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functionality described for Oracle’s products remain at the sole
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. Agenda

* Big Data Analytics

« Bl, Data Mining and Predictive Analytics
e Oracle Data Mining

« Example use cases

* Applications Powered by PA and ODM
 P&G ODM presentation

cQ&A
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. What Makes it Big Data?
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. Big Data in Action

DECIDE ‘ACQUIRE
f Make
% Bett_e-r
« Decisions
Using
Big Data
ANALYZE ORGANIZE
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Bl & Analytics Spectrum

Queries & Reports OLAP Data Mining

Extraction of Summaries, trends Knowledge discovery of
detailed and and forecasts hidden patterns
roll up data

“Information” “Analysis” “Insight & Prediction”

Who purchased What is the Who is likely to mutual
mutual funds in the average income of fund in the next 6 months
last 3 years? mutual fund and why?

buyers, by region,

by year?

ORACLE
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. Data Mining Provides

Better Information, Valuable Insights and Predictions

‘k Cell Phone Churners vs. Loyal Customers ). g

| |
Segment #3:
IF CUST_MO > 7 AND
INCOME < $175K, THEN
Prediction = Cell Phone
Churner, Confidence =
83%, Support = 6/39

hASIgt &I

1S

W@;L
* Segment #1.:

IF CUST_MO > 14 AND
INCOME < $90K, THEN
Prediction = Cell Phone
Churner Confidence =

100% Support = 8/39

Source: Insg) Ted from Data Mlnln% Techniques: For Marketing, Sales, and Customer Relationship Management by Michael J. A. Berry, Gordon S. Linoff

Copyright © 2011, Orac
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. Data Mining Provides

Better Information, Valuable Insights and Predictions

<4 cell Phone Fraud VS. Loyalf;mers ). g
RERE 2% x L

x?‘%f FEv.
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Source: Ins;flred from 2 1 |n||rggn'5%<r:psna|l%§§s:. For Marketing, Sales, and Customer Relationship Management by Michael J. A. Berry, Gordon S. Linoff

All rights reserved.
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. My Personal Experience

Purchases were made in pairs of $75.00 purchases
May 22 1:14PM  FOOD onaco Café  $127.00 5
May 22 7:32PM  WINE  \(Wine Bistr $28.00 France”

Gas Station?

June 14 2:05 PM MISC obil Mal $75.00 _
June 14 2:06 PM MISC Mobil Ma Pairs

~$75.00
June 15 11:48 AM  MISC Mobil Mart $75.00 of $75?
June 15 11:49AM MISC Mobil Mart $75.00
May 22  7:32 WINE Wine Bistro $28.00
May 22  7:32 WINE Wine Bistr $28.00

June 16 11:48 AM  MISC Mobil Maft $75.00
June 16 11:49AM MISC Mobil

All same $75 amount?

ORACLE
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. Finding Needles in Haystacks

* Haystacks are

 Needles are
typically small
and rare

ORACLE
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Look for What is “Different”

ORACLE
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. Oracle Data Mining

Anomaly Detection

* “One-Class” SVM Models

Problem: Detect rare cases

i .
* Fraud, noncompliance o * “.-‘
e Outlier detection ® -|-: -
* Network intrusion detection - o*
* Disease outbreaks *
A
* Rare events, true novelty ® -
* AN
e N
- :%
® O
X2 0 >

ORACLE
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Oracle Data Mining Algorithms

Problem Algorithm Applicability
Classification Logistic Regression (GLM) Classical statistical technique
N aAA _w Asssss | Decision Trees Popular / Rules / transparency
PAAO‘$:—> Naive Bayes _ Embedded app
2 0.1 0000 Support Vector Machine Wide / narrow data / text
Regression ;\‘%;&i Multiple Regression (QLM) Clgssical statistical technique
» O. Support Vector Machine Wide / narrow data / text
Anomaly
. *Lash Lack examples of target field
Detection o=t .| One Class SVM p g

Attribute og b i
i

Importance © ":*

Minimum Description Length (MDL)

Attribute reduction
Identify useful data
Reduce data noise

Association L@ @EE,: . Market basket analysis
Rules = (530 Apriori Link analysis
LoV A
e A7 AL Product grouping
. &, A R R .
Clustering ©sg. >0,  Hierarchical K-Means Text mining
" let — o+ Hierarchical O-Cluster Gene and protein analysis

Feature - :Q: .
Extraction = "4e*

FLF2F3F4

Nonnegative Matrix Factorization

Text analysis
Feature reduction
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Typical Data Mining Use Cases

* Retail » Healthcare « Manufacturing
- Customer segmentation - Patient procedure - Root cause analysis of
- Response modeling recommendation defects
- Recommend next likely - Patient outcome prediction . Warranty analysis
product - Fraud detection Reliabilit Vs
- Profile high value customers - Doctor & nurse note analysis - Rellabiiity analysis
Ki Life Sciences Yield analysis
* Banking . . :
- Credit scoring - Drug discovery & interaction Alljzt;aTuc;tel\kl)in dling f
- Probability of default - Common factors in ' g for
- Customer profitability (un)healthy patients customer segments
- Customer targeting . Cancer cell classification - Supplier quality analysis
. Drug safety surveillance - Problem diagnosis
* Insurance :
. Risk factor identification « Telecommunications * Chemical _
- Claims fraud - Customer churn - New compound discovery
. Policy bundling - 1dentify cross-sell - Molecule clustering
- Employee retention opportunities - Product yield analysis
« Higher Education - Network intrusion detection - Utilities |
- Alumni donations « Public Sector - Predict power line /
- Student acquisition - Taxation fraud & anomalies equipment failure
- Student retention - Crime analysis - Product bundling
- At-risk student identification - Pattern recognition in . Consumer fraud detection
military surveillance

ORACLE
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. Competitive Advantage

T ORACLE
Optimization What’s the best th t car t appen?
Data Mining
Predictive Modeling What will nappen next? ; 75
D 3
= : _ >'Analytlc$
3 Forecasting/Extrapolation What if these trends continue?
s
S
= Statistical Analysis Why is this happening?
T
g Alerts What actions are needed?
-~
-
D i .
S Query/drill down Where exactly is the problem? Access &
g >Report|ng
O Ad hoc reports How many, how often, where?
Standard Reports What happened?

Degree of Intelligence
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ustomers

i

Travels across state
lines frequently

e 1:1 Relationships

 Understand and
predict individual
customer behavior

 Offer products and
services that
anticipate customer
needs

 Build loyalty and
increase profitability

Offer her:
1. Wide area digital phone plan
2. Emergency use plan for
daughters

ORACLE
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. Oracle—Hardware and Software Engineered
to Work Together

wigh Availabiliryand

ey

L7 » Oracle is the world's most complete,
RAC open, and integrated business software

In-Memory Database Cache
Active Data Guard

Seenadip and hardware systems company
O NN iicia - Data Warehousing, VLDB and ILM

Tuning
_ €—. Oracle Data Mining Option W
a 12- in-DB data mining algorithms

In-DB model build

In-DB model apply

In-DB text mining

50+ in-DB statistical functions

* Oracle R Enterprise
* R for the Enterprise

Hardware and Software Oracle has taught the Database how to do

Engineered to Work Together Advanced Math/Statistics/Data Mining, and more...
ORACLE

Advanced Security Optior
Label Security
Database Vault

AuditVault
Data Masking
Total Recall

18 | Copyright © 2011, Oracle and/or its affiliates.
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. What is Data Mining? OR’ACE‘”

* Automatically sifts through data to find hidden patterns,
discover new insights, and make predictions

® Data Mining can provide valuable results:
* Predict customer behavior (Classification)
* Predict or estimate a value (Regression)
* Segment a population (Clustering)

* |dentify factors more associated with a business
problem (Attribute Importance)

* Find profiles of targeted people or items (Decision Trees)

* Determine important relationships and “market baskets” within the population
(Associations)

* Find fraudulent or “rare events” (Anomaly Detection)

19 | Copyright © 2011, Oracle and/or its affiliates.
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* Graphical User Interface
for data analyst

¢ SQL Developer Extension
(OTN download)

* Explore data—discover
new insights

 Build and evaluate data
mining models

* Apply predictive models
« Share analytical workflows

* Deploy SQL Apply
code/scripts

20 | Copyright © 2011, Oracle and/or its affiliates.
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B OorRACLE

« 12 years “stem celling analytics” into Oracle
* Designed advanced analytics into database kernel to leverage relational database strengths
* Naive Bayes and Association Rules—1st algorithms added
» Leverages counting, conditional probabilities, and much more

* Now, analytical database platform

» 12 cutting edge machine learning algorithms and 50+ statistical functions

» A data mining model is a schema object in the database, built via a PL/SQL API and scored via built-in SQL
functions.

* When building models, leverage existing scalable technology

* (e.g., parallel execution, bitmap indexes, aggregation techniques) and add new core database technology (e.g.,
recursion within the parallel infrastructure, IEEE float, etc.)

* True power of embedding within the database is evident when scoring models using built-in SQL functions (incl.
Exadata)

select cust_id

from customers

where region = ‘US

and prediction_probability(churnmod, ‘Y’ using *) > 0.8;

ORACLE
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In-Database Data Mining

Traditional Analytics

Datalmport

Data Mining
Model “ Scoring”

Data Preparation
and
Transformation

Data Mining
Model Building

Data Prep &
Transformation

Data Extraction

Hours, Days or Weeks

Source Dataset Analyic Process Target
Data s/ Wok al Output

Area Process
ing

Oracle DataMining

Data Preparation

/Results
* Faster time for
“Data” to “Insights”

» Data Movement
» Data Duplication
! Maintains Security

(N

pavings

e Lower TCO—Eliminates

\

)

Model“Scoring”
sDataremains inthe Database

:".;Embedded data preparation

i .Cutting edge machine learning

Q

Q

*

Model Building Database

QRACLE ‘Dataremains in the Database
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Y =« algorithmsinside the SQL kernel of

"+ SQL—Most powerful language for data
Secs.Mins or Hours . Preparationand transformation
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You Can Think of It Like This...

Traditional SQL

e “Human-driven” queries
* Domain expertise

* Any “rules” must be defined and
managed

* SQL Queries
- SELECT -
« DISTINCT \
- AGGREGATE ;
- WHERE N
- AND OR
- GROUP BY
- ORDER BY
. RANK

23 | Copyright © 2011, Oracle and/or its affiliates.
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Oracle Data Mining
« Automated knowledge discovery,
model building and deployment

* Domain expertise to assemble the
“right” data to mine

« ODM “Verbs”
« PREDICT
« DETECT
e CLUSTER
e CLASSIFY
« REGRESS
« PROFILE
« IDENTIFY FACTORS
« ASSOCIATE

ORACLE




. Oracle Data Miner Nodes (partial List)
2 = (%

CUST_IMSUR_LTY QUTPUT_1_25 Update Table

Tables and Views

CUSTOMERS Sample Transform %

Transformations
1

% % [
SALES Agdaregate
&

Explore Data Lot i

Explore Data

@@@%@Awgfﬁ@?g@

MOdeIIng Regress Build  Class Build Clust Build  As Model Details  Feature Build  Apply Text 1 Apply Test

Text CUSTOMER COMMENTS Build Text Apply Text

ORACLE
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. Oracle Data Mining and Unstructured Data
i Lt
« Oracle Data Mining fsﬂ@m i

mines unstructured = 2 = = o
g B = e (%

l.e. “text” data
Customer data with comments Build Text Apply Text Classification Models Happy customers

e Include free text and ]— -
comments in ODM &
mOdeIS Tokens | Output

e Cluster and Classify
documents

* Oracle Text
d t MMMMMMMM (& IE4r) | coMmENTS _ToK (@@~ )
useda 10 preprocess Shosping ot your stors s @ hassle.  rrely shop there and Neme | Frequeny -

sl 1 ng your nev lovalty card al EMCE NSy Er ME! 1

get the items at the sale price. Can a store manager look up my

oo T T T T m e e e e 1 PRICE 1
uuuuuuuuuuuuuuu
RRRRRR

PPPPPPPP
SSSSS

UUUUUUU

ORACLE

25 | Copyright © 2011, Oracle and/or its affiliates.
All rights reserved.




Y o e ece
in ~ leee

& ﬁw eee

¢ ﬂ)J ﬂ“v eee
eee

eee

cccececcececeerere cee
Y < G
0000000000000(4000
000000000 T
825000068 0es
9002200050 oen
BoSIBee 006
025009060 oe0
2008502090 o080
0000000000 ATE
3905000060 eve
500200000 s¢e
5070000000 CPT
2600002200000 ¢
B8PEeNT06000 sne

. 100000000000 e
LWl )90000000000 e
SSE 100000000000 nae
mnm )900600000000 e e
LEZ  )90000000000 108
IO  )90000000000 2@
100000000000 )¢
1090860300 200
190000000000 200
$850000000° T
190200655000 6o
160060000000 ere
100000000000 ver
100000600000 orc

Churn Demos




Churn Demo—Simple Conceptual Workflow

Oracle SQL Developer

File Edit ¥iew NMavigate Run

[ Connections = | [@yData Miner =

4+ @

=iz Rand R US

o SH Customers

ey Telco CHURMERS

=3 Telco churners 2

=3 Text Mining Brain Tumors
=l warranty analytics

=iy wWest Call Center

oy workFlow LTW

E Charlie Telco Co
=g Churners

E CUSTOMERS R US

e CUSTOMERS R US_2

E: Customers R US Corporatlpn

<

5 Thumbnail =

CBERGER 11gR2

Gedag 96 $ED O0-©

PTOPJ/Charlie Telco Cof/Churne

Diagram ¥ersioning Tools Help

. Oracle Data Miner 11g Release 2 GUI

[Z] ={5Targeting best customers * | $¥class Build = |={0Customer data incl comments % | £¥ Classification Models = m 3§ Component Palette X

& Qliowe +| (= B
~
L&
Explore Data
% “
5 . CHURNERSO1 E
 —
=
Filter Columns

@

&

Curment Customears

%

4 Classification models

%

Churners = | 7o (D=

-

Likely Churners
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warkFlow Praject1 L Test Name Output  Buid Test Tune Algorithm Comment |+
Targeting cus... ABC Company L Borats CLAS_GLM_1_47 B 4/26/11 11:30, 4/76/11 11:31... Automatic  Generalized Linear Model
Targeting be... ABC Company L CLAS_SWIM_1_47 £ 4f26/11 11:30, 4/26/11 11:31... Automatic  Support Yector Machine

CLAS_DT_1_47 -m 4/z6/11 11:31. 4/26{11 11:31... Automatic  Decision Tree

CLAS_MB_1_47 - 4/26/11 11:30... [ 4/25{11 11:31... Automatic  Maive Bayes

lazk
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=

[workFlow Editor -]
-
= Models
&l Anomaly Detection ~
T Association
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@ Clusrering
bR Featire Frbraction ud
= Evaluate and Apply
T Apply ~
 Test ~
7 Data
Create Table or Wiew
& Data Source
Ity Explore Data
@ Update Table
= Transforms
~

(% Agaregate

Ef Filter Columns
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By Filter Rows

B Join

B4 samole
~ Text
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Oracle Data Miner 11g Release 2 GUI

Churn Demo—Simple Conceptual Workflow

=+ Thumbnail

Churn models to product
and “profile” likely
churners

28 | Copyright © 2011, Oracle and/or its affiliates.
All rights reserved.

Tree Settings
a Ql 100%: = E g:a 1‘_|_ @ Maxirnurmn Target walues: |2 V| EE}
Frediction: 0 Frediction: 0 Frediction: 0
Support: G58 (53.37%) Support: 67 (5.439%) Support: 77 (6.249%)
Confidence: 98.18% Confidence: 53.73% Confidence: 100%
W0 G46 {(98.18%) W 0: 36 (593.73%) W 077 (100.00%)
E112 ¢ a2%) 131 (46.279%) M 10 (0.00%)
Split TOT_MIMN 3MCH Split: INCOME
Node: 10 Node: 4 Node: 14 Node: 137 T
Prediction: 0 Prediction: 0 Prediction: 0 Prediction: 1
Support: 48 (3.89%) Support: 19 {1.54%)

Support: 585 (47.45%)
Confidence: 100%

W 0585 ¢100.00%)
E1:0 (0.00%) [ R

| I

Support: 73 (5.92%)
Confidence: 83.56%

WO 61 (53.56%)
$12 (16.44%) m 1

Confidence: 75%

WO 36 (75.00%)
12 (25.00%)

Split INCOME

|.Confidence: 100% |

B0 0 (0.00%)
119 {100.00%)

0 I

i

l

Node: 12
Frediction: 0
Support 51 (4.95%)
Confidence: 100%
W 061 (100.00%)
10 (0.00%)

.

Node: 11] (

Frediction: 1
Support 12 (0.97 %)
Confidence: 100%
W00 (0.00%)
E1:12 ¢100.00%:)

[

l|/ Rule rSurrogates rTarget Walues
IF IU]IN_CH3I"] ~— .5
AHD TOT MIN 3MCH == 70O
AND MIN FREV MO > 688.5
AHND INCOME <= 139500
THEH 1




Oracle Data Miner 11g Release 2 GUI

Churn Demoa—Simole Co@ncentual Workflow

Lo, &

Explore Data CURREMT CUSTOMERS

e L Ey— B — < — %8 Market Basket Analysis to
Sample Filter Colurmns 4 Classification Models Apply Identlfy potentlal product
i = bundless

@ 2
Clustering customer segments %

Market Basket analysis bundles Rule Details:

Customer products purchased
ID: 17313
Rules | Itemsets | Settings F
Sort by |uiFe ~| [Descending = FROD_ID. 137 AND
FPROD_TID. 143 AND
Fetch Size: 1,000 |g PROD 1D, 135
THEH
Fule Content:  |Mame, Subname h| PROD_ID. 144
Rules: 1,000 out of 20,988 (&t~
Antecedent Consequent Lift Confidenced®) | Support( % Lift 29,1235
PR I0.17 . 1,143 AMND PR 1 1 i
= Confidence(%) 70.8661
PROD_ID. 158 AMD PROD_ID. 1435 ARND PROD_IDL 159 PROD_ID. 144 Z8.7389 B9.9504 1.0528
PROD_ID, 137 AMD PROD_ID, 143 AMD PROD_ID, 142 PROD_ID. 144 28,3021 58,8675 1.1003 Supporti%) 1.06559
PROD_ID. 139 AND PROD_ID. 143 AND FROD_ID. 142 FROD_ID. 144 27.8527 677739 1.0975 Antecedent Support(s) =, as33
PROD_ID. 137 AMD PROD_ID. 144 AND PROD_ID.138  PROD_ID.143 27.8265 77.5469 1.0683
PROD_ID. 138 AMD PROD_TD. 146 AMD PROD_ID. 144 PROD_TD. 143 27.5925 F6.5947 1.0207 Consequent Support() 1.5053
PROD_ID. 158 AMD PROD_ID. 144 ARND PROD_I0L 140 PROD_ID. 1435 Z7.5082 FhH.A599 1.0486 Ttem Count 3
PROD ID.138 AMD PROD ID.148 AND PROD ID.144  PROD ID,143 27,4991 76,6345 1.0563 |
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Oracle Data Miner 11g Release 2 GUI
Churn Demoa—Simole Conceptual Workflow

Lo, &

Explore Data CURREMT CUSTOMERS

=

PAST CHURMERS &= & = &=
& B — @ —%

Sample Filter Columns 4 Classification Models Apply
= Tree | Detail Compare Settings
©
- @ Clusker 1 |- Promo plan '| | Edit Cluster 2: |- Local_domestic '| | Edit |
Leaves Only Fetch Size: [
Clustering customer segments
Attributes: 20 out of 25 (-
Attribute Rank Divergence Distribution Centroid(12) Centroid{15)
\< oo i oo = - — e Vo
COMVERGEMT_BILLING 12 0.4445 | == = Yes
CHURMER 13 0.3463 |5 1o 070588235

CIUSterlng anaIySIS tO MIM_CH1M 14 0.1147 _ 1l F04, dddddg -95,52941176
dlscover CUStOmer MIN_CH3M 15 0.0455 —m = -510,55855559 970,52352941

MIMN_CLURR_MO 16 0.0426 . 439, 44444444 1,913.88235294

Segments based On TOT_MIN_CHNG 16 0.0426 [1]] = S116. 44444444 §75.29411765

-

behavior, demograbhics, PHONE _PLAN

plans, equipment, etc. s - -_.

Domestic International Local Promo_p

Il Cluster Promo plan M Cluster Local_domestic

ORACLE
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. Fraud Prediction Demo

drop table CLAIMS_SET; POLICYNUMBER  PERCENT_FRAUD  RNK
exec dbms_data_mining.drop_model('CLAIMSMODEL); 6532 6478 1
create table CLAIMS_SET (setting_name varchar2(30), setting_value varchar2(4000)); 2749 64.17 2
insert into CLAIMS_SET values 3440 63.22 3

(ALGO_NAME''ALGO_SUPPORT_VECTOR_MACHINES'); 654 63.1 4
insert into CLAIMS_SET values (PREP_AUTO','ON"); 12650 6236 5
commit;

Automated Monthly “Application”! Just add:
begin Create
dbms_data_mining.create_model('CLAIMSMODEL', 'CLASSIFICATION', View CLAIMS2_30

'CLAIMS2', 'POLICYNUMBER', null, 'CLAIMS_SET"); As
end; Select * from CLAIMS?2
/ Where mydate > SYSDATE — 30

-- Top 5 most suspicious fraud policy holder claims
select * from
(select POLICYNUMBER, round(prob_fraud*100,2) percent_fraud,

rank() over (order by prob_fraud desc) rnk from ORACLE
(select POLICYNUMBER, prediction_probability(CLAIMSMODEL, '0' using *) prob_fraud
from CLAIMS2
where PASTNUMBEROFCLAIMS in (‘2 to 4', 'more than 4')))
where rnk <=5
order by percent_fraud desc;

ORACLE
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. Exadata + Data Mining 11g Release 2

“DM Scoring” Pushed to Storage!

* In 11g Release 2, SQL predicates and Oracle Data Mining models are pushed to

storage level for execution
For example, find the US customers likely to churn:

select cust_id

from customers Scorin
where region = “US’

and prediction_probability(churnmod, “Y” using *) > 0.8;

g function executed in Exadata

ORACLE
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. Real-time Prediction for a Customer

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

Select prediction_probability(CLAS DT 5 2, "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;
Call Center Social Media
= ® o«
Bge- e - B2
3 —

v SE S mplain .
T —Get Advice Mohile

)

“.gsal“’h

D- Query Result
i E Elﬂ @ SOl All Rows Fetched: 1 in 0 seconds

PREDICTION_F'ROB...l
1 0.6382936507936. ..

ORACLE
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Ability to Import/Export 3'9 Party DM Models

« ODM 11g Release 2 adds ability to import 3" party models (PMML), convert
to native ODM models and score them in-DB

e Supported models for ODM model export: %
» Decision Trees (PMML) Oracie original SAS_DATA
* Supported algorithms for ODM model import:
* Multiple regression models (PMML) @'ﬂ ®%
* Logistic regression models (PMML) SAS Logistic Regression Likely to Respond Gustomers.
* Benefits

* SAS, SPSS, R, etc. data mining models can scored on Exadata

* Imported dm models become native ODM models and inherit all ODM benefits including scoring at
Exadata storage layer, 1st class objects, security, etc.

ORACLE
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119 Statistics & SQL Analytics (Free) y

* Ranking functions Descriptive Statistics
—rank, dense_rank, cume_dist, percent_rank, ntile — DBMS_STAT_FUNCS: summarizes numerical columns of
a table and returns count, min, max, range, mean, median,
« Window Aggregate functions (moving and stats_mode, variance, standard deviation, quantile values,

cumulative) +/- n sigma values, top/bottom 5 values

— Avg, sum, min, max, count, variance, stddev,
first_value, last_value

Correlations
— Pearson’s correlation coefficients, Spearman's and

o LAG/LEAD functions Kendall's (both nonparametric).
— Direct inter-row reference using offsets e Cross Tabs
« Reportina Agareaate functions — Enhanced with % statistics: ch_i §quared, phi coefficient,
P 9 g,g 9 _ Cramer's V, contingency coefficient, Cohen's kappa
— Sum, avg, min, max, variance, stddev, count, _ )
ratio_to_report * Hypothesis Testing
o istical Aaar — Student t-test, F-test, Binomial test, Wilcoxon Signed
Statist Ca_ 99 egates _ _ , Ranks test, Chi-square, Mann Whitney test, Kolmogorov-
— Correlation, linear regression family, covariance Smirnov test, One-way ANOVA
* Linear regression « Distribution Fitting
— Fitting of an ordinary-least-squares regression line to — Kolmogorov-Smirnov Test, Anderson-Darling Test, Chi-
a set of number pairs. Squared Test, Normal, Uniform, Weibull, Exponential

— Frequently combined with the COVAR_POP,
COVAR SAMP, and CORR functions
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. Oracle Communications Industry Data Model Example
Better Information for OBIEE Dashboards

ODM'’s predictions & probabilities are

. . . .
ORACLE Business Intelligence ava Ila ble in the Data base fOF reportl ng Advanced | Help ~ | Signout OO
Churn Report By customer Segment uslng Oracle BI E E a nd Other tOOIS il Bs Open ~ Signed In As ocdm ~
Customer Segments © Customer Segmentation Details
Customer Segment Mame is equal to Age Young andN -~
Customer Customer Cell Phone Contract Month Debt LTV LTV LTW ARPU Churn Senti t Churn gustc\m?r
Segment Mame Mo Value Revenus Values Band Walue Months Band Indicator Sntmen Probability Kzgmen
Age Young and |Bewerly 9935007045 £9,000.00 §7,300.00 S70.00 |LTv_1 $41,000.00 44 |ARPUTS00+ F + 59 104
PAY TW user Wan m
Bradley 9935007589 £9,000.00 $5,100.00 S222.00 $49,000.00 32 F + 45 104
Johnson ﬁ ‘
Ethan 9935005289 $9,000.00 S8,400.00 S70.00 $34,000.00 43 ° Probability of v - 71l w4l
Miglley Churning is m
wery high
Tobias 9935003239 £0.00 §7,300.00 $130.00 $59,000.00 9 F + 43 104
Hamrick “
Gale Lazar 9935003794 $9,000.00 S7,000.00 S70.00 $82,000.00 37 |ARPUTS500 FY + 15 104
Mallary 9935003345 £0.00 $5,400.00 $130.00 $53,000.00 30 F + 57 104
Lawson m
Abbie 9935010557 £0.00 §2,7569.23 S222.00 £90,000.00 14 |ARPUS000 ° Probability of v 3 104
Anderson Churning is “
wery high
£0.00 §2,7569.23 S222.00 £99,000.00 18 o Probability of v - 85 104
Churning is “
wery high s
< |

36 | Copyright © 2011, Oracle and/or its affiliates.
All rights reserved.



Exadata with Analytics
Better Together

e In-database

and Business Intelligence

Spmmemme T
data mining [

builds T
predictive rop e

madion [edick: o cofamee ar axpand
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r AT BT LT

| | LTV Predction | LTV Dietalls | Classfication
models that
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SRE o
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Ll

5
, S Lonagitude, BG4 Latitude \
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behavior | @ . 1 e ) \ oo
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mappin ———
ShOF\)I\F/)S 9 Customer “most likely” be be s R
h HIGH and VERY HIGH value 55“;:: 5E
where customer in the future o ———

IVERY HIGH

137,479

0,2

76,751

LOW [MEDILIM
62,220 124,009
| 56,405 |
1,820,802 | 3,142,887
2n, 02|
32,330
174,716 | 9,308 |
46,840 | 39,104 |
63,654 | 62,935 |
52,542 | 34,507
o7, | At |
20,974 | 39,406
47,827 |
31,404
| 04,345 |
23,471 | 37,601 |
42,672 auz,e91 ]
8,747 | 47 HaT |
20,063 |
36,520

509,122 |
ez oy |

=440 |

55,191 |
51,801 |

108, 516

74,775
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1- Ravarin (e Graph)
BHIGH, |- Revenue
WL, 1- Rervminan
EMEDILUM, 1 - Reverue

W VERY HIGH, |- Revenue

M1 Cussk Probuats High LTV (Color F
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fre Ry
100,629
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187,441
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191,899
130,001
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146,132
Zimaz
51,662
31,404
AT
207,199
150,968
Pae, A2
162,932
Fauzas
20,063
36.520

\
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Exadata with Analytics and Business Intelligence
Better Together

ORACLE @® Advanced | Administration | Help v

Business Intelligence sign out )

* Deliver S —
8.4 Oracle Datamining
d d | LTV Prediction ™{ LTV Details *{ Classification Tree ™{ LTV Probabilities ™| What If Scoring | Geo LTV Prediction ™ Regression O I D t M . ’ P d t
a‘ Va'n Ce « Results Map W Return to Main Index page g
i “Actuals” highlight areas f
in-database S versus “Actuals” highlight areas for
P Description :This report shows a matrix with individuals performance to the ODM regression model expectation.
; Regression Variance Heatmap improvement and insights
analytcs vear e i 571 o
[]zo08
th h 2002 Performance To Regression model Eyfiectation :
rO U g 2010 l Below 50% Below 70% Below 80% Below 30% Bepgfen 90% and 11 Over 110% l Over 130%
E E Company D4 Company
O B I []Genmind Corp Genmind Carp Actual as % of Exptd / ampsny =nming Lere
[ stockplus Inc. Communication Digital Electronics Games Services A \
/ MO2
e [Tescare Ltd. Copper Office 105.1% 93.1% 101.3% 95.0% | 68.3% # | 97.5% o1 coffce p3LOB Expected EEJQJQJE" *;:t;‘?é:;td
[ ] A | |ty to cegment Figueroa Office 100.2% 98.0% 96.1% 100.3% | 68 & | 97.3% ev
9 Guadalupe Office 95.8% 92.4% 108.6% 101.0% 5% 92.0% fnper Office Communication 72,894 76,613\ 105.1%
. [ actve Singles Morange Office 109. 1% 107.83% 105.3% 104.0% 104.5% | 102.2% Digital 185,065 172,222 93.1%
d rl I I _th ro u g h [JBaby Boomers River Office 100.5% 21.7% 24.1% 52.0% 88.2% | 93.0%4 Electronics 460,200 466,271 101.3%
[Cothers Grand Total 102.0% 96.8% 101.2% 99,3 81.3% |97.6! Games 96,706 52,59
. Services 18,200 12,43 e8.3% @
fo r d etal I ER“’E' based Stockplus Inc.  Actual as % of Exptd v 2.251,850 EIEER L
Seniors -
Commurication Digital Electronics ames Services /o CopperOfice 3,274,915 3,203,905 97.8%
[]students y Total
[ urban based BucBdlOfics 104.5% 105.5% 100.4% | 118.1% g [112.1% 5 | [Figueroa Office  |[Communication 96,373 96,570 100.2%
° I I h Eden Office 102.7% 99.3% 87.7% | 110.89f@ | 105.3% Digital 319,406 313,127 53.0%
a r n e S S t e Apply Reset Foster Office 104.0% 111.2% & 97.6% 112.0% & = 103.3% Electronics 598,907 671,321 96.1%
Glenn Office 110.3% & | 98.6% 33.8% — 9.2% 109.4% Games 145,612 146,103 100.3%
Madison Office 2LE% 82.3% 54.7% 64.9% © | 118.8% & [112.6% & 5,779 4636| 88.4% @
power O Montgomery 3,173,030 3,091,331 97.3%
e 97.9% 97.6% 92.8% L 0.5% 104.2% | |Figuerca Office 4,445,107 4,323,638 oo
Total -
Sherman . .10 s 500
Exad ata fo r Office 59.3% 7.4% 108.1% S0.3% 4.8% 108.0% | |Guadalupe Office |Communication 30,047 35,347 25.8%
Tellaro Office 104, 1% 92.1% 36.9% 99.1% 32.9% | 60.0% @ Digital 250,845 231,809 S4.4%
“ Grand Total 100.2% 99.0% 104.5% 95.0% | 101.1% | 102.6% Electronics 540,790 587,557 108.6%
Better B I & Games 111,093 112,225]  101.0%
Tescare Ltd.  Actual as % of Exotd Services 10.808 3.060 74.6% v
>

analytics”
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Exadata with Analytics and Business Intelligence
Better Together

|} Dracie BI Interactive Dashboards. | =

i L= . Drill-through for details about top
- Exadata oot — BE—— factors that define HIGH and VERY
power ~ HIGH value customers
) et

O B I E E LTV Probability by Ages LTV Probabilliy by Credit Rate
19
f o 58 TR0 F
- - "=
ease-or-use _
- . as
iconar_ v+ [l 0 0 an 27
MOMTHE_CONTACT & I 0o a7
T X S
Fuplanaton 45
as
43
Select Table Detaits [ Dy Credt Ree - Lo 5
a0, 3%
| o * rEAE
Frobab Yery High ?
| #ofCusta  |i-Revente.  [FrobelowlTV( 7y — Prabals Yery High LTV —M13 Tust Prokels Lowe LTV ol Yery Hgh LTV —M13 Cusd Probel Lew LTV
6 Credt
Lo ] ] 1 | |
0 20, 1,072,068 | = L1 LTV Probability by lncome L evel LTV Probabilities by Maonths as Cust
515 26 1,848,624 a7.5% |
630 Az 1,514,074 | a3 | 1. Belerw 30K yzIsan
6% | Bh| 3,063,481 20,067 | EAYS o750 b 3739,
= E] 1,352,920 19,3, | @ 0k andl Above S > ok - o i
fes =0 1014 | 10 i
600 | @ 1,196,646 | 0. | 175
695 (=] 7 10,67 |
700 12 13.3% | & 210k - 2508 2 30k - E0k L4}
ria | L | ]
730 i 15.5% | i
2] 3 AT bt
750 4l 204,127 | a8 | =i RS O o
S ] 6,083 | G | 7 180K - 2108 4 90k - 1208 &5,
780 z 115,930 259, | L o5
i il LE] G, T3] A0.80% | LRETRET & 1700 . 180K " B0LuSE o
000 2 21,959 24T | — Prokisk Very High LTV ; 2 Low LTV —Protsaly Very HghLTY — M3 Cust Probal Low LTV
aIs 1 51,283 0.0% |
a5 & 308, A0 1A | 1.6
Grand 77 amaiv,ona 10 1 rae. Anoivze -Edk - Befresh -Brint - Eapart - Sugy
Total 1 1
iy CHRACL
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. Fusion HCM Predictive Analytics

Factory Installed PA/ODM Methodologies

= Predicted Worker Performance and Attrition

i - Diirects' ization 2 : Analysi
Wiew |y Dir AR T =) ELL 2 s b Prediction Details: Team: Pat Miller
Average Team Prediction for My Direck Reports” Organization Wavsaer ceetill

Average Predicted Performance  78% (High)

V] Showe names Average Predicted Attrition 77% (High)

Total Mumber of Workers in Group 15 Detzils
. Precicie Atiion
=
Show Anatytics
Ann*a%! K{g_a_r_r_l__ﬂq[l_ae | PrEdchEl:_!Atl_:rJtl_on | TqJ Mcst CDI'ItrItI.Itlng Fal:tDr \ '
! f Carmelo Frink | Most Recent Salary Change I
5 Stella Hahn = James Janes Spent in Current Posit |
E Voo _
E _| Joe Jones
Team: George White (10) | | Justin Rico ALl 2 2
§ | : Paula Gupton i Most Recent Salary Change
Edward Espinoza | Time Spent in Current Position
| [usaTranan '|_H'6Fw_é i:};;mtw
Low Medium High | | Laura wang /
Predicted Performance ' | Scott Henderson
i The size of the person marker is basad on the sizff of the team i M|chae|B:::1 dez |
|
|
Oracle Data Mining’s factory-installed predictive analytics —
show employees likely to leave, top reasons, expected
performance and real-time "What if?" analysis
J
ORACLE
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. Learn More

ORALCL & Learnin g Library

ﬁ Advanced Search Bookmarks My Reviews About

Home Content Details

Logout

Oracle Data Mining 11g Release 2 OBE Series Provide Feedback

The OBEs in this series provide you with instructions on how to use Oracle Data Mining 11g Release 2 Bookmark this OBE
Application Development |  Data Mining | SOQLDEWV

Setting Up Oracle Data Miner 119 Release 2 OBE Details

This tutarial covers the process of setting up Cracle Data Miner 11g Release 2 for use within Oracle SQL Developer 2.0,
Release Date 11-MAR-201115 mins e shevhe e e

Duration

rage Rating

Using Oracle Data Miner 11g Release 2 OBE Details

e, This tutorial covers the use of Oracle Data Miner to perform data mining against Cracle Database 11g Release 2. In this lesson, you examine and
I ey
saolve a data mining business prablem by using the Oracle Data Miner graphical user interface (GU1). The Cracle Data Miner GUI is included as an
extension of Cracle SCQL Developer, version 2.0,
Release Date 11-MAR-201130 mins e vhe v e e
Duration

Awverage Rating

Star Schema Mining Using Oracle Data Miner
This tutorial covers the use of Oracle Data Miner to perform star schema mining against Oracle Database 11g Release 2.

Release Date 11-MAR-2011320 mins e e vhe e

Duration

Awverage Rating

Text Mining Using Oracle Data Miner

MOFE:::YM This tutorial covers the use of Oracle Data Miner to perform text mining against Cracle Database 119 Release 2.
Eﬂaﬂ Release Date 11-MAR-201130 mins e vhe v e e
Duration

Awverage Rating
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. Oracle Data Mining PL/SQL Sample Programs

* The PL/SQL Sample Programs provide examples of mini-solutions and use cases for Oracle Data

Mining

— Excellent starting point when developing an ODM Application

Mining Function
Anomaly Detection
Association Rules
Attribute Importance
Classification
Classification
Classification
Classification
Classification
Clustering
Clustering

Feature Extraction
Regression
Regression

Text Mining

Text Mining

Text Mining

Algorithm

One-Class Support Vector Machine
Apriori

Minimum Descriptor Length

Decision Tree

Decision Tree (cross validation)
Logistic Regression

Naive Bayes

Support Vector Machine

k-Means

O-Cluster

Non-Negative Matrix Factorization
Linear Regression

Support Vector Machine

Text transformation using Oracle Text
Non-Negative Matrix Factorization
Support Vector Machine (Classification)

Sample Program

dmsvodem.sgl
dmardemo.sgl
dmaidemo.sqgl
dmdtdemo.sqgl

dmdtxvilddemo.sql

dmglcdem.sqgl
dmnbdemo . sgl
dmsvcdem.sgl
dmkmdemo.sgl
dmocdemo.sqgl
dmnmdemo.sqgl
dmglrdem.sqgl
dmsvrdem.sgl
dmtxtfe.sql
dmtxtnmf.sqgl
dmtxtsvm.sqgl

ORACLE
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. What is ©rACLE R Enterprise?

Open Source

 Oracle R Enterprise brings R’s statistical
functionality closer to the Oracle Database

1. Eliminate R’'s memory constraint by enabling R

to work directly & transparently on database objects
— Allows R to run on very large data sets

2. Architected for Enterprise production infrastructure
— Automatically exploits database parallelism without require parallel R
programming
— Build and immediately deploy
3. Oracle R leverages the latest R algorithms and packages
— Ris an embedded component of the DBMS server

ORACLE
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Architecture and Performance

Performance Comparison

* Transparently function-ships R
constructs to database via R - SQL

Oracle R Enterprise vs. R Open Source

Use Case: Using

translation Sala o e 30
25 busiest airports,
—Data structures run a box-plot
; analysis of the
—Functions 20 - bestiworst airports
. . . . .. forarrival delay?
» Data manipulation functions (select, project, join) 8
 Basic statistical functions (avg, sum, summary) S 15
» Advanced statistical functions(gamma, beta) 9
. . n Not possible with R
» Performs data-heavy computations in 10 - open source—runs

out of memory

database .
—R for summary analysis and graphics 2
. ] handles big data
» Transparent implementation enables 0 -
. . “ ” 120 K 120 M
using wide range of R. packages” from Rowe  Rows
Open source Communr[y E R opensource ®Oracle R Enterprise

ORACLE
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. Big Data Appliance + R

For Compute Intensive Operations Using R
R workspace console ORACI_E

[Density for Arrival Delay at SFO e — |

oL II“I | ﬁ \

[} Oracle statistics engine

§ S [ —> &= 5\
& . 1A X
L 1A\ — C\ “: |l g Lol
,-M:ﬁzs\ 'ﬁ’ A ﬂl i
— E—
P OBIEE, Web
ferival Delay [miruces Services
Function push-down
— data transformation &
statistics
logreg <- function(input, iterations, dims, alpha){ hﬂasyvew
plane = rep(0, dims) paraHeI

g = function(z) 1/(1 + exp(-z)) = g
for (i in l:iterations) { «g computations

z = hdfs.get(hadoop.run( input,
export = c(plane, @),
map = logisticRegressionMapper,
reduce = logisticRegressionReducer))
gradient = c(z$val[1]., z$val[2])

plane = plane + alpha * gradient @ (\
) R

plane
}
X = hdfs.push(WEBSESSIONS)
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Oracle In-Database Advanced Analytics

Comprehensive Advanced Analytics Platform

oA

T

Oracle R Enterprise
* Popular open source statistical
programming language & environment

» Integrated with database for scalability

» Wide range of statistical and advanced
analytical functions

* R embedded in enterprise appls & OBIEE

» Exploratory data analysis

» Extensive graphics

* Open source R (CRAN) packages
* Integrated with Hadoop for HPC

Open Source

ORACLE

ESiEEs Advanced Analyics
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Oracle Data Mining

Data & Text Mining

Automated knowledge discovery inside the
Database

12 in-database data mining algorithms
Text mining

Predictive analytics applications
development environment

Star schema and transactional data mining
Exadata "scoring" of ODM models
SQL Developer/Oracle Data Miner GUI

ORACLE

Predictive Analytics
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Together... You Can Think of It Like This...

Traditional SQL

e “Human-driven” queries
* Domain expertise

* Any “rules” must be defined and
managed

* SQL Queries
- SELECT -
« DISTINCT \
AGGREGATE _
WHERE 3
AND OR
GROUP BY
ORDER BY
RANK
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In-Database Analytics
* Wide range of Oracle R Enterprise
statistical functions

* Automated ODM knowledge
discovery, model building and
deployment

* ORE Statistics/Adv. Analytics
- CORR

« SUMMARY
« ARIMA Time Series !
 ODM “Verbs”
« PREDICT e
- DETECT N
« CLUSTER /4

ORACLE




independent oracle users group

(IOUG

) For the Complete Technology & Database Professional ™

Il

COLLABORATE

=
Technology =i Applications Forum for the Oracle Community

« MARK YOUR CALENDARS!
e BIWA Summit @

« COLLABORATE 12 R AG
April 22-26, 2012 Becter Information Bet
Mandalay Bay Convention Center

Las Vegas, Nevada

http://events.iouqg.org/p/cm/ld/fid=15
DRACLE 7 N
ORLD N

ENGINEERED October 2-6, 2011
FOR INNOVATION

Moscone Center
San Francisco

H



http://events.ioug.org/p/cm/ld/fid=15�
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Hardware and Software

Engineered to Work Together

ORACLE
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