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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’

Copyright © 2016, Oracle and/or its affiliates. All rights reserved. |



Predictive Analytics 101

* Data, data everywhere — explosive growth
* Growth of data exponentially greater than
growth of data analysts!

The Useful Data GAP Produce

Data Machine Learning/Data Analysis
A platforms requirements:

* Be extremely powerful and
handle large data volumes

12%

Executives who feel they
understand the impact data
will have on their
organizations

ORACLE

* Be easy to learn

A%

Use
Data

* Be highly automated & enable
deployment

http://www.delphianalytics.net/more-data-than-analysts-the-real-big-data-problem/
http://uk.emc.com/collateral/analyst-reports/ar-the-economist-data-data-everywhere.pdf
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Machine Learning/Analytics + Data Warehouse + Hadoop

* Platform Sprawl
— More Duplicated Data
— More Data Movement Latency
— More Security challenges
— More Duplicated Storage
— More Duplicated Backups
— More Duplicated Systems
— More Space and Power

R Platforms SAS Platforms

ORACLE’
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Vision

* Big Data + Machine Learning/Analytics Platform for the Era of Big
Data and Cloud

—Make Big Data + ML/Analytics Model Discovery Simple
* Any data size, on any computer infrastructure—on-premise and/or cloud

* Any variety of data (structured, unstructured, transactional, geospatial), in any
combination

—Make Big Data + ML/Analytics Model Deployment Simple
* As a service, as a platform, as an application Advanced Analytic
* On-premise and/or cloud -

ORACLE
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What is Machine Learning, Data Mining & Predictive
Analytics?
Automatically sifting through large amounts of data to

create models that find previously hidden patterns, ".«A.i‘.:‘.jg
discover valuable new insights and make predictions

- A AAAAAA

/ A 04 7 asrara
. . O4. a4t
*|dentify most important factor (attribute ’W "1 892 0000
*Predict customer behavior (ciassification)

*Predict or estimate a value (regression)

*Find profiles of targeted people or items (pecision Trees) o'd .o

*Segment a population (clustering)
*Find fraudulent or “rare events” (Anomaly Detection) >

*Determine co-occurring items in a “baskets” (Associations) __ | o) == .

ORACLE’
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Oracle Advanced Analytics DB Option
In-Database Machine Learning Algorithms*—SQL & & GUI Access

Classification

Predictive Queries Lt

* Decision Tree

* Logistic Regression (GLM)

* Naive Bayes

 Support Vector Machine (SVM)
* Random Forest

. A S A
Regression . & s24
7 T RN

* Multiple Regression (GLM)
 Support Vector Machine (SVM)
* Stepwise Linear Regression

* Linear Model

* Generalized Linear Model

* Multi-Layer Neural Networks

0

Anomaly Detection -

* 1-Class Support Vector Machine

ORACLE

* Hierarchical k-Means | * Clustering
* Orthogonal Partitioning Clustering ¢ Regression
* Expectation-Maximization * Anomaly Detection

-~ 7 * Feature Extraction
Attribute Importance *¢;5% § Gooed

ft A5

Feature Extraction & Creation

* Minimum Description Length **
* Unsupervised pair-wise KL div. * Nonnegative Matrix Factorization

* Principal Component Analysis
* Singular Value Decomposition

Market Basket Analysis % &

~ P
Hay [ Efgi

* Apriori — Association Rules Time Series

Text Mining é = *Single & Double Exp. Smoothing

* All OAA/ODM SQL ML support Open Source R Algorithms

* Explicit Semantic Analysis -
* Ability to run any R package

(9,000+)via Embedded R mode

+ Ability to Mine Unstructured, Structured & Transactional data
+ Partitioned Models
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Oracle’s Advanced Analytics “Ser
Fastest Way to Deliver Scalable Enterprise-wide Predlctlve Analytlcs oo um

)

@
i g
Key Featu res Histogr. ams&Sl l;stm Box & Scatter Plots Cluster Segments e Q
@

—»Eva«: ~ g

= Parallel, scalable data mining algorithms Customes\ Prepand Clean Dala  Preditve Models  Liely Custamers
and R integration - P a
% B — %

u I n - Data ba Se + H a d OO p - D O n 't m Ove t h e R Script & model Anomalies Predictive Query ~ POS Sales Transactions Market Basket Analysis
data i

&+ Thumbnail % [= |

= Data analysts, data scientists &
developers

= Drag and drop workflow, R and SQL APIs

= Extends data management into powerful

advanced/predictive analytics platform

&&JLJL ME

= Enables enterprise predictive analytics Mh | WWFW‘\ o
deployment + applications

i * L | ,,! \ﬁﬁﬁms Wr
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Google “Oracle Advanced Analytics”

Welcome Charlie
[
Account Sign Out Help Country » Communities » |ama... v |wantto... v Search Q Illl ' ' o0

o0 0
Oracle Data

Mining { {

¢ = B. B

Graph CUST_INSUR_LTV Filter Columns Predictive Models

Products Solutions Downloads Store Support Training Partners About |OTN

Oracle Technology Network > Advanced Analytics > Owverview

Database 12¢ Overview | Downloads H Documentation || Community || Learn More |

Database In-Memory VISIT ORACLE Cluster Segments R Script New Gustomers Target Customers
- AT COLLABORATE 10

Muttenant o 01s 2010 Scalable in-database predictive analytics .

OPﬁGI’IS MANDLLT!AQSA\:(EI:‘IZSfELC CASING O ra c I e Data IVI I n e r

Applicaticn Development @ [ 1]

Big Data Appliance Oracle Advanced

Data Warehousing & Big Data

Database Appliance An a | ytics . .

Overview

Overview ‘ Downloads H Documentation H Community ” Learn More |

Database Cloud L am Oracle Data Mining (ODM), a component of the Oracl,

Exadata Database Machine Database Option, provides powerful data mini arithms that enable d .

High Availability analytsts to discover insights. make pr ons and leverage their Oracle O ra C [e R E nterp rIS e
IManagesability investment. With ODIM, you ca d and apply predictive models inside

Scalable enterprise-wide predictive analytics

Migrations Database to help you

develop custol

customer behavior, target your best custom
ofiles, identify cross-selling opportunties and detect :

Traud. g
-—

Oracle R Advanced Analytics
for Hadoop

Security

Unstructured Data

Dgfabase Cloud

{

Upgrades

Architecture Overview Get Started >

Windows

Database Technology Index

Oracle Advanced Analytics 12c delivers parallielized in-database implementations of

cle Database
12¢ Tutorials

News Faci: Oracle R Enterprise 1.5 is now generally available!

New: Automated Trading Strategies using R

to anticipate customer behavior, detect patterns, and deliver acti
Oracle Big Data SQL adds new big data sources and Oracle
for Hadoop provides algorithms that run on Hadoop.

Oracle Advanced Analytics, a combination of Oracle Data Mining and Oracle R

ble insights.
dvanced Analytics

Flug into the Cloud

Cracle R Enterprise, a component ofthe Oracle Advanced Analytics Option, makes the open
D source R statistical programming language and environment ready for the enterprise and big data
1 ‘ Designed for problems involving large volumes of data, Cracle R Enterprise integrates R with
Cracle Database. R users can run R commands and scripts for statistical and graphical analyses on
ORACLE _ data stored in Oracle Database. R users can develop, refine, and deploy R scripts that leverage the

parallelism and scalability of Oracle Database to automate data analysis. Data analysts and data
stientists can run R packages and develop and operationalize R scripts for analytical applications
in one step—without having to learn SQL. Oracle R Enterprise performs function pushdown for in-
NEW ORAAH RELEASE 2.7.0: Introducing the fastest GLM and LM algorithms database execution of base R and popular R package functions. Being integrated with Qracle

on Spark with full summary, enhanced Deep Neural Networks and support for Database, Oracle R Enterprise can run any R package via embedded R while the database

Access Noy

manages the data served to the R engines.

Enterprise, delivers predictive analytics, data mining, text mining, statistical analysis,
daaaad s iaaaaaaaainteractive graphics inside the database. It

Bbase resulting in dramatic improvements in

. and savings. Data analysts, data

cation developers and DBAs can develop

ethodologies inside the database and gain

Spark MLIib Gaussian Mixture Models.

The latest release of Cracle R Advanced Analytics for Hadoop (ORAAH), release 2.7.0, is ane of the
components of the Oracle Big Data Connectors software suite, an option to the Cracle Big Data
Appliance. Atits core, ORAAH provides an R interface for manipulating data stored in HDFS, using
both HIVE transparency capabiliies and mapping HDFS as directinput into Machine Learning
algorithms that can run as Map Reduce jobs or inside an Apache Spark container.

ORACLE’
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Oracle Data Mining/ Machine Learning/Predictive Analytlcs

Data Preparation & Adv. Analytical Process Runs In-Database

Additional relevant data
and “engineered featiires”

\ Y
=

Historical data Assembled

historical data
il “—

Sensor data, Text, unstructured data,
transactional data, spatial data, etc.

ORACLE

Historical or Current Data to
be “scored” for oredictions

Predictions & Insights

R Script

Copyright © 2016, Oracle and/or its affiliates. All rights reserved. | Confidential — Oracle Internal/Restricted/Highly Restricted
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Oracle’s Advanced Analytics

®
Q Advanced Analytics

Fastest Way to Deliver Scalable Enterprise-wide ML redictive Analytics®s ==

Major Benefits

= Data remains in Database & Hadoop
= Model building and scoring occur in-database

= Use R packages with data-parallel invocations

= Leverage investment in Oracle IT
= Eliminate data duplication
= Eliminate separate analytical servers
= Deliver enterprise-wide applications
= GUI for ML/Predictive Analytics & code gen

= Rinterface leverages database as HPC engine

ORACLE

Traditional Analytics Oracle Advanced Analytics

Data Import

Data Mining
Model “Scoring”

Data Prep. &
Transformation

Data Mining
Model Building

Data Prep &
Transformation

Data Extraction Embedded Data Pich
Model Building

Data Preparation

Secs, Mins or Hours
—

Hours, Days or Weeks
———1
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Oracle Advanced Analytics 12.2 Prelim/Unofficial “ae"
Model Build Time Performance >, - .

T7-4 (Sparc & Solaris) X5-4 (Intel and Linux)
OAA 12.2 Algorithms Rows (Ms) Model Build Time (Secs / Degree of Parallelism)

Wow! That’s Fast!

Attributes Importance 640 28s /512 44s /72
K Means Clustering 640 268s /144
Expectation Maximization 159 588s /144
Naive Bayes Classification 320 23s /72
GLM Classification 640 363s /144
GLM Regression 640 93s /144
Support Vector Machine (IPMsolver) 640 1411s /144
Support Vector Machine (sGD solver) 640 188s /72

The way to read their results is that they compare 2 chips: X5 (Intel and Linux) and T7 (Sparc and Solaris). They are measuring scalability (time in seconds) with increase

degree of parallelism (dop). The data also has high cardinalipy¢afiegosieabeshu BpafowhistilriRnAatenin&Kminipg attributes (when algorithms require explosion). There
are no comparisons to 12.1 and it is fair to say that the 12.1 algorithms could not run on data of this size.

ORACLE



Oracle’s Advanced Analytics and Machine Learning Platform
Multiple interfaces across platforms — SQL, R, GUI, Dashboards, Apps

Information Producers Information Consumers
UserS\ R programmers Data & Business Analysts Business Analysts/Mgrs Domain End Users (HCM, CRM)
¢ R Client SQLDEV/ Applications
. Oracle Data Miner S
g i S B A% e N ===
- o = ) %_ % =
Platform
Hadoop Oracle Database Enterprise Edition
I?RA;“'/I . *a" : Oracle Advanced Analytics - Database Option
- o _‘Z) € ,d °® "% sQl Data Mining, ML & Analytic Functions + R Integration _
e : . for ScalablgsiRigtributed, Parallel in-DB ML Execution Oracle Database 12¢
algorithms
LAY
Oracle Cloud e
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You Can Think of Oracle Advanced Analytics Like This...

Traditional SQL

SQL Statistical Functions - SQL & Q

— “Human-driven” queries

— Domain expertise

managed

SQL Queries
— SELECT
— DISTINCT
— AGGREGATE
— WHERE
— AND OR
— GROUP BY
— ORDER BY
— RANK

— Any “rules” must be defined and

T

— Automated knowledge discovery, model
building and deployment

— Domain expertise to assemble the “right”
data to mine/analyze

Statistical SQL “Verbs”
+ — MEAN, STDEV

— MEDIAN

— SUMMARY

— CORRELATE

O
— FIT

~coms FREE]

— ANOVA

ORACLE’
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You Can Think of Oracle’s Advanced Analytics Like This...

Traditional SQL Oracle Advanced Analytics - SQL A R
— “Human-driven” queries — Automated knowledge discovery, model
— Domain expertise building and deployment
— Any “rules” must be defined and — Domain expertise to assemble the “right”

managed data to mine/analyze

SQL Queries Analytical SQL “Verbs”

®_o _ =8
— SELECT + — PREDICT :::
— DISTINCT — DETECT ... .I.
— AGGREGATE — CLUSTER
— WHERE — CLASSIFY (\5 Advanced Analytics
— AND OR — REGRESS 1
— GROUP BY — PROFILE
— ORDER BY — IDENTIFY FACTORS
— RANK — ASSOCIATE

ORACLE’
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Oracle Advanced Analytics €™ advanced anaivics IR

. . L D
How Oracle R Enterprise Compute Engines Work e ==
\\
Oracle Database 12c R
\R SQL R D
[StherR } ->5Q R Engine [OtherR }
ackages —> —> packages
Ol Rererre (0% pockages . ondeReepepages
* Results Results

AV >

G R-> SQL Transparency “Push-Down” a In-Database Adv Analytical SQL Functionse Embedded R Package Callouts

e R language for interaction with the database e 15+ Powerful data mining algorithms e R Engine(s) spawned by Oracle DB for

e R-SQL Transparency Framework overloads R (regression, clustering, AR, DT, etc._ database-managed parallelism
functions for scalable in-database execution e Run Oracle Data Mining SQL data mining e ore.groupApply high performance scoring

e Function overload for data selection, functioning (ORE.odmSVM, ORE.odmDT, etc.) e Efficient data transfer to spawned R
manipulation and transforms e Speak “R” but executes as proprietary in- engines

e Interactive display of graphical results and database SQL functions—machine learning e Emulate map-reduce style algorithms and
flow control as in standard R algorithms and statistical functions applications

e Submit user-defined R functions for * Leverage database strengths: SQL parallelism, e Enables production deployment and
execution at database server under control scale to large datasets, security automated execution of R scripts
of Oracle Database e Access big data in Database and Hadoop via

SQL, R, and Big Data SQL

ORACLE’
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Oracle Text Sxaeq2c
Native Capability of every Oracle Database

* Oracle Text uses standard SQL to index, search, and analyze text and
documents stored in the Oracle database, in files, and on the web.

* Oracle Text supports multiple languages and uses advanced relevance-
ranking technology to improve search quality.

* Oracle Advanced Analytics leverages Oracle Text to pre-process

(“tokenize”) unstructured data for the OAA SQL ML/data mining functions

=

Lo

COMMENTS Q, Find COMMENTS_TOK Q- Mame Buid | Input = Text
Shopping at your store is a hassle. I rarely shop there and usually forget to bring Mame Freguency = [ ] Determine inputs automatical(using heuristics) Show
your new loyalty card and hence never get the items at the sale price. Cana STORE 2 Columns: 19 induded out of 19, Y Build Text
store manaaer look up my account ondine? —
ACCOUNT 1 MName Input Mining Type Auto Prep Ri
BRING 1 (®) AFFINITY_CARD NUMBER |
P— 5 EE AGE MUMBER. |_
&%) BOOKKEEPING_APPLICATION ~ MUMBER |
FORGET 1 =5 BULK_PACK_DISKETTES NUMBER < =
GET 1 BB COMMENTS ENC- -
HASSLE i 5 COUNTRY_NAME VARCHAR2 = i)
HENCE 1 €/ CUST_GENDER CHAR == B
&= CUST_ID MUMBER = |
E¥E CUST_INCOME_LEVEL VARCHARZ = B
@ CUST_MARITAL_STATUS VARCHAR2 == B

ORACLE’
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Rapidly Build, Evaluate & Deploy Analytical Methodologles

Leveraging a Variety of Data Sources and Types
(), Transactional
‘%‘ POS data
POS Sales data MOdeIing
Approaches x\

Filter Columns

SQL Joins and arbitrary SQL
transforms & queries — power of SQL

&

ggregated POS data

Muttiple Predictive mddels Most Likely customers

Inline predictive P Consider:

mOdeI to augngent hi d ts Customer sentiment data l@’ ) Demographlcs Generates SQL scriptS

inputdata oo b€ * Past purchases and workflow API for
Clust Build « Recent purchases deployment

(\b Advanced Analytics

Unstructured data ° Comments & tweets
also mined by
algorithms

—?

ORACLE
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Oracle Advanced Analytics—On Premise or Cloud
100% Compatibility Enables Easy Coexistence and Migration

[

a W %

CLAIMS Anomaly Build Apply

Same Architecture

On-Premise *ul," Same ML/Analytics

(=] (=] [ N ] oo
i Same Standards
=& % \ /

On-premise and public cloud

ORACLE’
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CoExistence and Migration [
&
/ \ CLAIMS

Anomaly Build Apply

O Advanced Analytics

Transparently move workloads and ML/analytical methodologies between

19



Manage and Analyze All Data—SQL & Oracle Big Data SQL

ORACLE
BIGDATA

o 12

sz BIg Data SQL + A(ilvanced Analytics | s

Oracle Advanced
Analytics

- o0 L]0
Oracle Big Data Appliance Oracle Database 12c

e m.m
- wmd € &P
g I 1]

e SE=: HH
o - u ... l.-
@ @ Do
Structured and Unstructured Data Reservoir Store business-critical data in Oracle Data analyzed via SQL / R / GUI
* JSON data * Customer data * R Clients
* HDFS / Hive * Transactional data * SQL Clients
* NoSQL * Unstructured documents, comments * Oracle Data Miner
* Spatial and Graph data * Spatial and Graph data
* Image and Video data * Image and Video data
* Social Media * Social Media

ORACLE’
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More Data Variety—Better Predictive Models

Engineered Features — Derived attributes/variable that
° Increasing sources of 100% reflect domain I>nowledge—key to best models 100%

relevant data can boost /

model accuracy //

Model with “Big Data” and

N

hundreds -- thousands of input , Naive Guess or
variables including: o Random
* Demographic data .g
. Zurchase POS transactional ?‘; /

”ata , Q Model with 75 variables
* “Unstructured data”, text & €&

comments Model with 250 variables
* Spatial location data

* Long term vs. recent historical
behavior

* Web visits

* Sensor data

. etc. 0% Population Size

ORACLE’
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Oracle Data Miner GUI

Easy to Use for “Citizen Data Scientist” oo mm

* Easy to use to
define analytical =

(B, Connections -l
B B1WA16_12c_DB_Cloud_Jonathan2

Parallel Query OFf ~ [| Tree| Settings e .
R 0% v @ hH B E MexmumTargetvalues: 2w | {1 SaveRulel workfiow Editor -

L =
° - BIWA DMUSER - Learn Predictive An ‘%‘ - =N
(3 CBERGER dbpm23 Cloud instance Cc . - ) e o =3 Iy
(@ Charlie Database 12claptop dmuser, CUST_INSUR_LTV_APPLY1 & CreateTable  DataSource  Explore Data
=[] AAA Customer Analytics s or View
-0l 360 View Star Schema Analy Explore Data 1 I =) @

-al3 BUY INSURANCE

t h t b f#-afj Claims Anomaly Detection e -
at Can be | , : sl el st
i g ﬁx‘:ﬂgtfndysis i@ — lErT — &; =— % % e g 7 Agg?gate Fz F‘I%

-
(G-afg New By Inwrance v || CUST_INSUR LTV Filter Columns Multiple Classfication Models Most Likely Customers B B o Coees
A a2 NF)wﬁnmpr Analvtics. \ \ |\ o -t Details
1 - — = 2 2
== ~ d— LA

o Graph SQLQuery  Update Table

) = B
o T T LIKELY_BUY_INSURANCE_CUSTMRS 1
Clustering Segmentation 1 Filter Columns Details 1 - ]
4 € - » o | Text
& 7 — = e =I Models
| & B W' | @ Charie Database 12c iaptop dmuser._dmuser ~ o2 e -~ e d
. o,
- | | | Charlie Database 12 dmuser_dmuser - fpswase ot
PEY-BR RR &uedas & laptop dmuser_¢ Anomaly Assodation  Classification
Worksheet | Query Builder Deiechion
= DEgIIT | & @ 5]
dbms_data_mining.create_model ('CLAIMSMODEL', 'CLASSIFICATION', St T oot
'CLAIMS', 'POLICYNUMBER', null, 'CLAIMS_SET'); o il
end; .
; & &
e TargetValues ModelDetails  Regression
-~ Top 5 most suspicious fraud policy holder claims > . Clwrap
BUY INSURANCE - Structure =] (& select * from =l Predictive Queries
@ Qg = = S (select POLICYNUMBER, round(prob_fraud*100,2) percent_fraud, .| Ml £ sank_rFuwps > 246 E & &
iy Explore Data | - And CHECKING AMOUNT > 282 Anomal
2 y Clusteri Feature
|3 Explore Data 1 @SW‘O‘J‘W‘ * | B> Query Result x i Detection Qua;g Extraction
- Filter Columns 3 5 W) @} soL | AlRowsFetched: 5in 0.237 seconds And MONEY MONTLY OVERDRAWN <= 54.215 Query Query
1 Multiple Classificati del &
.5 Filter Columns Details 1 { poutomuneR [} percent_Fraup [§ R | Then No
| 1 654 61.87 i | (I Prediction
-~ Scatter Box plots etc. 1 i IConfidem:e [o-es15671200473083] Query
-G ast s = 168 il U v [sﬂ ort “|a' ieézaksész”u’zrujl
G CUST_INSUR_LTV_APPLY1 3 7435 s5.47 3 Support’ ||0% ]
4 Most Likely Customers

3] LIKELY_BUY_INSURANCE_CUSTMRS | T Muitiple Classification Models - Properties

oS o/ QFnd @

° M - 4

immediate = |
deployment

ORACLE

ST, - _,r PBPBh

Copyright © 2016, Oracle and/or its affiliates. All rights reserved. | 23



Data Miner ~ = o BUY INSURANCE WORKFLOW

=
+ m Q Q - O - | b ~ Parallel Query Off
a Connections :«
Ea dmuser
ACME Mfg Paint Project
=-[E] BERGERS R US M & I
Eﬂ‘: Fun with Gov Create Table Data Source Explore Data
-2 Predictive Analytics WF or View
- Chicago Crime ﬁ a %
I:;I--- Customers R Us Project Graph SQL Query Update Table
G-l A+ Students OAA analytics
-l Big Data Analytcs w 1SON
- 2] Big Data Analytics %
ol BUY_INSLRANCE_WORKFLOW
(- 2{g CARS_DATA_MINING CUST INSUR LTVA
Iﬂlc Churners0 1 work flow - - =T
Eﬂ': Claims Fraud Clustering + S¥M2 v % @' &
el Customer Analytics ind RFM “I  Aggregate Filter Filter
EE': Employees_attrition Columns Columns
Iﬂ![: Insurance Customer Analytics Details
I:-Elc Manufacturing Painting Ops
-8 Market Basket Analysis . & 5 @
EEIE 0OW 14 CU ER_ANALYTICS. 360_1 Filter Rows Join JSON Query
F1-2{2 Predictive Oueries 4 @& &
g >
Sample Transform
Thumbnail =| [=]
ai} + Text
=l Models
= — Anomaly Assodation Classification
) . a Detection
Sl & 3 @
_El_—hﬁ_ Clustering Feature Model
Il Extraction
BUY_INSURANCE_WORKFLOW - .. ~ & ki
Y Model Details Regression
----- & Clustering Segmentation 4
----- iy Explore/Profile Data 1 L ) ’
Sreimian om0 e
----- <7 Prediction Query I
----- [ Filter Cols_Attrib Importance ° # Q Find 3 )
----- & Predictive Models for Student ' Data
..... @ Class Build c Source Table: |DMJSER.CUST_MR_LTV | o
----- B, Predictive models ind TEXT
Details -
----- [53 Filter Columns Details £ W7 X | Q- { Name
..... a Scatter Box plots ete, & Name Alias Data Type |
..... 159 craph AGE NUMBER. E
----- A Anomaly Detection Query BANK_FUNDS NUMBER. 0
""" (G cusT_NsUR LTV BUY_INSURANCE VARCHAR2 -+ Predictive Queries
""" {3, CUST_INSUR_LTV_APPLY CAR_OWNERSHIP NUMBER +| Evaluate and Apply
----- % MINING_DATA_TEXT_BULLD_V | | A — NI IMRER ] Linking Nodes
€ > »
dmuser/Customers R Us Project/BUY_INSURANCE_WORKFLOW
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Parallel Query Off H

Diata Winer ~ = o3 BUY INSURANCE WORKFLOW
+ @ & ] >~ @~13 k-
a Connections :..
Ea dmuser
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-|5] BERGERS R US
ED: Fun with Gov
-afg Predictive Analytics WF
- Chicago Crime
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G-of3 A+ Students OAA analytics
&-afy Big Data Analytes w ISON
-a{3 Big Data Analytics
ol BUY_INSLRANCE_WORKFLOW
&-a{3 CARS_DATA_MINING
Elﬂ Churnersd 1 work flow Connect
ED: Claims Fraud Clustering + SWM2 o -
(- 2{ Customer Analytics ind RFM CUsT | Run
E].: Employees_attrition Force Run 4
Iﬂl[: Insurance Customer Analytics i
E]Iﬂ Manufacturing Painting Ops Edit...
1 of3 Market Basket Andlysis w
[#-o{3 OOV 14_CUSTOMER_ANALYTICS 360 1 Generate Apply Chain
F1-2{2 Predictive Oueries =
A ) B Show Event Log
Thumbnail x| = Validate Parents
Deploy 4
= Save sQL v
B ocut Ctrlx
ﬂ\fj E— Copy ctrl-C
58 e " a . Paste Crl-v
M \gh d%;?l_ Extended Paste... Crl+Shift-V
3 m; ' Select All Cirl-A
BUY_INSURANCE_WORKFLOW - ... = Parallel Query ...
_____ & Clustering Segmentation — Copy Image to Clipboard
..... l& Explore/Profile Data 4 C | Save Image As...
] Prediction Queries by Region T8 CUST_INSUR_LTV1 - Properties Goto Properties
----- <7 Prediction Query
----- [ Filter Cols_Attrib Importance ° # Q Find
----- & Predictive Models for Student Data
----- @& Class Build — Source Table:  [DMUSER.CUST_INSUR_LTV
----- @ Predictive models ind TEXT
----- B Filter Columns Details Detais  Data
----- 154 Scatter Box plots etr. - Name
..... ﬁ Graph AGE
----- 11| Anomaly Detection Query BANK_FUNDS

----- {3y CUST_INSUR_LTV

----- 34 CUST_INSUR_LTV_APPLY

----- 3 MINING_DATA_TEXT_BUILD_V
b

1 ] 4

CAR_OWNERSHIP
CHECKTME AMOI INT

dmuser/Customers R Us Project/BUY_INSURANCE_WORKFLOW

m f x | Q- Name
Data Type
MUMBER.
MNUMEBER.
VARCHAR.Z
MUMEER.
NI IMRFR
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E =
[+ ]
-
Create Table Data Source Explore Data
or View
Graph S0L Query Update Table
| Transforms
Aggregate Filter Filter
Columns Columns
Details
Filter Rows Join JSON Query
4 Text
=| Models
Anomaly Assodiation Classification
Detection
Clustering Feature Model
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CLAS DT_4 2 - Structure * = Node: 22 I . . h.
_____ Node: 0 - Prediction: Yes -
----- Mode: 1 ! PE =i ) Ll > k
: Confidence: 88.25%
----- Mode: 15 Rule  Surrogates  Target Values | =
----- Mode: 16
Node Rule: Wrap
----- Mode: 2 O
----- Mode: 3 If BANK FUNDS > 24§
----- Mode: 4
_____ Node: 5 And CHECKRING EMOUNT <= 282
""" Hode: 17 And CREDIT BALANCE <= 2445
----- Mode: 6 -
----- Mode: 18 And MONEY MONTLY OVERDRAWN > 54.095
----- Mode: 19
_____ Node: 7 And T RMOUNT RUTCM PAYMENTS <= 14993
----- Mode: 8 Then Yes
----- Mode: 20
..... Node: 21 Confidence 0.882491186833013
""" Mode: 9 Support 0.09223932365055279
----- Mode: 22
----- Mode: 23
..... h ﬁﬂi 10 I
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Data Miner ~ = o3 BUY INSURANCE WORKFLOW < @
+ @ g g - @~ B -~ Parallel Query Off B [+ ]
a Connections :.. -
Ea dmuser
-{] ACME Mfg Paint Project
i fg Paint Prog Pom -~ & Lty
BERGERS R US
m.ﬂ Fun with Gov N % Create Table Data Source Explore Data
-afg Predictive Analytics WF Granh 1 or View
&[5 Chicago Crime L% CUST_INSUR_LTV_APPLY1 | & @
EJ'" Custemers R Us Project Graph SQL Query Update Table
G-of3 A+ Students OAA analytics Explore Data
-l Big Data Analytcs w 1SON
- 2] Big Data Analytics
ol BUY_INSLRANCE_WORKFLOW o
(- 2{g CARS_DATA_MINING
Iﬂﬂ: Churners0 1 work flow =| Transforms
Euﬂ Claims Fraud Clustering + SWM2 %i % Ef & 6
-alg Customer Analytics ind RFM CUST_INSUR_LTV1 —> —> Ol aggrecate e =
E]Dﬂ Employees_attrition - Connect
: Class Build 1 Columns Columns -
&#-alg Insurance Customer Analytics Filter Columns. ss A fom = -
-5 Manufacturing Painting Ops i =
H ‘:‘; Force Run » = Models
1L ! L Y
Thumbnail = = Edit... e 2 @
I Anomaly Association Classification
Detection
Generate Apply Chain & D@ @
Show Event Log Clustering Feature Model
Validate Parents Extraction -
Denl , +| Predictive Queries
eploy =l Evaluate and Apply
Save SQL ]
BUY_INSURANCE_WORKFLOW - ... = m x Ie Ctlx % %
ut - Apply Test
----- & Clustering Segmentation B Copy cHle
----- iy Explore/Profile Data B posic —_
..... l& Explore Data Ext led Past: Cirl+Shift-V
ste... Cirl+Shift-v
----- <7 Prediction Queries by Region atended Paste
..... @ Prediction Query Select All Cirl-A | ]
----- {5 Filter Cols_Attrib Importance A Parallel Query ... y
----- Qf Filter Columns T Convi to Clinboard
----- B, Predictive Models for Student ¢! Apply - Properties - opy imageto Lipboar
----- & Class Build s # Q Fnd Savelmage As... @
----- &, Predictive models ind TEXT Predicti Go to Properties i
----- & Class Build 1 Addis o Mo R
----- B Filter Columns Detals Lepdlnn e [] Automatic Settings ~ Case ID: ~[CUST_ID ~] vigate
Cache
..... g Scatter Box plots etc. - Output Apply G ;1‘, a % f x Q= Column
..... Gral De
_____ a Grazhh 1 Column Function Parameter(s) Model Node -
..... 14| Anomaly Detection Query CLAS_NB_4_2_PROB_Yes Prediction Probaility Prediction: Yes CLAS_MB_4 2 Class Build 1
..... ) CUST_INSUR_LTV CLAS_NB_4_2_PDET Prediction Details Prediction: Yes, Sort: Absolute, Length: 5 CLAS_NE_4_2 Class Build 1
----- R CUST_INSUR_LTV_APPLY
----- {34 MINING_DATA_TEXT_BUILD_V
..... R et micio 1T 4 | Linking Nedes
1 4 by
dmuser/Customers R Us Project/BUY_INSURANCE_WORKFLOW
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Data Miner -

+ @

a Connections
Ea dmuser

#-{E3] ACME Mfa Paint Project
)-[EI] BERGERS R US
EDE Fun with Gov
[-afg Predictive Analytics WF
[#1-{5] Chicago Crime
=-[5] Customers R Us Project
[-8{3 A+ Students OAA analytics

#1-a{3 Big Data Analytics
-aly BUY_INSLRANCE_WORKE
G-a{3 CARS_DATA_MINING
ED[: Churners01 work flow
E\ll[: Claims Fraud Clustering +
IBDI: Customer Analytics ind RA
EJDE Employees_attrition
IEOI: Insurance Customer Anal
ED[: Manufacturing Painting Of
[#-@f Market Basket Analysis
-a{3 0014 CUSTOMER _ANA
-alg Predictive Queries
#1-a{3 Public Sector Tax Audit
[#-2]2 R rearession models

Apply - Structure

Mo Structure

-l Big Data Analytcs w JSON..

=
Data | Columns |SQL

— w IiiE'f\':[ActuaIData ~ | Sort... | Parallel Query Off...

G Apply

| Bilter:|Enter Where Clause

1 0.9998904466629023
2 0,9998904466629025
3 0.9998646974563599
4 0.9998481869697571
5 0,9998325705528259
6 0,999816358089447

CLAS_ME_4_2_PROB_Yes CLAS_ME_4_2_PDET
<Details algorithm="Naive Bayes" clas...
<Details algorithm="Naive Bayes" clas...
o CUB274

<Details algorithm="Naive Bayes" dlas...
<Details algorithm="Naive Bayes" das...
<Details algorithm="Naive Bayes" das...

CUST_ID
CU3367
CUs432

Cu2126
Cuiz392
CU13307

<Details algorithm="Naiwve Bayes" class="Yes":>

<Attribute name="LIV_BIN" actualValue="MEDIUM" operator="in" range="L0OW,MEDI
<Attribute name="I1 TRANI WEE BANK"™ actualValue="2300" operator="greaterThan”

LOUISE
CLEOTILDE
SUDIE
DWVWANA
FLOSSIE
JULIO

N_MORTGAGES |SALARY
63,986
96,573
69,153
65,581
93,595
70,535

e e S = =

Q, Find

 VERY HIGH" weight=".3%87" rank="1"/>

glue="14159.353" welght=".983" rank="2"/>

<Attribute name="LTV" actualValue="21389.73" operator="greaterThan”™ wvalue="6861l.8253" weight=".848" rank="3"/>

<Attribute name="CAER OWNERSHIF" actualVaelue="1" weight=".813" rank="4"/>
<Attribute name="AGE"™ actualValues="51" operator="between" range="({17.5:535.3]"

</Details>

33 0,9997174739837646

<Details algorithm="Naive Bayes" clas...

welght=".8" rank="5"/>

86,368

Cu7142 RAELENE 1
34 0.9997147917747438 <Details algorithm="Naive Bayes” das... CU1717 MARGARETA 1 58472
35 0.9997147917747453 <Details algorithm="Maive Bayes" das... CU2659 TIMIKA 1 68,203
36 0.99971479177474398 <Details algorithm="MNaive Bayes” das... CUsG0 JINNY 1 61,370
37 0,9997106720542603 <Details algorithm="Naive Bayes" das... CU737 KINA 1 68,304
38 0.9997106790542603 <Details algorithm="Maive Bayes" das... CU30156 LATRIMA 1 66,364
39 0.9997106790542603 <Details algorithm="Naive Bayes” das... CU3346 GWENDA 1 71,093
40 0,99969947335810425 <Details algorithm="Naive Bayes" das... CU12872 SHARRI 1 75,125
41 N 999AER721AA35N +Details alanrithm ="Maive Baves” das  C1IA1A IO ANMA 1__A3I GRS

dmuserCustomers R Us Project/BUY_INSURANCE _WORKFLOW
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+ @

[=--[5] Customers R Us Project

G-y A+ Students OAA analytics
-elg Big Data Analytcs w J50N
-o{3 Big Data Analytics

-3 BUY_INSURANCE_WORKFLOW
-o{S CARS_DATA_MINING

Elﬂ: Churnersd 1 work flow

mlﬂ: Claims Fraud Clustering + SYM2
(815 Customer Analytics inc RFM
- aly Employees_attriton

i#--afg Insurance Customer Analytics
Eﬂ: Manufacturing Painting Cps
--afg Market Basket Analysis

E-o{3 OOW14_CUSTOMER ANALYTICS 360_
-afg PAW Cust Analytics

-o{3 Predictive Queries

el Public Sector Tax Audit

E]DE R _regression_models

[#l--af RFM Customer Analytics
-l RFM CUSTOMER ANALYTICS2
IEDI: Star Schema3a0 Dearee Customer

Al el fan

Tree | Settings

Data| Columns |SQL

& S 6% > B hF E@ Maximum Target Values: - | @ save Rules... || ) |view: CacheData ~ | Sort.. | Parallel Query Off .. | Eiiter:|Erter Where Clause
s Conflence 8488% E:;um: o B
153 A7) W VES @ 1095 (80.83%) VES : 1105 (40.79%) CLAS_GLM_1_10_PROB_NO CLAS_GLM_1_10_PDET
Fe2 O3Sk HO: 1875 (3381 1 0.4790120104773802 <Details algorithm="Generalized Linea... H
HOWE SPEND| Spit JOB_CATEGORY Sait LENGTH_POSITION 2 0.03713573019711771 «Details algorithm="Generalized Linea...
? 3 0.1457710019211304 «Details algorithm="Generalized Linea. ..
| | 4 0.12768928733510213 <Details algorithm="Generalized Linea. ..
:‘:‘;::m :\:n-:m :::s:m :::;:n:uo :‘:’:ﬁ;v :‘: 5 0.5698507390539095 <Details algorithm="Generalized Linea. ..
o W e e T sz || coommmes o st oo
| vES 71 waE) VES :7B4 (82.13%) W YES 131 (91.5) BV ES 1B (30 1) W vEs 5w e mvE 7 0.2033408741589236 <Details algorithm="Generalized Linea...
LR Y : NOLaelHzZage) 1 Ho -39 (@) MO SENEs Bk IS (] W ey 8 0.8963650734058157 <Details algorithm="Generalized Linea. ..
|h |.‘ gﬁmm_m !;,_mm !;; 9 0.67507955931483387 <Details algorithm="Generalized Linea...
Ll_‘J <Details algorithm="Generalized Linea...
' <Details algorithm="Generalized Linea...
<Details algorithm="Generalized Linea...
5366586052554 <Details algorithm="Generalized Linea...
07470752471 <Details algorithm="Generalized Linea...
695335974645 <Details algorithm="Generalized Linea... I
ORACLE
| Q, Find
. \ Model” class="NO">
DATA V|SUALIZAT'ON \ tualValue="5" weight=".246" rank="1"/>
\ alue="1" weight="-.046" rank="2"/>
“ e="F" weight=".036" rank="3"/>
L] '-, = actualValue="25" weight=".022" rank="4"/>
Rue | Surrog \ 27" weight=".021" rank="5"/>
MNode Rule:
Copyright © 2015, 2018 Oracle and/or its affiliates. All rights reserved.
[als algoriim= Generalzed Linea. .,
<Details algorithm="Generalized Linea...
AMT ] <Details algorithm="Generalized Linea...
B <Details algorithm="Generalized Linea...
Then NO <Details algorithm="Generalized Linea...
|C0nf:i.dEnOE 0.681835334476584391 36 0.43103362457662536 <Details algorithm="Generalized Linea...
|Suppﬂrr. 0.15131066701271736 37 0.2933893709403637 <Details algorithm="Generalized Linea...
-

38 0 F1INTNE EE114T787 Piatzile alaarithm =" i | Lina=

Charlie Database 12c laptop dmuser _dmuser /Customers R Us Project/Employees_attrition




4 B2 CUST_INSUR_PROFILES
PROFILE_ID
A PREDICTION
PREDICTION_COUNT
RECORD_COUNT
TOTAL_RECCRD_CQUNT
A 1S_LEAF_NODE
CONFIDENCE
SUPPORT
A
» W My Calculations
@l Value Labels

Untitled

€ Click here or drag data elements to add a filter

t"—" Pie

L] .
111 Trellis Columns

- .
== Trellis Rows

B3 values (Slice)

PREDICTION_CO...

B Category
A PREDICTION

6 Calor

A FULL_SIMPLE_RU..

'PREDIGTION_GOUNT by PREDICTION, FULL_SIMPLE_RULE

P M2 I T o T = o

“« @

1]

Ml o

PREDICTION_COUNT 751.00
FULL_SIMPLE_RULE {BANK_FUNDS > 248} AND (CHECKING_AMOUNT == 282) AND {CREDIT_BALANCE == 2445) AND {MONEY_MONTLY _OVERDRAWN = 54.085) AND (T_AMOUNT_AUTOM_PAYMENTS <= 14993}

PREDICTION ‘Yes

FULL_SIMPLE_RULE




Sharing, Automation and Deployment .
Immediately Go to “Productionization” of Analytical Methodologies *

* Share ODMr workflows

* Workflow API for 100% automation

* Immediate deployment of data analyst’s
methodologies

* SQL Script Generation

4| Generate SQL Script - Step 2 of 2
P P

Script Directory

¥ Target Database Script Directory: |DDM work flow |

L - _
@ Script Directory Base Directory: |3QLDE‘M' COrade Data Miner Feb 17 ?_013\,5:q|developer‘lﬁqldeveloper\bin| Browse...
Directory Path:

C:\SQLDEV Oracle Data Miner Feb 17 2013\sqgldeveloperisgldeveloper\biniODM work flow

* Deploy methodology as SQL scripts Name Datemodified  Type Size

_| Apply L.sql 7/24/2013412PM  SQL File IKB
7 __| Class Build.sq| 7/24/2013412PM  SQL File 56 KB
“_% & || CUST_INSUR_LTV.sq| 7/24/2013 412 PM  SQL File 4 KB
et CassBulaz || CUST_INSUR_LTV_NEW.sq| 7/24/2013 412 PM  SQL File 4 KB

plore a
/ || Filter Columns 1.sq| 7/24/2013 412 PM  SQL File 8 KB

. - 5 ') ) 1
NM H@‘ l%‘ |B| Predicting LTV_BEST.png 7/24/2013 412 PM PMG image 64 KB
‘%‘ /Fh coume Rewens ot - || Predicting LTV_BEST_Drop.sq| 7/24/2013 412 PM  SQL File IKB
pply

‘%‘T | Predicting LTV_BEST_Run.sq| 7/24/2013 412 PM  SQL File 6 KB

CUST_INSUR_LTV
\v | | Sample.sql 7/24/2013 412 PM  SQL File 4 KB

~ CUST_INSUR_LTV_NEW
S E A\

Sample Filter Columns 1 Class Build Apply 1
‘ At
&
Br &%
Filler Calumns 2 Class Build 1

ORACLE’
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Fraud Prediction Demo
Automated In-DB Analytical Methodology ‘

drop table CLAIMS_SET;
exec dbms_data_mining.drop_model(' CLAIMSMODEL);

create table CLAIMS_SET (setting_name varchar2(30), setting_value varchar2(4000)); (=Isariptoutput * [ Query Result X

insert into CLAIMS_SET values (ALGO_NAME','/ALGO_SUPPORT_VECTOR_MACHINES"); 3 5 @) [ 5oL | AlRowsFetched: 5in 0.064 seconds

insert into CLAIMS_SET values (PREP_AUTO','ON’); {} POLICYNUMBER |} PERCENT_FRAUD |{} RNK |

commit; 1 654 81.87 1

b . 2 11068 57.37 2
egin 7 .47

dbms_data_mining.create_model('CLAIMSMODEL', 'CLASSIFICATION', i 3;122 5;: j
'CLAIMS', 'POLICYNUMBER', null, 'CLAIMS_SET"); c - — <

end; 877 .37

/

[13 H H ”'
-- Top 5 most suspicious fraud policy holder claims Automated Monthly “Application™ Just

select * from add:
(select POLICYNUMBER, round(prob_fraud*100,2) percent_fraud, Create
rank() over (order by prob_fraud desc) rnk from View CLAIMS2_30
(select POLICYNUMBER, prediction_probability(CLAIMSMODEL, '0' using *) prob_fraud As
from CLAIMS Select * from CLAIMS2
where PASTNUMBEROFCLAIMS in (‘2to4', 'morethan4’))) Where mydate > SYSDATE — 30
where rnk <=5
order by percent_fraud desc; Time measure: set timing on;

ORACLE
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Oracle Advanced Analytics °.
Real-Time Scoring, Predictions and Recommendations ;

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

Select prediction probability (CLAS DT 1 64, '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;

~ Social Meh

e . Likelihood to respond:
CaII Ce icBranch [ Query Result
Complain C)R’ACI._E Offlq )
- E E@ % SOl All Rows Fetched: 1 in 0 seconds

PREDICTION_PROE. ..
0.53358293a6507336. ..

ORACLE
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Fiserv

Risk Analytics in Electronic Payments fISBI'V.

= Prevent S200M in losses every year using data to
monitor, understand and anticipate fraud

= We installed OAA analytics for model development
during 2014

= When choosing the tools for fraud management, speed
is a critical factor

= OAA provided a fast and flexible solution for model
building, visualization and integration with production
processes

ORACLE

“When choosing the tools for fraud management, speed is a
critical factor. Oracle Advance Analytics provided a fast and
flexible solution for model building, visualization and integration
with production processes.”

— Miguel Barrera, Director of Risk Analytics, Fiserv Inc.
— Julia Minkowski, Risk Analytics Manager, Fiserv Inc.

Oracle Advanced Analytics

3 months
to run & deploy 1 day to estimate and
;Og'St'c. ® 1 week to deploy
egression ;
g. 1 month estimate, 1 Tregs + GLM models
(using SAS) to estimate and week to install (using Oracle Advanced
deploy Trees and rules Analytics)
() GLM in online application

Copyright © 2016, Oracle and/or its affiliates. All rights reserved. |



UK National Health Service NHS|

Business Services Authority

Combating Healthcare Fraud

“Oracle Advanced Analytics’ data mining capabilities and Oracle
Exalytics’ performance really impressed us. The overall solution is

= Use new insight to help identify cost savings and meet goals very fast, and our investment very quickly provided value. We can
= |dentify and prevent healthcare fraud and benefit eligibility now do so much more with our data, resulting in significant
errors to save costs savings for the NHS as a whole”

— Nina Monckton, Head of Information Services,

= Leverage existing data to transform business and productivity _ _ _
NHS Business Services Authority

= |dentified up to GBP100 million (US$156 million) potentially
saved through benefit fraud and error reduction

= Used anomaly detection to uncover fraudulent activity where
some dentists split a single course of treatment into multiple
parts and presented claims for multiple treatments

= Analyzed billions of records at one time to measure longer-
term patient journeys and to analyze drug prescribing patterns

EXALYTICS

Oracle Exalytics In-Memory
Machine
Oracle Endeca Information
Discovery
Oracle Business Intelligence EE

. _ Oracle Exadata Database
to improve patient care Machine

Oracle Advanced
Analytics

Copyright © 2016, Oracle and/or its affiliates. All rights reserved. |
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DX Marketing
Cloud Based Predictive Analytics/Database Marketing

DX Marketing

“Time to market has significantly improved from 4-6 weeks to less
than a week with the result the company can bring new clients on
board faster. This has helped boost revenues by 25% in the six

= |ncrease revenue months since using Oracle’s DBCS..”

» Reduce time-to-market

-The company considered only two solution vendors --SAS and Oracle to host its
consumer data. SAS offered to help build the IT infrastructure from scratch and
helped develop a one-year plan. But when they looked at the number of personnel
needed to manage the infrastructure including administrators, security specialists
and analysts as well as Security & HIPPA compliance needed, Oracle’s DBCS solution
looked far more attractive. Hence, they decided to go ’With Oracle. Oracle’s solution
offered:

» Cloud-based solution

— DX Marketing

Oracle Cloud®s:."

Oracle Advanced Analytics

*
o0
¢ Scalability

* Builtin analytical tools including data mining.

MICHELLE PLECH

¢ Builtin HIPPA compliance and security features. bt e
* Required fewer resources --only two analysts —-Data Engineer and an expert DX MARKETING

in Predictive Analytics who now manage the entire eco system. DX Marketing Expands Customer Acquisition with Oracle Cloud —

YouTube video
ORACLE
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https://www.youtube.com/watch?v=W0rag-uXyio

Zagrebaéka Bank (biggest bank in Croatia) V¢ Zagrebacka banka

Increases Cash Loans by 15% Within 18 Months of Deployment

= Needed to speed up entire advanced analytics process;
data prep was taking 3 days; model building 24 hours

= Faster time to “actionable analytics” for Credit Risk
Modeling and Targeted Customer Campaigns

= Zaba migrated from SAS to the Oracle Advanced

Analytics platform for statistical modeling and predictive

analytics

= |ncreased prediction performance by leveraging the
security, reliability, performance, and scalability of
Oracle Database and Oracle Advanced Analytics for
predictive analytics—running data preparation,
transformation, model building, and model scoring
within the database

ORACLE

UniCredit Group

“With Oracle Advanced Analytics we execute computations on
thousands of attributes in parallel—impossible with open-source
R. Analyzing in Oracle Database without moving data increases
our agility. Oracle Advanced Analytics enables us to make quality

decisions on time, increasing our cash loans business 15%.”
— Jadranka Novoselovic, Head of Bl Dev., Zagrebacka Bank

“We chose Oracle because our entire data modeling process runs on
the same machine with the highest performance and level of
integration. With Oracle Database we simply switched on the Oracle
Advanced Analytics option and
needed no new tools,”

— Sinisa Behin, ICT coordinator
at Bl Dev. Zagrebacka Bank

ZabaBank Oracle Customer Snapshot on OTN

Copyright © 2016, Oracle and/or its affiliates. All rights reserved. |
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An Post =
Boosts Retail & Postal Services with Big Data & Analytics Platform

“With our Oracle solution for Big Data and Analytics we now have
an analytics platform that has completely transformed our service

= Provide a scalable big data and analytics platform to delivery model. It provides An Post with a single source of truth
manage millions of daily transactions, facilitate new while automatically consolidating data from all post offices
postal services, and align with market needs and the nationwide.”

growth in post office retail services
— John Cronin, Group Chief Information Officer, An Post Limited

|

= Enabled An Post to rapidly analyze and respond ...using OI?lgudraftthsr: ’\’n;c:llspart

Oracle Advanced Analytics... John Cronin, CIO of

= Deployed a big data and analytics platform using Oracle
Exadata Database Machine,Oracle Advanced Analytics, ...
to ..., combat fraud, and enable readily-available
enterprise wide business ...within core areas such as
mails, parcels, and retail

= Vertice (partner) provided expert services including ...in- Ireland’s postal
depth product and data mining expertise services network.

ORACLE

http://www.oracle.com/us/corporate/customers/customersearch/an-post-1-big-data-2759887.html
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R—W.idely 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

......

nnnnnnn

---------

.....

.................
nnnnnnn

.......

n Motions

Memory constrained

Single threaded
Outer loop—slows down process

Not industrial strength

ABCRDEEGHILMNEPESIX

2

ORACLE
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o o m
. . . . (r:b Advanced Analytics Se?
R: Transparency via function overloadingiu o
Invoke in-database aggregation function ee mm
. R R Console =5 (R
Oracle Distribution of R wersiom 3.0.1 (2012-06-22) -- "Good Sport”™ o
Oracle Advanced Analytics
> aggdata <- aggregate (ONTIME S$DEST, ORE Client Packages Oracle SQL
+ by = list (ONTIME_S$DEST), select DEST, count ()

+ FUN = length) from ONTIME S

group by DEST

> class(aggdata)‘_____—»

[1] “ore. frame”
attr (, “package”)
[1] “OREbase”

> head(aggdata)

Oracle Database

m

Group. 1 X
1 ABE 237
2 ABI 34
3 ABQ 1357 ONTIME_S
4 ABY 10
5 ACK 3
6 ACT 33

‘ . Database Server

ORACLE’
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R: Transparency via function overloading
Invoke in-database Data Mining model (Support Vector Machine)

R R Console Fm 0 | PL/SQL
: racle
Oracle Distribution of R wersiom 3.0.1 (2012-06-22) -- "Good Sport”™ OraCIe Advanced Analytlcs

ORE Client Packages  |BEGIN
DBMS DATA MINING. CREATE MODEL (

| model_name => " SVM_MOD” ,
mining function =>

> svm _mod <-— Ore.OdeVM(BUYNINCOME+YR57CUST+MARITALisTATUS,data:CUST,
| "classification”, kernel="linear”)

Transparency Layer

> summary (svm mod)

Call: dbms data mining. classification
ore. odmSVM (formula = BUY = INCOME + YRS CUST + MARITAL STATUS, data = CUST,
type = “classification”, kernel. function = “linear”) Y
Settings: Oracle Database
: Coefficients: i
value class variable value estimate 1
prep. auto on 1 0 INCOME 5.204561e—05
active. learning al.enable 2 0 MARITAL STATUS M —4.531359¢-05
complexity. factor 46. 044899 3 0 MARITAL STATUS S 4.531359e-05
conv. tolerance le—04 4 0 YRS CUST 1. 264948e-04
kernel. function linear 5 0 (Intercept) 9. 999269e¢-01
6 1 INCOME 2.032340e-05
7 1 MARITAL STATUS M 2.636552e—06
8 1 MARITAL STATUS S —2.636555e-06
9 1 YRS CUST —1. 588211e-04 o
10 1 (Intercept) -9. 999324¢e-01 -
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File Edit Code View Plots Session Build Debug Tools Help

o_,' & - = 3 Project: (None) -
137 rquser login DRAFT.R % 7 Manual ORE Setup.R 3] Hornick Short Dema Seript (1).R % = Environment  History =
[Clsource onSave | Q A~ | i [~#Run | % | _#Source »| < [ | &ToConsole | =@ToSource @] &
1 .'!'ibPa‘d:s("C:\\app\\cberger\\product\\lz.l.0\\dbh0me_l\\R\\'I'ibrary") = data(pjis:tlor‘l;"‘ir‘lgs) =
g Tibrary (orRE) head(pistonrings)
4 ore.connect("dmuser”, "oral2c”, " localhost ", "dmuser”, all—TRUE) = d'iametl.er' <- qcc.groups(pistonrings$diameter, pistonrings$sample)
5 gcc(diameter[1:25,], type="xbar")
[ ore.'ls()] — | hist({cArRsSTATS$MPG, col="red", breaks=25)
7 help.start() plot (CARSTATS, col="red")
8 hist(CARSTATS$VMPG, col="red", breaks=25)
9 names (CARSTATS) .libPaths ("c:\\app\ \cherger\product’’12.1. 0\ \dbhome_1'\R%\\Tibrary")
ﬂ 1ibrary(oORE)
12 ore.connect("dmuser”, "oral2c"”, " localhost ", "dmuser"”, all=TRUE) il
13  hist(CARSTATSIMPG, col="red", breaks=25) hist(CARSTATSSMPG, col="red", breaks=25) U
14 ore.1s() =
15 plot(CARSTATS)
16 plot(CARSTATS, col="red") Files Plots Packages Help Viewer =1
i; & Zoom | E|Export- | @ | ¥ Clear All @
19 demo(odm_kmeans)
20
21 Histogram of CARSTATSSMPG
22
23
24 names (CLAIMS) E
75 cummary (L ATME ||
(] (Top Level) + R Script
o
Console -/ = ~
Loading required package: OREmodels [4]
Loading required package: OREdm |
Loading reguired package: lattice
Loading required package: OREpredict
Loading required package: ORExm] o
= @ T
= ore.connect ("dmuser"”, "oral2c", " localhost ", "dmuser"”, all=TRUE)
Loading required package: ROracle
Loading required package: DBI =
The following object is masked _by_ .GlobalEnv: S
3
IRIS T o |
There were 39 warnings (use warnings() to see them) \C ™
> hist(CARSTATSSMPG, col="red", breaks=25)
> ore.1s5()
[1] "CARSTATS" "CENSUS" "CHICAGO_CRIMES"
[4] "CHURNERSO1" "CLAIMS" "CLAIMS_FRAUD" 1
[7] "CLAIMS_SET" "CRIME_SCENES_DATA" "CUST_INSUR_LTV" |
[10] "CUST_INSUR_LTV_APPLY" "EMPL_DATA" "EMPL_DATA_JUNEQT" 2 4
[13] "EXPENSE_VIEW_T" "INSUR_CUST_LTV_SAMPLE" "IRIS"
[16] "LYMPHOMA" "MINING_DATA_APPLY_V" "MINING_DATA_BUILD_V"
[19] "MINING_DATA_TEST_V" "MINING_DATA_TEXT_AFPLY_V" "MINING_DATA_TEXT_BUILD_V"
[22] "MINING_DATA_TEXT_TEST_V" "NCIGO_DATA" "NCIA0_DATA_MAP™
[25] "MEW_360_VIEW_CUSTOMERS" "ODMR_CARS_DATA" "ODMR_SALES_JSON_DATA"
[28] "ONTIME_SCE" "OUTPUT_1_24" "QUTPUT_11 2" = o
[31] "ouTPuUT_13_2" "OUTPUT_2_22" "OUTPUT_2_23"
[34] "ouTPUT_2_35" "OUTPUT_3_15" "oUTPUT_3_18" [ I I 1
[37] "ouTPUT_3_3" "OUTPUT_3_40" "ouUTPUT_4_1" 10 20 30 40
[40] "ouTPUT_5_1" "OUTPUT_5_15" "OUTPUT_9_18"
[43] "PAINT_MFG_DEFECTS" "TAX_DATAZ" "TEST_DF1"
[46] "TEST_DF2" "TITANIC_TEST" "TITANIC_TRAIN" CARSTATS$MPG
- .

i
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File Edit Code View Plots Session Build Debug Tools Help

Q- =~ & Project: [None) ~
37 rquser login DRAFT.R (37 Manual ORE Setup.R 37 Hornick Short Demo Seript (1).R Environment  History
SourceonSave | G4 - 2 ~#Run | b | 9 Source v # [ | T@To Console | =@&ToSource | @]
12_ ]-:k;:::\:r”;REL VAP S COErgEr P OUUC U L2 LU UOTIONE_ L SRS T Tordry g | gec(diameter[1:25,]1, type="xbar™) -
3 o hist(CARSTATSSMPG, col="red", breaks=25)
4 ore.connect("dmuser”, "oral2c”, " localhost ", "dmuser"”, all=TRUE) = plot(CARSTATS, col="red")
5 hist(CARSTATSS$MPG, col="red", breaks=25)
6 Er$-15éﬁ o .1ibpaths ("c:\\app\\.cberger\‘product’'12.1. 0" \dbhome_1'\R" " 1ibrary")
7 elp.start() Tibrary(ORE
8 ) : ore.coigect%“dmuser” "oral2c", " localhost ", "dmuser', all=TRUE)
9 names (CARSTATS) . A .o !
10 hist (CARSTATSEMPG, col="red", breaks=25)
11  summary (CARSTATS) ore.1s()
12 help.start()
13 hist(CARSTATSIMPG, col="red", breaks=25) summary (CARSTATS)
14 plot (CARSTATS) -
15 plot(CARSTATS)
16 plot(CARSTATS, col="red") Files Plots Packages Help Viewer
ié i & Zoom | E|Export- | @ | ¥ Clear All
19 demo(odm_kmeans)
20
21 1.0 2.0 3.0 10 20 30 40 100 300
22 I N N R [ R R
23 o§° ] o o 05 B
24  names (CLAIMS) ACCELERATION I HEEEEHIE I! i o I ﬁa
25  summary (CLAIMS) < fo 2
15:1 B [Top Level R Script ——m o T . oy —
w
Console o — (D T TR O ORlGlN (OO OO0000000 000 Lo ] o o o | T | ST o O O Lol L
[25] "NEW_360_VIEW_CUSTOMERS" "ODMR_CARS_DATA" "ODMR_SALES_JSON_DATA" 2 Q 3 moAacnAAAnAAA o o ol Lerrmomon L
[28] "ONTIME_SCB" "OUTPUT_1_24" "ouTPUT_11_2" - o o - o
[31] "ouTPuT_13_2" "ouUTPUT_2_22" "ouTPUT_2_23" E E - £ 8
[34] "OUTPUT_2_35" "OUTPUT_3_15" "QUTPUT_3_18" : § | MODEL_YEAR : =
[37] "ouTPuT_3_3" "OUTPUT_3_40" "OUTPUT_4_1" H H G 2 =]
[40] "ouTPUT_5_1" "OUTPUT_5_15" "OUTPUT_9_18" =
[43] "PAINT_MFG_DEFECTS" "TAX_DATA2" "TEST_DF1" = ]
[46] "TEST_DF2" "TITANIC_TEST" "TITANIC_TRAIN" o \l i E“EHEEEEEE MPG g g i
> help.start() I =]
If nothing happens, you should open ] T o - , . O ———
‘http://127.0.0.1:17896/doc/htm] /index. html® yourself oo cooooooood o axomn o ol
= summary(cARsTATs) oooooooogggoo oo a CYLINDERS —mo ) -3 o o e
ACCELERATION ORIGIN MODEL_YEAR MPG CYLINDERS nn 0 n mon m UM o m - ™
Min. : B.00  Min. :1.000  Min. :70.00 Min. :9.00 Min. :3.000
1st qQu.:13.70 1st Qu.:1.000 1st Qu.:73.00 1st qQu. :17.50 1st qQu.:4.000 [
Median :15.50 Median :1.000 Median :76.00 Median :23.00 Median :4.000 o i
Mean :15.52 Mean :1.569 Mean 175,92 Mean 123.49 Mearn 15.475 A I
Ird Qu.:17.18 ird Qu.:2.000 3rd Qu. :79.00 Ird Qu. :29.00 3rd qQu.:8.000 o
Max. 124,80 Max. :3.000 Max. :82.00 Max. :46.60 Max. :8.000 E
NA' S 3 g I H I
DISPLACEMENT WEIGHT HORSEFOWER NAME §
Min. : 68.0 Min. 11613 Min. : 46.00 ford pinto 5] -
1st qQu. :105.0 1st Qu.:2226 1st Qu.: 75.75 amc matador 5 2 o
Median :151.0 Median :2822 Median : 95.00 ford maverick 5 - I i A o I
Mean :194.8  Mean 12979 Mean :105.08  toyota corolla: 3 2 l 8
3rd Qu. :302.0 3rd Qu. :3618 3rd Qu.:130.00 amc gremlin 4 0 -
Max. 1455.0  Max. 15140  Max. 1230.00  amc hornet 4 E g i o 5 i F o
NA'S H (other) 1377 ] M NAME -
> plot(CARSTATS) L | 2 ! | ——— |_ =)
warning message: 10 15 20 25 34567 8 1500 3000 4500 0 100 200 300

ORE object has no unigue key - using random order

ORACLE
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Oracle R Advanced Analytics for Hadoop u

Using Hadoop and HIVE Integration, plus R Engine and Open -Source R Packages L

Hadoop Cluster ‘?.

with Oracle R Advanced Analytics for Hadoop (ORAAH) .
R Client

R Analytics

Oracle R Advanced
Analytics for Hadoop

R interface to HQL Basic Statisticsi-—-:.._:.-.
Data Prep, Joins and View creation I

Parallel, distributed algorithms:

MLP Neural Nets*, GLM*, LM, PCA, Oracle Database .
k-Means, NMF, LMF with Advanced Analytics option m.
* Spark-Caching enabled n | I
— SQL Client
Use of Open-source R packages via i =
custom R Mappers / Reducers all — SQL DeveIOper
8., Other SQL Apps

ORACLE’
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Oracle R Advanced Analytics for Hadoop

AA Algorithms in a Hadoop Cluster: Map-Reduce and Spark (2.7) .-_."_._

Classification

GLM ORAAH & hEronm

isplAeduze

Logistic Regression ORAAH ¢, 3¢

Random Forests SparkMLIib

Decision Trees  spaiMLiib

Support Vector I\/Iaching'p%;gML“b

Gaussian Mixture Models

Clustering

K-Means ] fr=liai
K-Means Spak'MLIib

ORACLE

Regression

MLP Neural Networks ORAAH ¢,

LASSO spak'MLIib

Ridge Regression SpodMLlib

Support Vector Machinesgmigw“b

Random Forest SpakMLlib

Linear Regression SpakMLib

Basic Statistics

Correlation/Cova @:47”5%%‘25

Feature Extraction

Non-negative Matrix

Factorization %] JIER o))

Collaborative Filtering_ .
(LMF)

Attribute Importance

Principal Components Analysis &, liErlam)

mapﬁé"diu‘ge
Principal Components Analysis SpoiisMLlib
LASSO SpaikMLlib
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ORACLE

Copyright © 2016, Oracle and/or its affiliates. All rights reserve



Oracle Sales Cloud Sales Predictor
Predictive Analytics Applications

CRM Sales Predictions White Space Analysis

Business Tehlets  Softwars Manual Set Varo 7000 Tablet  varo 7500 Tablet Varo BO00 Tablet Warlo B5S00 Tablet
Powered by OAA maging Inncvalio x
Tatal Potartial: ’
512,442,354 514,345,000 355,378 Rejected 558,496 5585,534 567,545
 Sales Predictor helps sales reps answer | M Q Q
- : Total Poknta Norggme
critical sales questions: e -
0 Times Technol o
* Which products should be offered to a Toi ottt o s ; i
33,083 816 $2,336,79 535,000 §35 224 5301 851 et
customer?
| e = x @
* Who are the customers buying products? 2,13 323 b o o0 e = Reiected .

* What are the reasons a product is being
bought?

AW Technologizs

- - Ma potental My pedartial Flo pobaniial M pedenbal
Tolal Potenta pa E

Al POt 50 50 50 50

Lol Petan
$1,472,080 51,150 800 5312280

Pacific General H
Total Potanta Mo poderiial Hi podential
a / 0

* Sales Predictor offers product

imn e 524,304 581,851 567,546

recommendations that have a higher __——
likelihood of being converted to a win.

ORACLE

Link to Oracle CRM SPE on O.com
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Oracle Communications Industry Data Model

Example Predictive Analytics Application

iness Intelligence

Pre-Built Predictive Models e—— T —

Segment Name
Age Young and PAY TV user

* Fastest Way to Deliver Scalable e :

o Age oung and PAY TV user

Enterprise-wide Predictive Analytics

Custon Famity User, High Revenue

er

High end insensitive to Loyalty Program

Cel High value Organizational Customer i Customer ) ) ChL!rr
 OA A’ S CI usterin g an d pre d ictions Prone L0 Revense  [vae  |oand High value and us loyalty program e ooabitty =l roe " lna Y [Rato
. . 9935007045 | £18,000.00 | $15,600.00( £140.00 y L‘;w Revenue — il iy 59 104 |LOCAL 3
vailable in-DB for OBIEE R
a a a e O 9935007583 | §18,000.00 w—m $49,000.00 32 —_/ — . - 3
,afﬁ( v
. . 9985006233 #000.00 | $16,800.00 | $140.00 $34,000.00 43 Probability - 71 104 |LOCAL 4
 Automatic Cust Segmentat — o
utomatiC Lustomer segmentation, S > sl
Churn Predicti d Senti _— 5
u rn re ICt I O n SI a n e ntl m e nt 9935003794 | $£18,000.00 | _Sid eT0.00 $32,000.00 37 |ARPU7S00 A + 16 104 |PASSIVE 7
. — LV
———_—__—
9985005144 | $6,000.00 | §5,478.26| £250.00 $35,000.00 43 |ARPUS000 A + 13 104 |LOCAL 4
Analysis s
9985002105 |  §5,000.00 |  §5,555.56 | $444.00 §58,000.00 11 o Praobability | W - 76 104
of hld
Churning
E_ v:ry
ig
9935000594 | $6,000.00 | §5,533.96| £180.00 §75,000.00 17 6 m 104

Link to OCDM on OTN

ORACLE
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Oracle Communications Data Model

Pre-Built Data Mining Models

1.Churn Prediction

2.Customer Profiling

3.Customer Churn Factor

4.Cross-Sell Opportunity

5.Customer Life Time Value

6.Customer Sentiment

7.Customer Life Time Value

ORACLE’

ORACLE" Business Intelligence =2 I ©
‘Churn Report By Customer Segment Dashboards v | [ New
Customer Segments "~ Cu ion Details
=}
Segment Name
Age Young and PAY T user =]
(Al Golumn Values) I
Customer segments NULL =
Custon & Age Young and PAY TV user V user
Bad phone number and Low usage
Family User, High Revenue
customer  |Customer |40 |contract[vonth bt v v High end insensitve to Layalty Frogram b (cum Customerlcommuny | communty | ST A
Segment e Value Revenue  |Value  |Band  |Velue High value Gustomer i Probabiity |2 Rol size oty fA—
‘Age Young and [Beverly Wan 9985007046 | $18,000.00| $15,600.00 $140.00[LTV_1 | $41,000,00| earch... 59 104 |LOCAL 3 0.00% $1.00
PAY TV user ala
Bradley 9985007569 | $15,000.00| §16,200.00) $444.00 $49,000.00 3z re a5 104 |PASSIVE 3 0.00% $0.00
Johnson Al
Ethan Nielley 9585006289 | $18,000.00| $16,800.00| $140.00 $34,000.00 a3 o Probability |- 7 104 |LOCAL 4 0.00% $2.33
of Churning ala
is very high
GaleLazar  |9985003754 | $18,000.00| $14,000.00 $140.00 $82,000.00 37 |ARPU7500 A 16 104 |PASSIVE 7 2.00% $3.75
Bernard 9335005144 | $6,000.00|  $5478.26 $260.00 $85,000.00 43 |ARPUS000 e 19 104LOCAL 4 100% $3.00
Vaughn Al
Bertha Lucca |9985002105 |  $6,000.00|  $5,555.56  $444.00 $56,000.00 1 @ Probebiity | ¥- 7 104 $3.50
of Churning N
is very high
[Beft Webber (9955000594 |  $6,000.00|  $5,538.46 $130.00 $76,000.00 17 re 16 104 $5.00
Biddy 9985006582 |  $6,000.00  $5,428.58| $260.00 $73,000.00 21 re 36 104 | SOCIAL 4 0.00% $9.40
Rathrock Al

Segment Avg Debt value

Age Young and PAY TW user, CUST_T¥P_CD is IND; PAY_TW_IND=1,
n AGE_ON_NET_MBR=526.83; PORT_OUT_CHNT iz NA;, 11

u Family User, High Revenue, CUST_T¥P_CD is IND; NBR_OF_CHLDRN=2 55,
AGE_ON_| NET HWBR= 120564 MO_RWH=233.2, 18

High end insensitive to Loyatty Program, CUST_TvP_CD is IND;
W LYLTY_PROG_BAL=773.81; AGE_ON_MET_MBER=1975.87, MD RWN=406;,
13

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

u High value and use loyalty program, CUST_T¥P_CD is IND;
LY¥LTY_PROG_BAL=757.1; AGE_ON_NET_NBHR=1575.63; MO_RVN=518;, 15

Organizational Customer, CUST_T¥P_CD is ORG; SBRP_CNT=155.71;
.AGE OM_MET_MBR=255.31; PORT_OUT CNTI.SNA 5

Troublesome Customer with less revenue, CUST_TYP_CD is INDy;

CMPLNT_LFTM_CNT=73.52; AGE_ON_NET_NBR=1483385;
PORT_OUT_CNT is N&;, 3

Link to OCDM on OTN
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https://docs.oracle.com/cd/E16762_01/doc/doc.112/e15886/data_mining_cdm.htm
https://docs.oracle.com/cd/E16762_01/doc/doc.112/e15886/data_mining_cdm.htm
https://docs.oracle.com/cd/E16762_01/doc/doc.112/e15886/data_mining_cdm.htm
https://docs.oracle.com/cd/E16762_01/doc/doc.112/e15886/data_mining_cdm.htm
http://docs.oracle.com/cd/E29633_01/doc/doc.1132/e28440/data_mining_cdm.htm
https://docs.oracle.com/cd/E16762_01/doc/doc.112/e15886/data_mining_cdm.htm
https://docs.oracle.com/cd/E16762_01/doc/doc.112/e15886/data_mining_cdm.htm
http://www.oracle.com/us/products/applications/communications/industry-analytics/data-model/overview/index.html
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Oracle Advanced Analytics 12.2

New Oracle Database Features

* Major Performance Improvements for Algorithms
— New parallel model build / apply infrastructure to enable faster algorithm introduction

— Scale to larger data volumes found in big data and cloud use cases

* Unsupervised Feature Selection

— Uses unsupervised pair-wise Kullback-Leibler Divergence (KLD - correlations analysis - numeric
and categorical attributes) to find highest “information containing” attributes

* Association Rules Enhancements

— Adds calculation of values associated with AR rules such as sales amount to indicate the
value of co-occurring items in baskets

* Partitioned Models

— Instead of building, naming and referencing 10s or 1000s of models, a partitioned model
will organize and represent these multiple models as partitions in a single model entity

ORACLE’
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Oracle Advanced Analytics 12.2 “uge”
New Oracle Database Features o " \y
b LD

* Explicit Semantic Analysis (ESA) algorithm

— Useful technique for extracting meaningful, interpretable features, better than LDA
— Use ESA for document similarity and topic identification

— Wikipedia provides a large corpus of existing documents to provide sensible features and topics

— Document 1

— 'Senior members of the Saudi royal family paid at least S560 million to Osama bin Laden terror group and the Taliban for an
agreement his forces would not attack targets in Saudi Arabia, according to court documents. The papers, filed in a SUS3000 billion
(S5500 billion) lawsuit in the US, allege the deal was made after two secret meetings between Saudi royals and leaders of al-Qa ida,
including bin Laden. The money enabled al-Qa ida to fund training camps in Afghanistan later attended by the September 11
hijackers. The disclosures will increase tensions between the US and Saudi Arabia. '

Document 2

— 'The Saudi Interior Ministry on Sunday confirmed it is holding a 21-year-old Saudi man the FBI is seeking for alleged links to the Sept.
11 hijackers. Authorities are interrogating Saud Abdulaziz Saud al-Rasheed "and if it is proven that he was connected to terrorism,
he will be referred to the sharia (Islamic) court," the official Saudi Press Agency quoted an unidentified ministry official as saying.’

ESA Similarity 0.62

ORACLE’
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Oracle Advanced Analytics 12.2

New Oracle Database Features

* Extensibility for R Models

— Register R models as in-database models for build, apply, settings, and viewing

— Supports data with “nested” attributes, handling text and aggregated transactional data for open source
R packages

— Extends ease of advanced analytics development from R to Oracle Database

— Enables R users to roll out new analytics and more rapidly take advantage of existing R packages

ORACLE’
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Oracle Data Miner 4.2 °s
New Features for OAA

» Add/Expose

Components:
-l
+ @ & S 1w0% @~ B - Parallel Query OFf [ Tree Settings
a R @ Comnectons H S a% §E  Maximum TargetValues: 2= | ) SaveRule \orkfiow Editor -
- B BIwA15_12c_DB_Cloud_Jonathan2
& 3 BIWA DMUSER - Learn Predictive An —C .
o & (3 CBERGER dbpm23 Cloud instance Ce || I-% 2 [
e t re I n & B, Cheriie Database 12¢ laptop dmuser CUST INSUR LTV APPLY H CreateTable  DataSource  Explore Data
a l l s . o - - or View
=+-{03] AAA Customer Analytics Scaller Box plats ete. 1 Explore Data
| el 360 View Star Schema Anal) Explore Data 1 I Bl
§ mealy BUFINSURANCE = - Graph SQLQuery  Update Table
G-aly Claims Anamaly Detection
-af} Customer 360 Clustering
{3 Customer analytics NEW f =EEims
af3 Fun Analytics WF ‘ % % @ % | a & &
& > o7
. (-afy Market Basket Analysis e Aggregate Filter Filter
| ol NewBuy Insurance WF CUST_INSUR_LTV1 Filler Columns Multiple Classiication Models Most Likely Customers b, s s
- a2 Ns)w Customer Analvtics ; - -\ \‘ \ Ul Detais
Thumbnal ImEl e — Filter Rows Join 150N Query
‘ e @ &
o e it Sample Transform
o o LIKELY BUY_INSURANGCE_CUSTMRS 1 e —
Clustering Segmentation 1 Filter Columns Details 1 -
< C 2 » [ 1 I ] +Text
5 e e Fmtion i ot I Models
Charte Database 12 laptop dimuser_dmuser Fomd I Pl I st I
PEY-BE BR Bued sk ) Crarie Database 12c it bl e [ i k- @
LT = Anomaly Associaton  Classification
Worksheet  Query Buider Fi
ST TEgTT
e & (e} ¢
dbms_data_mining.create_model ('CLRIMSMODEL', 'CLASSIFICATION',
it = s o Clustering Feature Model
CLATMS', "BOLICYNUMBER', null, 'CLATMS_SET'); Extraction
end;
; € b
Ruke | Surrogates | Target Values Model Detalls  Regression
-- Top 5 most suspicious fraud policy holder claims - Node Rule: [ wrap
BUY INSURANCE - Structure = Eiselect * from = Predictive Queries.
& Clustering Seamentation 1 = = (select POLICYNUMBER, round(prob_fraud*100,2) percent_fraud, u If EANK_FUNDS > 246 M & &
L& Explore Data = T Y And CHECKING_REMOUNT > 282
; 2 Anomaly Clustering Feature
|1k Explore Data 1 @SC’WD“"M x| Query Resuit | Detection Query Extraction
{5 Fiter Columns 3 5 W) B 50U | AlRowsFetched: 5in 0,237 seconds And MONEY MONTLY OVERDRAWN <= 54.215 Query Query
< Multiple Classificati
{5 Filter Columns Details 1 PEIETCE ‘9 i |€} RNK ’y Then No &
154 Scatter Boc pots e, 1 1 654 61.87 1 = Prediction
| catter Box plots etc. |Can1dEncE 0.8515671200473093 Query
& cust mste i 2 1roee 7. : I |5 T 0.1832863646217212
{3 CUST_INSUR_LTV_APPLY1 3 7435 55.47 3 UpPPOrT -
4% Most Likely Customers =
- LIKELY_BUY_INSURANCE_CUSTMRS | T Multiple Classification Models - Properties
-] tinks ° Q, Find
- From "CUST _INSUR_LTVI" to 'E: 4 @
@ From "CUST_INSUR_LTV1" to 'Fj | Models
Colurrs : T £ 41 Evaluate and Apply
@ From "Filter Columns™ to Multipk .| Build Model Settings W K W oo Fh £ Al tame s
(== "] ’ o9 %

Charlie Database 12¢ laptop dmuser_dmuser/AAA Customer Analytics/BUY INSURANCE

= ———m
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Q,Q, @~-80p-~ S ~

Create Table Data Source Explore Data
or View
Graph SQL Query Update Table
INSUR_CUST_LTV_SAMPLE Class Build
| StartDate:  [Jan 15,2016 1658 [+ 8 M
- ~ Repeat: |Every Day - |« [3anuary  ~|[ 2016[F] »|
Sun Mon Tue Wed Thu Fri Sat
EndRepeat: eI =
I 3 4 5 6 7 a 9
Existing Schedule 10 11 12 13 14 f&] 16
DU* 17 18 19 20 21 22 23
[<Se(ectaScheduie:r - :: 215 226 237 248 259 io
_+| Transforms
b - | #Text
4 € Help Advanced... oK Cancel D » | =IModels
workflow - Properties | 4 [N=] e % @
*/ Q Find @ | Anomaly Assodation  Classification
Detection
Comment: & P} P}
Clustering Explicit Feature
Workflow Jobs x| = Eszah.re Extraction
[ denoy-im M| @ & W&
Porkoy, [iProject jistatus Model Model Detals  Regression
No entries. Right diick for Preferences
Reports = ~| [=] | Logging Page - Log = | =
[ All Reports . E
- (& Analytic View Reports : , , : =
i . level Sequence Eapsed Sowce  Messge 4
ﬁ Data Modeler R ts 2376 1155 o.dmt.dataminer.runne... Runltem: unable to read repository config table.
I:T:‘ OLAP Reports 2375 1373 o.dmt.dataminer.runne... RunItem: unable to read repository config table.
} ﬁT Tep:r s 9 2374 1513 o.dmt.dataminer.runne... Runltem: unable to read repository config table.
-2 TmesTen Repor @ 2373 1622 0.dmt.dataminer.runne... Runltem: unable to read repository config table. ] Predictive Queries
(2 User Defined Reports @ 2312 1092 o.dmt.dataminer.runne... RunItem: unable to read repository config table. +] Model Operations
@ 2371 1170 0.dmt.dataminer.runne. .. Runltem: unable to read repositorv confia table. ) Linking Nodes
Messages | Statements | Logging Page | ‘¢ J ’




Oracle R Advanced Analytics for Hadoop
New Features in ORAAH 2.7 SpQ

* Updated ORAAH GLM and LM algorithms which are much faster, stable and light on
memory than comparable GLM and LM methods from Spark Mllib

7S

* Both methods also bring a new summary feature that makes them comparable to
solutions from open-source R glm and Im, but capable of handling Big Data at enterprise
scale

* The Neural Networks algorithm has been enhanced to support the full formula
processing and a full build and scoring in Spark

* The new Gaussian Mixture Models is an addition to the set of algorithms supported in
Spark Mllib

* ORAAH's Spark-based LM with full formula support and summary - orch.Im2()
* ORAAH's Spark-based GLM with full formula support and summary - orch.glm2()
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Getting started: OAA Links and Resources

Oracle Advanced Analytics Overview:

e OAA presentation— Big Data Analytics with Oracle Advanced Analytics ...or just watch Watch YouTube video

presentation and demo(s)
e Big Data Analytics with Oracle Advanced Analytics: Making Big Data and Analytics Simple white paper on OTN
e Oracle Internal OAA Product Management Wiki and Workspace
e Oracle Advanced Analytics Customer Successes

YouTube recorded OAA Presentations and Demos:

e 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:

e Link to OAA/Oracle Data Miner Workflow GUI Online (free) Tutorial Series on OTN

e Link to OAA/Oracle R Enterprise (free) Tutorial Series on OTN

e Link to Free Oracle Advanced Analytics "Test Drives" on Oracle Cloud via Vlamis Partner

e Link to Getting Started w/ ODM blog entry

e Link to New OAA/Oracle Data Mining 2-Day Instructor Led Oracle University course.

e Oracle Data Mining Sample Code Examples

Additional Resources:

e Oracle Advanced Analytics Option on OTN page

e OAA/Oracle Data Mining on OTN page, ODM Documentation & ODM Blog

e OAA/Oracle R Enterprise page on OTN page, ORE Documentation & ORE Blog
e Oracle SQL based Basic Statistical functions on OTN

e Oracle R Advanced Analytics for Hadoop (ORAAH) on OTN

R

o Busmess Intelligence, Warehousing & Analytics—BIWA Summit’17,Jan 31, Feb 1 & 2,

onference Center (w/ links to customer presentations)

ORACLE’
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Oracle Technology Network > Database > Options

Wel
Accoun

Products Solutions Downloads Store Support Training Partne

Overview

Icome Charles
it Sign Out Help Country » Communities v |ama_ v~ Iwantto. v~ | Search

> Advanced Analytics > Ove

Downloads ” Documentation H Community H Learn More

Oracle Advanced
Analytics °

Scalable enterprise-wide predictive analytics

Architecture Overview

Oracle Advanced Analytics 12¢ delivers paralielized in-gatabase implementations of
data mining algorithms and integration with open source R. Data analysts use Oracle
Data Miner GUI and R to build and evaluate predictive models and leverage R
packages and graphs. Application developers deploy Oracle Advanced Analytics
models using SQL data mining functions and R. With the Cracle Advanced Analytics
aption, Oracle extends the Oracle Database to an sclable analytical platform that

e g

Big Data Analytics with Oracle Advanced Analytics
Making Big Data and Analytics Simple
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https://drive.google.com/file/d/0ByYMyOPYt3TRQWVKMVRyQkxpRkE/view?usp=sharing
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleadvancedanalyticsv2otn-2859525.pdf
https://www.youtube.com/watch?v=OvtoLJTbO-E&feature=youtu.be
https://www.youtube.com/watch?v=OvtoLJTbO-E&feature=youtu.be
https://www.youtube.com/watch?v=OvtoLJTbO-E&feature=youtu.be
https://www.youtube.com/watch?v=OvtoLJTbO-E&feature=youtu.be
https://www.youtube.com/watch?v=OvtoLJTbO-E&feature=youtu.be
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa-12c-whitepaperv6-2618427.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa-12c-whitepaperv6-2618427.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa-12c-whitepaperv6-2618427.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa-12c-whitepaperv6-2618427.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa-12c-whitepaperv6-2618427.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa-12c-whitepaperv6-2618427.pdf
https://stbeehive.oracle.com/teamcollab/wiki/Oracle+Advanced+Analytics+PM+Workspace
https://stbeehive.oracle.com/teamcollab/wiki/Oracle+Advanced+Analytics+PM+Workspace
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-customers-086483.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-customers-086483.html
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://apexapps.oracle.com/pls/apex/f?p=44785:24:13318499153035::NO::P24_CONTENT_ID,P24_PREV_PAGE:11925,1
https://apexapps.oracle.com/pls/apex/f?p=44785:24:13318499153035::NO::P24_CONTENT_ID,P24_PREV_PAGE:11925,1
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://apexapps.oracle.com/pls/apex/f?p=44785:24:4786379229847:PRODUCT:NO::P24_CONTENT_ID,P24_PREV_PAGE,P24_PROD_SECTION_GRP_ID:8984,141,
https://apexapps.oracle.com/pls/apex/f?p=44785:24:4786379229847:PRODUCT:NO::P24_CONTENT_ID,P24_PREV_PAGE,P24_PROD_SECTION_GRP_ID:8984,141,
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/free_oracle_advanced_analytics_test
https://blogs.oracle.com/datamining/entry/free_oracle_advanced_analytics_test
https://blogs.oracle.com/datamining/entry/free_oracle_advanced_analytics_test
https://blogs.oracle.com/datamining/entry/free_oracle_advanced_analytics_test
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/evaluating_oracle_data_mining_has
https://blogs.oracle.com/datamining/entry/evaluating_oracle_data_mining_has
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
https://blogs.oracle.com/datamining/entry/new_learn_predictive_analytics_in
https://blogs.oracle.com/datamining/entry/new_learn_predictive_analytics_in
https://blogs.oracle.com/datamining/entry/new_learn_predictive_analytics_in
https://blogs.oracle.com/datamining/entry/new_learn_predictive_analytics_in
https://blogs.oracle.com/datamining/entry/new_learn_predictive_analytics_in
https://blogs.oracle.com/datamining/entry/new_learn_predictive_analytics_in
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-samples-194497.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-samples-194497.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/index.html
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/
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/
https://blogs.oracle.com/R/
http://www.oracle.com/technetwork/middleware/bi-foundation/index-092760.html
http://www.oracle.com/technetwork/middleware/bi-foundation/index-092760.html
http://www.oracle.com/technetwork/database/database-technologies/bdc/r-advanalytics-for-hadoop/overview/index.html
http://www.oracle.com/technetwork/database/database-technologies/bdc/r-advanalytics-for-hadoop/overview/index.html
http://www.ioug.org/p/cm/ld/&fid=992
http://www.ioug.org/p/cm/ld/&fid=992
http://www.ioug.org/p/cm/ld/&fid=992

One more thing...
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Oracle Advanced Analytics Strategy & Road Map

* One server side product, with a single analytic library, supporting multiple
data platforms, analytical engines, Uls and deployment strategies

GUI SQL R

— \ /

Algorithms

Common core, parallel, distributed

= "Y = e =
W oF . ) ' b oF
- SpQrK - ‘ ) Advanced Analytics -
BBBBB Build Build
Predictive Predictive ‘ Predictive
111111111111 Model

Relational Cloud
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Oracle Machine Learning
Multi-Platform, Multi-Engine Oracle Machine Learning for the Cloud

222 Mark Project [Mark Workspace] « (o} mhornick

Introduction  ORACLE i

€ Back M

* A collaborative unified notebook user v o

Variable Selection using Attr... > x® 22 =% e

interface and cloud platform for Oracle’s neEe g

Using the data frame 'house', this produce a proxy object for the table named HOUSE with class ore frame.

We then can view some records from the table. In the notebook, since this is an ore.frame, we invoke the overloaded head() function and then pull the h

machine learning capabilities A

Next, we verify the data types of the variables in the proxy object by accessing the attribtue @desc.

Variable Selection using Attr... v s sa =& s

* Enables teams to...

— Leverage the languages, platforms and engines == s
of their choice

— Explore and prepare data

— Build, access, and use machine learning models B

— Deploy machine learning solutions

ORACLE

NDA
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Oracle Machine Learning
Multi-Platform, Multi-Engine Oracle Machine Learning for the Cloud

. .
el
F e a t u re S = ORACLE machine Leaming £ Mark Project [Mark Workspace]

* Zeppelin-based Unifying Notebook Ul
— Multiple backend servers, analytical engines and languages

— Oracle and open source algorithms, platforms, tools,
and data sources (SQL, R, Spark, Python)

— Provides a flexible toolbox for the data scientist
- Supports collaborative development R

— Shared notebooks and templates, with access permissions FREEEHEE
* Supports deployment of predictive analytics solutions

— Enables publishing libraries, templates, examples of common use cases

* Dynamic and expandable platform

ORACLE

wwwwww

Variable Selection using Attr... px®ss =o e
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Oracle’s Advanced Analytics and Machine Learning Platform
Multiple interfaces across platforms — SQL, R, GUI, Dashboards, Apps

Information Producers

Users R programmers Data & Business Analysts Data Scientists (R, SQL, Python, etc.)
' R Client SQLDEV/ Oracle
. Oracle Data Miner Machine Learning Open
e ¥ & .4 & = ORACLE" Machine Learing Source
A" i e s i = - > MLLib,
e 8cF-4-% R Rer
fK ,;: = . . . S : | Sparkn
2.5 & -% Lbahaabbabib il | etc.
Hadoop Oracle Database Enterprise Edition
I?RA;“'/I . *a" : Oracle Advanced Analytics - Database Option
- ar _‘Z) € ,d °° "% sQl Data Mining, ML & Analytic Functions + R Integration
E3iL _ e for Scalable, Distributed, Parallel in-DB ML Execution
algorithms

Oracle Cloud

ORACLE
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Oracle Machine Learning

.==+.-| Beta Program

— |+ Seeking knowledgeable, articulate data scientists/data analysts users
= for early product access, beta testing and providing valuable
s s customer feedback

* Oracle Machine Learning will be hosting as “i-Betas” in the Oracle
Cloud for easier customer access and testing

* OML Beta Program 2017

OML Contacts in Product Management

Charlie Berger — charlie.berger@oracle.com
Mark Hornick — mark.hornick@oracle.com
Marcos Arancibia —marcos.arancibia@oracle.com

mmmmm
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