)

- - &l saript output * |
SELECT substr(cust_income_level,1,22) income_level, # & B & B[ rosk competedn 3872 0conds
avg(decode(cust_gender, "M~ ,amount_sold,null)) sold_to_men, INCOME_LEVEL SOLD_TO_MEN SOLD_TO_WOMEN T_OBSERVED TWO_SIDED_PF_VALUE
avg(decode(cust_gender, "F" ,amount_sold,null)) |70t Tt e e e
sold to women A: Below 30,000 105.28349  99.4281447 —1.9330623949 0468114816
_L0_ ’ B: 30,000 - 49,999 102.59651  109.523 54 it eTo s .00234105343
stats_t_test_indep(cust_gender, amount_sold C: 50,000 - &9,999 LOBeersTT 110.127931 2.36148671 0182042211
'STATTS?IC' TF') t obse?ved ? — ? Lo dimirm=="F7, 999 106.630299 110.47287 2.28496443 0223169973
» _ » E: 90,000 - 109,999 103.396741  101.610416 -1.25445773 208677823
stats_t_test_indep(cust_gender, amount_sold) F: 110,000 - 129,999 106.76476  105.981312 -0.604445985 545545304
t Td_d — ! — ? — G 130,000 - 149,999 108.877532 107.31377 -0.852952449 393671218
WO_Sidaed_p_Vvalue H: 150,000 - 169,993 110.987258 107.152191 -1.90623631 056622983
I: 170,000 - 189,999  102.808233 107.43556 2.18477851 .02E9085659
FROM sh.customers c, sh.sales s J: 180,000 - 249,999  108.040564  115.343356 2.58313425 .00879451611
WHERE c.cust id=s.cust id K: 250,000 - 299,999 112.377993 108.196097 -1.41078707 .158316973
- T L: 300,000 and above  120.970235  112.218342 -2.06428678 0330038615
GROUP BY rollup(cust_income_level) 107.121845 113.80441 686144393 . 492670053
ORDER BY 1- 106.663769  107.276386 1.08013499 . 280082357
14 rows selected

ORACLE
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R—Widely Popular

R is a statistics language similar to Base SAS or SPSS statistics

R environment

Strengths

Powerful & Extensible

Graphical & Extensive statistics

Free—open source

Challenges

Memory constrained

Single threaded
Outer loop—slows down process

Not industrial strength

ABCDEE

=lp Pages
GHILMNERESTIX
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Oracle Advanced Analytics

Oracle R Enterprise Compute Engines

p
¢
p
: SQL R .
R Eng|ne (Other R B - [ R Eng|ne (Other R
_packages > E"’éﬁ > _packages
;" ..;
User R Engine on desktop Database Compute Engine R Engine(s) spawned by Oracle DB
e R-SQL Transparency Framework intercepts R ¢ Scale to large datasets e Database can spawn multiple R engines for
functions for scalable in-database execution o Access tables, views, and external tables, as database-managed parallelism
e Function intercept for data transforms, well as data through DB LINKS e Efficient data transfer to spawned R engines
statistical functions and advanced analytics o | everage database SQL parallelism e Emulate map-reduce style algorithms and
* Interactive display of graphical results and e Leverage new and existing in-database applications
flow control as in standard R statistical and data mining capabilities e Enables “lights-out” execution of R scripts
e Submit entire R scripts for execution by
database

Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |
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Oracle Advanced Analytics
R Graphics Direct Access to Database Data
R> boxplot(split(CARSTATSSmpg, CARSTATS$model .year), col = '‘green™)

I-: R Graphics: Device 2 (ACTIVE)

J MPG increases
over time

o | =
= | l !
= B L T
v | N i : : L 1
@lllllllll+
N . I I N _:_
- 1 = 4 =

I I I I I I I I I I I I I
70 71 72 T2 74 75 76 F7T 78 T 80 81 82

ORACLE
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Oracle Advanced Analytics

1
¥
I

il

OAA/ORACLE R ENTERPRISE
QUICK DEMO
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Oracle Advanced Analytics
Wide Range of In-Database Data Mining and Statistical Functions

* Data Understanding & Visualization

Summary & Descriptive Statistics

Histograms, scatter plots, box plots, bar charts

R graphics: 3-D plots, link plots, special R graph types
Cross tabulations

Tests for Correlations (t-test, Pearson’s, ANOVA)

Selected Base SAS equivalents

* Data Selection, Preparation and Transformations

Joins, Tables, Views, Data Selection, Data Filter, SQL time windows, Multiple
schemas

Sampling techniques

Re-coding, Missing values
Aggregations

Spatial data

SQL Patterns

R to SQL transparency and push down

* C(Classification Models

Logistic Regression (GLM)

Naive Bayes

Decision Trees

Support Vector Machines (SVM)
Neural Networks (NNs)

* Regression Models

inle Regression (GLM)
Vector Machines

ORACLE

« Clustering

— Hierarchical K-means
— Orthogonal Partitioning
— Expectation Maximization

« Anomaly Detection

—  Special case Support Vector Machine (1-Class SVM)
« Associations / Market Basket Analysis

— A Priori algorithm

» Feature Selection and Reduction

Attribute Importance (Minimum Description Length)
—  Principal Components Analysis (PCA)

— Non-negative Matrix Factorization

— Singular Vector Decomposition

«  Text Mining

— Most OAA algorithms support unstructured data (i.e. customer
comments, email, abstracts, etc.)

» Transactional Data

— Most OAA algorithms support transactional data (i.e. purchase
transactions, repeated measures over time)

* R packages—ability to run open source

— Broad range of R CRAN packages can be run as part of database process
via R to SQL transparency and/or via Embedded R mode

* included in every Oracle Database

Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |



Data Mining When Lack Examples

Better Information, Valuable Insights and Predictions
‘k Cell Phone Fraud vs. Loyal Customers

Income

Source: Inspired from Data Mining Techniques: For Marketing, Sales, and Customer Relationship Management by Michael J. A. Berry, Gordon S. Linoff
Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |
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Challenge: Finding Anomalies

* Considering
multiple attributes X,

* Taken alone, may
seem “normal”

* Taken collectively, X,
a record may
appear to be

anomalous
* Look for what is X3
“different”
X4

ORACLE
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Fraud Prediction Demo
Automated In-DB Analytical Methodology

drop table CLAIMS_SET;
exec doms_data_mining.drop_model( CLAIMSMODEL");
create table CLAIMS_SET (setting_name varchar2(30), setting_value varchar2(4000));
insert into CLAIMS_SET values (ALGO_NAME',’/ALGO_SUPPORT_VECTOR_MACHINESY; POLICYNUMBER PERCENT_FRAUDRNK
insert into CLAIMS_SET values (PREP_AUTO',ON"); | et e
commit; 6532 64.78 1
2749 64.17 2
begin 3440 63.22 3
dbms_data_mining.create_model('CLAIMSMODEL', 'CLASSIFICATION', 654 63.1 4
'CLAIMS', 'POLICYNUMBER', null, 'CLAIMS_SET"); 12650 62.36 5
end;
/ Automated Monthly “Application”! Just
add:
-- Top 5 most suspicious fraud policy holder claims Create
select * from View CLAIMS2_30
(select POLICYNUMBER, round(prob_fraud*100,2) percent_fraud, AS
rank() over (order by prob_fraud desc) rnk from *
(select POLICYNUMBER, prediction_probability(CLAIMSMODEL, ‘0" using *) prob_fraud Ser']ea fr%m CLAIMS2
from CLAIMS Where mydate > SYSDATE — 30
where PASTNUMBEROFCLAIMS in (‘2to4', ‘'morethan4’))) _ o
where rnk <= 5 Time measure: set timing on;
order by percent_fraud desc;

ORACLE’




Retail
Market Basket Analysis

o ¥ -85

Model Details

Join Assoc Build 1

_f-% | Rules: 102 out of 7,534 lln‘ \
4 A

am ORACLE

©
ot el ] L
S
©—©

* | off customer Analytics 350 View * |(FyAgaregated POS data * |§PcLAs sVM_195 x |Pawus kv 2 2 x [SPAssoc AP 2 54 x| RsH.saest x [
Rules  Itemsets |Settings

T

Sort by: it v) pescendng_~] '
Use: Filter Ttem Filters KB ==
Filter Attribute Filter -~
Minimum Lift:

Minimum Support{3a):
Minimum Confidence(%&):
Maximum Items In Rule:

Minimum Items In Rule:

Rule Content: Subname b

| jin} Antecedent Conseguent Lift Confidence(3t) = Support(%a) Item Count

QUTPUT 1 54 || 3984

Find market baskets,

likely products

product bundles, and next-

Fly Fishing AMD Comic Book Heroes

256MB Memory Card

e W T

Fly Fishing AMD Finding Fido 256MB Memary Card 23.8035 76.8431 1.085 2
4066 Fly Fishing AMD Martial Arts Champions 256MB Memary Card 23.5529 76.6781 1.24499 2 3
4050 Fly Fishing AMD 128MB Memory Card 256MB Memary Card 23.3091 75.8846 1.3734 2 3
6329 Comic Book Heroes AMD Martial Arts Cham... 256MB Memory Card 23.2682 75.7514 1.5435 2 K
4023 Fly Fishing AMD Smash up Boxing 256MB Memary Card 22,9962 74,8659 1.2673 2 3
4222 Finding Fido AMD Comic Book Heroes 256MB Memary Card 22.9302 74.651 1.1953 2 3
4065 Fhf Fishing AMD Adventures with Mumbers  256MB Memory Card 22,8958 74538 1.3274 2 v
< >
rF..
Rule Details:
ID: 4083 b
IF

Fly Fishing AND

Comic Book Heroes
THEH

256ME Memory Card
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Market Basket Analysis

SELECT rownum AS rank, consequent AS recommendation FROM

Perform market basket analysisin- |
SELECT

d ata b daSe cons_pred.attribute_subname consequent,
max(AR.rule_support) max_support,
. «“ ” max(AR.rule_confidence) max_confidence
Find All A%B rules FROM TABLE (

DBMS_DATA_MINING.GET_ASSOCIATION_RULES (

H 'AR_RECOMMENDATION', 10, NULL, 0.5,0.01, 2, 1,
Sort by confldence ORA_MINING_VARCHAR2_NT (
'RULE_CONFIDENCE DESC', 'RULE_SUPPORT DESCY,

1 1 DM_ITEMS(DM_ITEM('PROD_NAME', '‘Comic Book H ', NULL, NULL),

Fi Ite rout recommen d ations th at DM_ITEM('IgROD_NAIE/IE', 'Martial Arts Cr?ermnn:;io(r)wg', Nlejrl?l_e,SNULL)),
i , i NULL, 1)) AR,
already in the customer’s shopping YL o e cons pred
ca rt WHERE cons_pred.attribute_subname NOT IN ('Comic Book Heroes', 'Martial Arts
Champions')

. GROUP BY cons_pred.attribute_subname
Fina | |y’ query the top 3 ?RDER BY max_confidence DESC, max_support DESC
recommendations based on the WHERE fownum <=3,

. . RANK RECOMMENDATION
order of highest confidence and
1 Endurance Racing

SuU p pO rt 2 128MB Memory Card

3 Xtend Memory
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dunnnhumby

Accelerates Complex Segmentation Queries from Weeks to Minutes—Gains
Competitive Advantage

“Improved analysts’ productivity and focus as they can

now run queries and complete analysis without having to

= World’s leading customer-science company wait hours or days for a query to process”

= Accelerate analytic capabilities to near real time using Oracle I8l R=Telelv| =T A0 Mg 1L oM E=lolel Iy [eTglo i (o] gk o) Y
Advanced Analytics and third-party tools, enabling analysis analyzing larger sample sizes and predicting the market's
of unstructured big data from emerging sources, like smart reception to new product ideas and strategies”
phones

— dunnhumby Oracle Customer Snapshot

= Accelerated segmentation and customer-loyalty analysis from
one week to just four hours—enabling the company to
deliver more timely information & finer-grained analysis

= Generated more accurate business insights and marketing
recommendations with the ability to analyze 100% of data—

including years of historical data—instead of just a small
sample

ORACLE’
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Oracle Advanced Analytics
More Details

On-the-fly, single record apply with new data (e.g. from call center)

Select prediction_probability(CLAS DT 4 15, "Yes”

USING 7800 as bank funds, 125 as checking_amount, 20 as
credit _balance, 55 as age, "Married" as marital status,
250 as MONEY_MONTLY_ OVERDRAWN, 1 as house ownership)

from dual;

— Sodial Meh Likelihood to respond:

CaII C
entel ,Cgranch [ Suery Result
/ Complain OR’ACLE Ofﬂq
B gl B 5oL All Rows Fetched: 1 in 0 seconds
; ' Buy

PREDICTION_PROE. ..
g 0.533829365079336. ..
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Fusion HCM Predictive Workforce

Predictive Analytics Applications

== Predicted Worker Performance and Attrition

Fusion Human Capital Management

gy | My Directs' Organization i Full Analysis - ; ]
(M & - J F Prediction Details: Team: Pat Miller

Po We re d b O A A Average Team Prediction for My Direct Reports’ Organization Vekuger Pl
o= fverag erformance. 78% (High)
V] Show names ttrition 7% (High)

Total Number of W Graup 15

Predicted Attrition Predicted Performance

_Tcu Most Contributing Factor \

Oracle Advanced Analytics factory-
installed predictive analytics b

High

Show Analytics

Team Name Predicted Attrition
| Carmeln Frink =) | Most Recent Salery Change
Stella Habhn | _Ja_mes Jones Tm_'le Spent in Current Pcﬁi_tinl_'l

| Julie Lee Time Spent in Current Position

| Time Spent in Current Position

Predicted Attrition
Medium
-

Employees likely to leave and | s
predicted performance Ge[, —— | [

g " ason Blake () | Paula Gupton —— + Recent Salzry Change
. = [ Edward Espineza . ep— Time Spent in Current Position
Top reasons, expected behavior | He — |
Low . Meditm ] | Laura Wang | _ﬂ- | Time Spent in Current Position
/ Predicted Scott Henderson E Most Recent Salary Change
Palrick Bottom e — | TR

. 1" h . f 1" I .
Real-time "What if?" analysis . = i
& person marker is based on the size of the team Michael Hermandez EE: Time Spent in Current Positian
/ Pat Miller  re—. = Most Recent Salary Change
Terry Sanders 1) \ Working Hours )

Dane
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Fusion HCM Predictive Workforce

Predictive Analytics Applications

€& Fusion Applications Accessibility Personalization » Administration = % Sign Out ROBEI

Fusion Human Capital Management

Powered by OAA

ones &} Change Focus

Iy Directs” Organizations | Perform Full Analysis

ion Details: Fiona Arrington L
o Ja Team Prediction for My Directs' Organizations ; Name"Fiona Arington Current Performance 3-Meets
racle Advanced Analytics factory- R— I it aa=
~ y Diadictart Merfomrara. B0k, Predicted Voluntary 50%
Termination
installed predictive analytics =
I p I I v y I Predicted Voluntary Termination Predicted Performance ity of Prasticsad
ftary Team Size| Prediction Details
 Contribution | Predicted Voluntary Termination Reason | Current Value fon (9) Perfarmance (%)
0 8 Fie Latest salary change 1% E —1 | 18 E
Elllployees I|k€|y to leave and ot giie hats = = »
ions com; pared to peers 45 = e e
o == 21
23.32 Months
predicted performance -
£ ckness over previous year 1 Days =5
] Normal working hours 40 R =
2 i = =
Time since last sickness 5.91 Months
o e =
B |=— =
[op reasons, expected behavior I 1 B
V4 Ratio of vested to unvested options 1%
=
= Al iEs Makes less likely Makes more likely
. " Taall . f
eal-time at | analysis L >
.
Lo —T Dane
Predicted Per -
=_— St thie person marker indicates el m size
~hrm nrarlaade ram ihemCare ifares Nachl inalMa  hnardnull® afilindmwbade =N& adf rerl-ceare=11a2mrsi A [
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Oracle Communications Industry Data Model
Predictive Analytics Applications

e Enterprise wide data model for Oracle Communications Data Model
communications industry

— Over 1,500 tables and 30,000 columns
— Over 1,000 industry measures and KPIs

— TMF SID conformance aligned

Prebuilt mining models, OLAP cubes and
sample reports

Automatic data movement across layers
Easily extensible and customizable
Usable within any source application B

Foundation Analytic Presentation
Layer Layer Layer

ORACLE
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Oracle Communications Industry Data Model

Predictive Analytics Applications

iness Intelligence

Pre-Built Predictive Models e I —

Segment Hame
Age Young and PAY TV user

(Al Column Values)
o Age Young and PAY TV user

Bad phone number and Low usage

Fastest Way to Deliver Scalable
Enterprise-wide Predictive Analytics

Famity User, High Revenue
Custan| b ¢

High end insensitive to Loyalty Program

Cel High value Organizational Customer ™ Customer ] ] ChL!I'f
OAA’s clusterin g an d pre dictions Phone (IR Revense lvae  |pond High value and use loyaly program Probabity  [peSent  gal™ ™ G Rato
.I bl . D B f O BI E E 9335007046 | £18,000.00| $15,600.00| $140.00 y Ic-':w Revenue S - " - 0% | LOCAL 3
ava I a e I n O r 2235007582 | $18,000,00 wmﬁ £49,000.00 —_/ P . nla . — !
_—_, “‘
. . 9935006239 _s4#7000,00 | $15,800,00( s140.00 £34,000.00 43 Probability | ¥ - 71 104 |LOCAL 4
Automatic Customer Segmentation, L ta
o . . / .————‘"-—"‘—_— E V:r&'
m— igl
C h u r n P red I Ct I O n S; a n d Se ntl m e nt 9985003794 $18,000.00|_S123.000uaamtTorT 1 ] £32,000.00 37 |ARPUT500 A+ 15 104 |PASSIVE 7
.
— A
An a Iys | S —_— 2235005144 | 5,000.00| $5,478.26| $260.00 35,000.00 43|arPUS000 A+ 12 104 LOCAL 4
N A
9935002105 | $6,000.00| §5,555.56| £444.00 £56,000.00 11 Q) Probabilty v - 76 104
Ell:urning u
is very
high
2235000594 | $4,000.00| $5,538.46| $130.00 76,000.00 17 o - 104
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Oracle Communications Data Model
Pre-Built Data Mining Models

ORACLE Business Intelligence

Segment Name

1.Prepaid Churn Prediction S —

{48 Calurmn Values)
Customer segments WL

Gt o Age 'Young and PAY TV user —
Buad e e ard Lo iage

2.Postpaid Churn Prediction T T O R | ey e e

thame |Value Revenue  |Vawe  (Band  (Viue Ll

Segment Rabo of
Age Yeung and Bewerly Wan | MIBSIOTONE Slw.ﬂﬂ $15,£00.00 |  $140.00 LTV 1 $41,000.00 fearch. - — 59 104 LOCAL 3 0.00% $1.08
PAY TV user ala
bradiey (EeRSTIEY | BIRGO0.00| SIBINO.00| SAM00| 49,000.00 5| I = 104 PASSIVE 1 3| Go0% | )
C ‘1 2 '
3 u Stol I Ie r P rofl I I n Fthan licley | WIASOMEIEG | $18,000.00, $15300.00) $140.00| 34,0000 | owrnbm . 71 104 10cAL 1 ¥ B.00% | 170
. o4 Chursing ala
i wery high
Calelarar 99850374 | 1800000 $14.000.00| $140.00 $42,000.00 | 37 | ARPUTSO0 e % 104 | PASEIVE 7 2.00% | s
. semard SSHSDOSIAE | SA000.00,  SSATEZG| $200.00 595,000,00| a3 |aapusonn | res 1 | 104 [10CAL 4 L00% | s3.00
m g ala
° a rge e ro 0 IO n Betha Lucca | WOSCOCI05 |  §6,000.00)  E5.395.56) $44400) £56,000.00| 11 (@ Probatiey v [ | ) 1 | | 1)
g Srumeg LA
i ad L4 L e ! i 4 4 4
Bett Webber | MESOOOSH | $5,000.00, 553348 §180.00 $75,000.00 1w A 1® ] $500
L4 o Beddy FHA5006582 $6,000.00 :s.msul $260.00 lTJ.m.W. il A » 104 | SOCIAL 4 0.00% 940
5.Customer Life Time Value Prime =
R 1 1

Segment Avg Debt value

6.Customer Life Time Survival Value

7.Customer Sentiment 00 g 2nd PAY T user, CUST TP CD s D PAY.TV_IND=1,

u Family User, High Revenue, CUST_TP_CD is IND; NBR_OF_CHLDRN=2 55,
AGE_ON_| NET NBR= 120564 MO_RWH=233.2, 18

High end insensitive to Loyalty Program, CUST_TP_CD is IND;
W LYLTY_PROG_BAL=773.81; AGE_ON_MET_NBR=1575 87, MU R\WN=406;,
13

u High value Organizational Customer, CUST_Tv'P_CD is ORG;
SHRP_CNT=85.3; AGE_ON_NET_| MER= 92372, TOT_RWN= 39942,,7

u High value and use loyalty program, CUST_T¥P_CD is IND;
LYLTY_PROG_BAL=757.1; AGE_ON_NET_NBR=1875.63; ) _RWN=516;, 15

Organizational Customer, CUST_TvP_CD is ORG; SBRP_CNT=155.71;
.AGE OM_WET_MBR=855.31; PORT_OUT CNTISNJ‘\ 5

Troublesome Customer with less revenue, CUST_TYP_CD is IND;
I CMPLNT_LFTM_CHNT=73.52; AGE_ON_NET_NBR=1483.85;
PORT_QUT_CHNT is N&;, 3

ORACLE
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Oracle Communications Data Model
Pre-Built Prepaid Churn Prediction Data Mining Models

Attribute Description

ACCPT_NWSLTR_IND Indicates whether customer accepts News Letter

S P re pa |d Ch urn P red |Ct|0 N Defl N |t|0 N Eiiﬁgic:silms_mo Indicates whether Customer has Broadband connection

Indicates whether customer has driver's license

. . CAR_TYP_CD Car Type Code
— CUStO mer IS recogn |Zed dS a Ch urner Wh en h e CHRN_IND Indicates whether a customer is a Churner or Non-churner
. CMPLNT_CNT_LAST_3MO Number of complaints made by customer in last 3 months
stop using any product from the operator LT O LA

Number of complaints made by customer in this month

= Sample Input Attributes Used in Model

CRDT_CTGRY_KEY Customer Credit Category

/CMPLNT—CNT—'—FTM Number of complaints made by customer in his/her life span

e 170 attributes used in total for prepaid churn

model

ORACLE

CUST_RVN_BND_CD

Customer Revenue Band Code

DAYS_BFR_FIRST_RCHRG

Days between first payment and first recharge

DAYS_BFR_FIRST_USE

Days between payment and first use

DRPD_CALLS_CNT_LAST_3MO

Number of dropped calls in last 3 months

DRPD_CALLS_CNT_LAST_MO

Number of dropped calls this month

DRPD_CALLS_CNT_LFTM

Number of dropped calls in customer life span

DWLNG_OWNER

Dwelling Owner

DWLNG_STAT Dwelling Status
DWLNG_SZ Dwelling Size
DWLNG_TENR

Dwelling Tenure

DWNLD_DATA_LAST_3MO

Data downloaded in KBs in last 3 months

DWNLD_DATA_LAST_MO

Data downloaded in KBs in last 1 month

DWNLD_DATA_LFTM

Data downloaded in KBs in lifetime

ETHNCTY Customer Ethnicity
GNDR_CD Individual Customer Gender Code
HH_SZ

Household Size

HNGUP_CALLS_CNT_LAST_3MO

Number of hangup calls in last 3 months

HNGUP_CALLS_CNT_LAST_NO

Number of hangup calls this month

MMS_CNT_LAST_MO

MMSs sent in last 1 month

OFFNET_CALLS_LAST_NO

Number of offnet calls in last 1 month

PAY_TV_IND

Indicates whether Customer has Pay TV connection

Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |




Oracle Communications Industry Data Model
Predictive Analytics Applications

OCDM Telco Churn Enhanced by @ =fn T

SNA Analysis © = O

o L h i \ Value: 129.00
gm P EID: 2267
Size: 63 i .
Value: 1171, EID- 2359
Size: 17

* Integrated with OCDM, OBIEE, and oo N oo l%f;'"“
Ievera%es Oracle Data Mining with .““”"_:;i.?‘“ X 7]
specialized SNA code s o

ifi i I 1D: 1595 ISI:F'Z:;}:W | EID 219? .
* ldentification of social network i, w3 b S— iz

=ie=: 100 Value 95000

communities from CDR data

* Predictive scores for churn and o
influence at a node level, as well as /ﬁ@ i el
potential revenue/value at risk — = - \

T 1D: 954
o __ﬁm 7

Value: 233.00

\"ﬂ.lmlll

EID: 1366
Size: 15

Value: 534 nn

= User interface targeted at business

users and flexible ad-hoc reporting e o

Value: 1367.00

i

ORACLE
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Integrated Business Intelligence

Enhance Dashboards with Predictions and Data Mining Insights

* In-database
predictive models
“mine” customer
data and predict their
behavior

* OBIEE’s integrated
spatial mapping
shows location

* All OAA results and
predictions available
in Database via OBIEE

Admin to enhance
dashboards

ORACLE

Oracle BI Interactive Dashboards - Mozilla Firefox

Eil=  Edit ¥iew Higtory EBookmarks Tools  Help

T |

J | | Oracle BI Interactive Dashboards
ORACLE Business Intelligence

8.4 Oracle Datamining

| LTv Prediction ™| LT¥ Details | Classification Tree ™| LT¥ Probabilities | what I Scoring

Geo LTY Prediction . Regression \{ Regression Model \{ Resulks Map

Help ~

Sign Sut

Signed In As weblogic ~

o

w Datamining Eeturn bo Main Index page

Fage fformation (oick fo cofapee or expand?

Location LTV Prediction
Time rune SfE205 5 QeE2 T AN

Geo LTV Prediction
Time rune SfE205 5 QeE2 T AN

[l & & Z
Ir |~ s [ C65 Longitude,C64 Latitude
[ =] ¥ ElPrabahilty of very High LT (variable Myrl
b [ s M First Tenth T 9%
x M Second Tenth
M Third Tenth
} M Fourth Tenth
- LR M Fifth Tenth
Sixth Tenth
Seventh Tenth
=)} N M Eight Tenth
\ M nMinth Tenth
M Last Tenth
Broadmn“
2 mi Wacifica
5km < | /

4 )
Customer “most likely” to be
HIGH and VERY HIGH wvalue
customer in the future y

- | Q Q v || |[Map Formats Wiew
OBIEE_STATE =1
¥ = 1- Revenue (Bar Graph)

WHIGH,1- Revenue
WLow, 1- Revenue
MNE W MEDIUM, 1- Revenue
0(:.‘3.-"!‘.“ g I WVERY HIGH, 1- Revenue
| ¥ EIM1S Cust Probab High LT (Calar F
[ M First Tenth
M Second Tenth
I Third Tenth b
Fourth Tenth
W Fifth Tenth
M Sixth Tenth
8 @ 2010, NAVTEG | | 4| |
1- Revenue
HIGH Lo MEDIUM VERY HIGH Grand Total
Alabama 32,041 62,229 124,009 218,279
Alaska 35,974 127,974 163,948
Arkansas 52,224 56,405 108,629
California 3,215,891 | 1,820,802 | 3,142,887 509,122 | 8,688,700
Colorado 32,935 26,612 92,893 152,441
Florida 76,932 32,330 109,263
Georgia 146,474 | 174,716 59,308 Seh, 41 434,939
Hawaii 22,718 22,718
Idahao 50,754 46,540 39,114 55,191 191,899
Tlinois 54,400 51,801 136,201
Indiana 53,634 52,935 166,768
Iowa 44,728 52,542 34,507 131,777
Kansas 50,532 67,580 26,456 60,203 274,771
Kenkucky 29,574 39,406 76,751 146,132
Louisiana 66,778 47,827 105,316 219,921
Maine 51,662 51,662
Maryland 31,404 31,404
Michigan 33,777 33,777
Minnesota 122,853 84,345 207,199
Mississippi 24,895 93,471 32,601 150,968
Missouri 140,260 42,672 182,491 365,424
Montana 162,932 162,932
nebraska 97,887 78,747 47,887 74,725 299,245
NMevada 28,063 28,063
Tews Jerse 36.520 36.520
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Integrated Business Intelligence

Enhance Dashboards with Predictions and Data Mining Insights

&7 (Online) Siebel Analytics Administration Tool - AnalyticsWehb

® In_data base File Edit ‘iew Manage Tools Window Help
predictive models _ == .

py . My Presentation Business Model and Mapping Physical
mine Customer SR="1 CD_ELYERS -4 CD_BUYERS +- |4 Oracle_10gR2
L - Colkd = [eer®Te_ cherger
. . +-[Z1 Sources @$ cherger_pool
data and predict their N Kov FACTOR [ & corneen
. E IMPORTAMNCE + CO_BUYERS44315_ SIEBEL_A
T RaNE CO_BUYERS_APPLY354535710_A
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* OBIEE’s integrated
spatial mapping
shows location

* All OAA results and
predictions available
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—-4Z8 Sales_History
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BULK_PACK_DISK L.
FL&T_PAMEL_MO d

HOME THEATER | administrators
BOOKKEEPING_&F Y,
PRINTER_SUPPLIES

v_BOX_GAMES

0% _DOC_SET_KAMJI
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Admin to enhance
dashboards

Oracle Bl EE defines results
for end user presentation

For Help, press F1
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Oracle Advanced Analytics Database Option

Oracle Data Miner 4.0 Summary New Features

* Oracle Data Mlner/SQLDEV 4.0 (for Oracle Database 11g and 12¢) :::“h""""““*-“ =
— New Graph node (box, scatter, bar, histograms) ﬁ . | ._,,,,., F” JIILI \“Jm
— SQL Query node + integration of R scripts — p—— . Nk
— Automatic SQL script generation for deployment - [llm || i % |||||||,

eree—  appras | T 1 w o ow et
=T} . i

S0L Query r:r RF M Analysis

* Oracle Advanced Analytics 12c¢ features exposed in Oracle Data Miner

— New SQL data mining algorithms/enhancements

* Expectation Maximization clustering algorithm
* PCA & Singular Vector Decomposition algorithms

* Improved/automated Text Mining, Prediction Details and other
algorithm improvements)

— Predictive SQL Queries—automatic build, apply within SQL query

ORACLE
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SQL Developer/Oracle Data Miner 4.0

New Features

" Graph node

— Scatter, line, bar, box plots,
histograms

Box & Scatter Plots
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SQL Developer/Oracle Data Miner 4.0 De
New Features 8 -
* SQL Query node o

— Allows any form of
query/transformation/statistics
within an ODM’r work flow

—n
4

Join Predicted High LTV Customers

S0L Query for RFM Analysis

— Use SQL anywhere to handle special/unique B 501 Qe Nose et
data manipulation use cases Souee | S | L Forcos e

@ }2 select cust_id, rfm recency, rim frequency, rfim monetary,
Aggregate Functions - rfm_recency*100 + rfm frequency*10 + rfm monetary as rfm combined
* Recency, Frequency, Monetary (RFM) e
COUNT([ALL | DISTINCT] expr) (select cust_id,
B . B MAX (2xpr) ntile (5) over (order by last purchase date) as rim recency,
¢ SQL Window functions for e,g. moving average of $S eotonoon) avile (5) aver (order by coumt puschescsl  ea ofn feeavency.
. MIN(expr) ntile (5) over (order by total_amount) as rfm monetary
checks written past 3 months vs. past 3 days rooevies)
SUM(expr) {select cust id,

VARIANCE(expr) max (time_id) as last_purchase_date,

— Allows integration of R Scripts i seta) o o
from SH.sales
group by cust_id)
1
order by 5 desc

av

Help [ oK | Cancel

ORACLE
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SQL Developer/Oracle Data Miner 4.0 g

New Features

° ° . |
= SQL Script Generation ErTmeTs W
Script Directory
— Deploy entire methodology as a SQL
SC r.i pt ¥ Target Database Seript Directory: |DDM work flow |
1 - -
i Script Directory Base Directory: |SQLDE\|' Oracle Data Miner Feb 17 20l?.‘lsqldeveIoper\;qldeveloper‘lbin| Browse...
H V4 Directory Path: C:\SQLDEY Orade Data Miner Feb 17 2013\sgldeveloper \sgldeveloperbin\ODM work flow
— Immediate deployment of data analyst’s
methodologies
Marme Date modified Type Size
|| Apply 1.sql 7/24/2013 412 PM  SQL File 3KB
‘ ‘ @‘ || Class Build.sql 772472013 4:12 PM SQL File 56 KB
L‘ﬁ Class Build 2 || CUST_INSUR_LTV.sql 772472013 4:12 PM SQL File 4 KB
i S || CUST_INSUR_LTV_NEW.sq| 7/24/2013 412 PM  SQL File AKB
% ”fr |%T || Filter Columns 1.5q] 7/24/2013 412 PM SQL File 8 KB
= — /’P"T == I —! M Predicting LTV_BEST.png 7/24/2013412PM  PNG image 64 KB
rap. liter umns egress bull
%\ %T aoply || Predicting LTV_BEST Drop.sql 7/24/2013412PM  SQL File 3KB
CUSTINRLTY = | Predicting LTV_BEST_Run.sql 7/24/2013 412 PM  5QLFile 6 KB
CUST_INSUR_LTV_NEW

g o . || Sample.sgl 7/24/2013 412 PM SQL File 4 KB

& & & %5

Sample Filter Columns 1 Class Buikd Apply 1

%‘ ‘/F‘(‘ Help < Back Mext Einish Cancel
Filter Columns 2 Clm1

ORACLE
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ORACLE

SQL Developer/Oracle Data Miner 4.0

New Features

r h
* SQL Query node Vsoowue T W e
. . . Source | Smippets | PL/SOL Functions | R Scripts T 9 @
- AIIOWS |ntegrat|0n Of R SCFIptS W 60 | Q- rame SELECT VALUE FROM TABLE
MName {
R_LINEAR_MODEL_BUILD rqTableEval |
R_LINEAR_MODEL_BUILD_PLOT cursor (select "INSUR_CUST LTV _SEMPLE_N$10005"."AGE",
R_LINEAR_MODEL_SCORE "INSUR_CUST_LTV_SAMPLE_N$10005"."SALARY"
R_RANDOM_FOREST_MODEL_BUILD from "INSUR_CUST_LTV_SAMPLE N$100057),
R_RANDOM_FOREST_MODEL_BUILD_PLOT null,
RQSFITDISTR "R,
RQSgetRversion 'ROGtpaira’)
RQsinstalled. packages N
RQSpackageVersion Line 1 Column 1
ROQSR. Version -
RQGsboxplot m
RQGScdplot Columns = Graph
ROGShist
—u RQGSmatplot 4rrDd  EeeDd BesDd4  1es0s
RQGSpairs * . . ' | -
RQGSplot1d =
ROGEplot2d L =
) RQG4smoothScatter o =

AGE

INSUR_CUST LTV _SAMPLE

i
=
= E SALARY
| .
Use R Interface Function =z
e Function: o s an tea un
Smoath Scatter
Help oK Cancel
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SQL Developer/Oracle Data Miner 4.0

New Features

* SQL Query node
— Allows integration of R Scripts

—n
[

]

] g = —
“ B ‘@‘ LM Build Plot LM Build Plt Table

Query R Packages INSTALL_R_PACKAGES

8

INSUR_CUST_LTV_SAMPLE

—a
=

-

Filter NUMBER Columns

‘ .

Regress Build

—

=

Random Forest Build

—n
= —

Random Forest Build Plat

ORACLE

=2 [ =
% ‘ LM Buid LM Buid Model

Maodel Details

]

Random Forest Build Plot Table

,
T =

ORACLE

E5C)

Source Snippets  PL/SQL Functions = R Scripts
m &3 | Qr! Name
Mame

R._LINEAR._MODEL_BUILD
R_LINEAR_MODEL_BUILD_PLOT
R_LINEAR_MODEL_SCORE
R_RAMDOM_FOREST_MODEL_BUILD
R._RAMDOM_FOREST_MODEL_BUILD _PLOT
RQSFITDISTR
RQSgetRversion
RQsinstalled. packages
RQSpackageVersion
RQSR. Version
RQGShoxplot
RQGscdplot
ROGShist
RQGSmatplat
R.QGSpairs

GSsmonthScatter

B9 @

SELECT VALUE FROM TABLE

{
rgTableEval
cursor (select * from "Filter NUMBER Columns N$100107"),
NOLL,
YHML',
'R_RILNDCOM FCREST_ MODEL_BUILD')

Line 1 Column 1

e, W

w®

Columns = Data

Use R Interface Function

Function:

Columns Q- Mame
. Mame Data Type Mining | =
VALUE CLOB Text
C ]
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12¢c New Features ORACLE" 12(; oe
New Server Functionality DATABASE =

* 3 New Oracle Data Mining SQL functions algorithms

— Expectation Maximization (EM) Clustering
* New Clustering Technique
— Probabilistic clustering algorithm that creates a density model of the data

— Improved approach for data originating in different domains (for example, sales transactions and
customer demographics, or structured data and text or other unstructured data)

— Automatically determines the optimal number of clusters needed to model the data.

— Principal Components Analysis (PCA)
e Data Reduction & improved modeling capability

— Based on SVD, powerful feature extraction method use orthogonal linear projections to
capture the underlying variance of the data

— Singular Value Decomposition (SVD)
 Big data “workhorse” technique for matrix operations
— Scales well to very large data sizes (both rows and attributes) for very large numerical data

sets (e.g. sensor data, text, etc.)
ORACI_E Copyright © 2014 Oracle and/or its affiliates. All rights reserved. |
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12c New Features ORACLE 120 N
DATABASE —

New Server Functionality
* Text Mining Support Enhancements

— This enhancement greatly simplifies the data /Cust Build 1
mining process (model build, deployment and scoring) %
when text data is present in the input: VINING DATA TEXT SULD. TxT 7
* Manual pre-processing of text data is no &
longer needed. Class Buid 1
(3. Edit Classification Build Node
* No text index needs to be created o o
* Additional data types are supported: CLOB, Qe e e 8] o0 | e (B
BLO B’ BFI LE (:)an:;':mm_cm Inp:; Miningllfpe Autcep Rules
.o . & AGE 2 ="
e Character data can be specified as either R S0GEIG JRICATIN ¥
categorical values or text o Y I
8 CUST_GENDER CHAR <
] EE?jECOME_LEVEL ::::?im =% l%
[ CUST_MARITAL_STATUS VARCHAR2 == )
= EDUCATION VARCHAR2 < v
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12c New Features
New Server Functionality

* Predictive Queries

— Immediate build/apply of ODM
models in SQL query

* Classification & regression
— Multi-target (nested) problems
* Clustering query
* Anomaly query
* Feature extraction query

/

-

-

~N
OAA automatically creates multiple anomaly

detection models “Grouped_By” and “scores”
by partition via powerful SQL query

ORACLE

ORACLE

DATABASE

Prediction Cuery

12°

g2

CUST_INSUR_LTV

_[ Results/Predictions! ]/
i) v

ORACLE

jew: Cache D... « | Sort... |EFJer: Enter Where Clause

CLAS_DT_1_13_PROB_Yes | MARITAL_STATUS CREDIT_BALANCE STATE N_OF_DEPENDENTS SALARY
1(0.13417190775681342  BINGLE 2,836 Ny ol 64,175
2(0.8963051251439869 DIVORCED olca 1| 63,148
3(0.6569555717407137 MARRIED 0MM 1 61,777
4(0.0014831294030404152  MARRIED M1 2| 92,173
5|0.13417190775681342  [DIVORCED olcA 1| 58,917
6(0.01639344252295082  [MARRIED 5,100 MI 2| 49,668
7(0.13417190775681342  MARRIED olcA 1| 65,194
8 |0.6560555717407137 EINGLE olca 0| 59,418
9 (0.0014831294030404152  MARRIED M1 3| 60,958

10 |0,6569555717407137 DIVORCED ojwI 1 61,181
11(0.5963051251433869 NIDOWED M1 [31] so,088
12 |0, 1566265060240964 DIVORCED oMY 6 69,716

* Predictive Queries

a2

@

Anomaly Clustering
Detection Query
Query

W

Feature
Extraction

Query
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The Four Traps of Predictive Analytics

* The First Trap: Magical Thinking

— The need to really understand what you want to decide using analytics before you develop them

“If I had an hour to solve a problem I'd spend 55 minutes thinking about
the problem and 5 minutes thinking about solutions.”
— Albert Einstein

* The Second Trap: Starting at the Top

— The need to begin with operational decisions not strategic ones

— Predictive analytics works best for prompting decisions about operations, rather
than initiating their use at the executive level.

— Operational decisions, such as those in which companies choose a supplier
or determine whether to extend credit, lend themselves well to predictive analytics

— Companies also need to frame their predictive analytics around actions. “Don’t look at how good a customer is.
* Look at, what action should | offer to a customer?
* Should | change suppliers?”

ORACLE
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The Four Traps of Predictive Analytics

* The Third Trap: Building Cottages, Not Factories

— Need to industrialize analytics not treat it as a cottage industry Creating analytic models that don’t scale.
Analytics specialists are no more connected to the business than technology specialists

— Otherwise, analytics specialists are prone to create the equivalent of a cottage industry, where the models built

apply to only one thing, or are too complex and expensive to be reused easily.

* Netflix’s famous challenge, where it gave S1 million for a better algorithm to make movie recommendations. Its million-dollar model “was never
deployed,” Taylor said. “They got a fabulous model, but ask them, and they will tell you that the resources weren’t available to use it. What they
meant to fund was ‘a model that was more predictive that we can realistically deploy and run on our service in Earth time.” They didn’t ask for

that.”

| BEST

* The Fourth Trap: Seeking Purified Data Lo

.

— Avoid being paralyzed by weakness in your data

* “Garbage in, garbage out” is the cliché of data-haters everywhere. “It is not true that companies need good data to use predictive analytics,”
Taylor said. “The techniques can be robust in the face of terrible data, because they were invented by people who had terrible data,” he noted.

— Companies should start with the business decision they want to make, and then look for data that might help
them predict outcomes.

ORACLE
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OAA Links and Resources

* Oracle Advanced Analytics Overview:
— Link to presentation—Big Data Analytics using Oracle Advanced Analytics In-Database Option
— OAA data sheet on OTN
— Oracle Internal OAA Product Management Wiki and Workspace

* YouTube recorded OAA Presentations and Demos:

— Oracle Advanced Analytics and Data Mining at the YouTube Movies (6 + OAA “live” Demos on ODM’r 4.0 New Features, Retail,
Fraud, Loyalty, Overview, etc.)

° Getting Started:
— Link to Getting Started w/ ODM blog entry
— Link to New OAA/QOracle Data Mining 2-Day Instructor Led Oracle University course.
— Link to OAA/Oracle Data Mining 4.0 Oracle by Examples (free) Tutorials on OTN
— Take a Free Test Drive of Oracle Advanced Analytics (Oracle Data Miner GUI) on the Amazon Cloud
— Link to SQL Developer Days Virtual Event w/ downloadable VM of Oracle Database + ODM/ODMr and e-training for Hands on Labs
— Link to OAA/Oracle R Enterprise (free) Tutorial Series on OTN

* Additional Resources:
— Oracle Advanced Analytics Option on OTN page
— OAA/Oracle Data Mining on OTN page, ODM Documentation & ODM Blog
— OAA/Oracle R Enterprise page on OTN page, ORE Documentation & ORE Blog
— Oracle SQL based Basic Statistical functions on OTN
— Business Intelligence, Warehousing & Analytics—BIWA Summit’15, Jan 27-29, 2015 at Oracle HQ Conference Center

ORACLE
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http://www.oracle.com/technetwork/database/options/advanced-analytics/bigdataoracleadvanalytics11gr2-1930894.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa11gr2ds-1940454.pdf
https://stbeehive.oracle.com/teamcollab/wiki/Oracle+Advanced+Analytics:Home
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/evaluating_oracle_data_mining_has
http://education.oracle.com/pls/web_prod-plq-dad/db_pages.getpage?page_id=609&p_org_id=1001&lang=US&get_params=dc:D73528GC10,p_preview:N
https://apex.oracle.com/pls/apex/f?p=44785:24:::NO:24:P24_CONTENT_ID,P24_PREV_PAGE:8297,1
http://www.vlamis.com/testdrive-registration/
https://blogs.oracle.com/datamining/entry/oracle_virtual_sql_developer_days
https://apex.oracle.com/pls/otn/f?p=44785:24:0::NO::P24_CONTENT_ID,P24_PREV_PAGE:6528,1
http://www.oracle.com/technetwork/database/options/advanced-analytics/index.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/index.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-documentation-170506.html
https://blogs.oracle.com/datamining/
http://www.oracle.com/technetwork/database/options/advanced-analytics/r-enterprise/index.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/r-enterprise/r-enterprise-doc-1510100.html
https://blogs.oracle.com/R/
http://www.oracle.com/technetwork/middleware/bi-foundation/index-092760.html
http://www.biwasummit.com/

New book on
Oracle Advanced
Analytics available

Book available on Amazon
Predictive Analytics Using Oracle Data

Miner: Develop for ODM in SQL &
PL/SQL

ORACLE

ORACLE
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Predictive Analytics Using
Oracle Data Miner

Develop & Use Data Mining Models in Oracle Data Miner,
SQL & PL/sQL

y racle
Brendan Tierney %res 3
Oracle ACE Director =
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Take a Test Drive!

Vlamis Software, Oracle Partner Offers FREE Test Drives on the Amazon Cloud

e Step 1—Fill out request

— Go to http://www.vlamis.com/testdrive-registration/

* Step 2—Connect

— Connect with Remote Desktop

e Step 3—Start Test Drive!

— Oracle Database +

vlamis Oracle-based Business Intelligence

1d Data Warehous io
SOFTWARE SOLUTIONS and Data Warehousing Solution

e Test Drive Oracle Software
S e have partmesed with Amuzen Web Senderes ta provide b yau, free of charge, the B
‘spportunity t woek, hands on, with the ltest of Oracle's Business Inteligence cffesings, By NN
Lok g s 1 e of e abs, below, dacons Elastic Ooud Computer (BCH sovionment ol 8P
mi groeraie o complete server for you Lo work with,
Al Thess hants an
2010 enironment. They each take
0% saftware and 4 tour of the features. ¥, after registration, you nees
. sk vty b the vegistration ewall and we would be glad 1o helg
Sugpoct .
i Database Analytics A
Oracle Advanced Amlyties o
e 04 Hands-on Lab: | Dracle Duta Mining - Buic prodh
TAQ -0 intunce kg the Deta Hiner axtaraian for Deacls 30
mamiives with the ¥ Language and Oracle B Enleprivey

] Cmde Doty Mirirg Testivion 0 R
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— SQL Developer/Oracle Data Miner GUI |

— Demo data for learning
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Oracle BIWA
Summit 2015

[am 2729, 2015)

Cracle HQ Conference Center
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Hotel and Trawel Agenda  Sponsorship  Registrati

ORACLE BIWA Summit'15 Why ATTEND?

Transform Big Date to Actionable Insights

Janusry 27-25th 2015

professionzls in B and OW ares.
Eee last pear's snapshots.

racle Confarence Center st Oraclke HQ Campus, Re

BIWA Summit EEsTa

January 27-29, 2015
Oracle HQ Conference Center

Example talks from last year

Exhibit at BIWA Summit
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W o

What To Expect

200+ Attendess | 40+ Speakers |
Hands on Labs | Technical
Content | Networking

Hot Toepics Include:

Big Data O & Diata Integration Bl and Data Viz Advanced Analytics
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