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7
20 Ways to Detect Fraud FRA

http://www.auditnet.org/testing_20_ways.htm

1. Unusual Behavior

The perpetrator will often display unusual behavior, that when taken as a whole is a strong indicator of fraud.
The fraudster may not ever take a vacation or call in sick in fear of being caught. He or she may not assign out
work even when overloaded. Other symptoms may be changes in behavior such as increased drinking,
smoking, defensiveness, and unusual irritability and suspiciousness.

2. Complaints

Frequently tips or complaints will be received which indicate that a frau

e | on. Complaints
have been known to be some of the best sources of fraud a hould Ithough all too
often, the motives of the complainant may be suspect, the tions r|tI1at warrant further

investigation.

3. Stale Items in Regoncili

In bank recgggiliati conC|I|at|on could be indicative of theft. Missing
[ unds missing checks could indicate one made out to

Voided sa
the sale

colld mean t# the sale was rung up, the payment diverted to the use of the perpetrator, and
lip subsequently voided to cover the theft.

5. Missing Documents

Documents which are unable to be located can be a red flag for fraud. Although it is expected that some
documents will be misplaced, the auditor should look for explanations as to why the documents are missing,
and what steps were taken to locate the requested items. All too often, the auditors will select an alternate item
or allow the auditee to select an alternate without determining whether or not a problem exists.

6. Excessive Credit Memos

Similar to excessive voids, this technique can be used to cover the theft of cash. A credit memo to a phony
customer is written out, and the cash is taken to make total cash balance.
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What is Data Mining? S72<-< 1148

DATABASE

« 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)
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Data Mining Provides
Better Information, Valuable Insights and Predictions

* Cell Phone Churners vs. Loyal Customers f

1l
Segment #3:

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

Income

Segment #1.:

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

e 3 P
‘k y )

100%, Support = 8/39

Customer Months
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Oracle Data Mining Algorithms

Problem Algorithm
CIaSSIflcatloAn Logistic Regression (GLM)
L.t ML Decision Trees

Nalve Bayes
Support Vector Machine

Regression Multiple Regression (GLM)
Support Vector Machine

Anomaly One Class SVM

Detection °

Attribute Minimum Description

Length (MDL)

ALA2 A3 A4A5 A6 AT

Rules 3"AA Apriori

Clustering ot s “X Hierarchical K-Means
-.%“ _,oo‘ Hierarchical O-Cluster

Feature “olg ™ ,i:o | NMF

Extraction ° "**

F1F2 F3F4
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Applicability

Classical statistical technique
Popular / Rules / transparency
Embedded app

Wide / narrow data / text

Classical statistical technique
Wide / narrow data / text

Lack examples

Attribute reduction
Identify useful data
Reduce data noise

Market basket analysis
Link analysis

Product grouping
Text mining

Gene and protein analysis

Text analysis
Feature reduction
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You Can Think of It Like This...

Traditional SQL

* “Human-driven” queries

« Domain expertise

* Any “rules” must be
defined and managed

. SQL Queries

SELECT

e DISTINCT

* AGGREGATE

 WHERE

« AND OR

* GROUP BY

* ORDER BY

* RANK

Oracle Data Mining

« Automated knowledge
discovery, model building and
deployment

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

_|_ « ODM “Verbs”

PREDICT
DETECT
CLUSTER
CLASSIFY
REGRESS
PROFILE
IDENTIFY FACTORS
ASSOCIATE
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Fraud Prediction

drop table CLAIMS_SET;
exec dbms_data_mining.drop_model('CLAIMSMODELY; POLICYNUMBER  PERCENT_FRAUD  RNK
create table CLAIMS_SET (setting_name varchar2(30), setting_value varchar2(4000)); || -~ === oo
insert into CLAIMS_SET values 6532 64.78 1
(ALGO_NAME','ALGO_SUPPORT_VECTOR_MACHINES"); 2749 64.17 2
insert into CLAIMS_SET values (PREP_AUTO','ON"); 3440 63.22 3
commit; 654 63.1 4
12650 62.36 5
begin

dbms_data_mining.create_model('CLAIMSMODEL', 'CLASSIFICATION',
'CLAIMS2', 'POLICYNUMBER', null, 'CLAIMS_SET");
end;

-- 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
select POLICYNUMBER, prediction_probability(CLAIMSMODEL, '0' using *) prob_fraud
from CLAIMS2 a
where PASTNUMBEROFCLAIMS in (‘2 to 4', 'more than 4'))) ORACI—E
where rnk <=5
order by percent_fraud desc;
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Building a Check Fraud Detection System
Using Oracle 11g and Oracle Data Mining

I
ORACLE Oracle OpenWorld 2009 Vote-a-Session
r-ﬂﬁix_heta_luga_vzh Go to Mix and login »

Home » Industries » Financial Services

Building a Check Fraud Detection System Using Oracle 11g
and Oracle Data Mining

Type Conference Session Presenter Jiang Zhou
= i Ll X
Track Financial Semvices Stream Industries Share this: m‘g_n‘ } l n Ware...
25 people voted for this
Abstract
Itis estimated that the nation's banks experience over $10 billion per year in attempted check fraud. In order to ﬂ ﬁ| B
minimize this type of fraud loss, a data driven predictive model is assembled, tested and deployed within a single g “

platform using Gracle 11g and Oracle Data Mining (20DM). Since all of the processes can be executed within a
database, it provides a level of security crucial to banks. Gracle 11g and QDM allow users to perfarm a multitude of

anql:.-‘ms L|5||_1g_large volumes of transactional I:Ia.ta.ThefeatulreTa of O_rg;le 11g_qn|:|_ODr.-1 [e_l.g. anal_:.-tlcalfunctlfjnsl. More in this stream and track
various predictive maodels, ease of model deployment, materialized views, paritioning, etc.) resultin substantially ] ) ]
increased productivity, manageahility and scalability. Managing Change in Banking: Integrated

Perormance Management

About the presenter

ﬂ Jiang Zhou The next generation User Experience
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. ORACLE

* 11 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;
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Oracle Data Miner 11g Release 2 GUI
Free product on OTN for Oracle Data Mining Option

& Oracle SQL Developer : LAPTOP_CB/BERGERs R US/Customer Analytics =]
) < rap h I Cal l | S e r File Edit Y¥iew Navigate Run Diagram Yersioning Tools Help
Goda 90 HEE QO-© & Fa;":
I n t e rf a C e f O r d at a [, Data Miner [2] |olgcustomer Aralytics | “PClUs kM 33 |Paassemss | Pcas_sva s tinesr  ||fExplore Data 2 (=) | @ component: Palstte =
+ @ R Qo -] B > TR |
(&, Connection A
analyst O B i
BERGER Inc =
. [o-[0] BERGERS R US ] +#) Anomaly Detection

=)
o2 Cusomer Analytics H 5 Association
® of] Fraud Detection NEW CUST_INSUR_LTV1 -] & Classification
eveloper g 8o
Demos R US o 1iE Feature Extraction
H Insurance R Us & Link

Extension omdownioad) | % & L g |- ™ o

EeThumbnai G|FUSTINSUR LTV 5 Respanse Mpdo{s‘|» — ﬁm b Rogression
° EXp I O re d a‘t a_ Colum filter and Al n6:a® e
. . . - o Madel Detals 17 E ﬁ:ﬁlv
discover new insights |« =, @ =
= T El - . - ) Clust Build 21 £ Create Table

fé Data Source

 Build and evaluate 8 e

= Transforms

[ Aagregate

data mining models el

‘ [ Filter Columns Details

[ workflow Jabs =) EWFV{esponsa Mpdols - Property Inspeckor . I Fiter Rows
— B = B2V, (e SDO|g
[ ] A p p Iy p re d I Ct I Ve Workflow  Project Status Models f Link
Analytical ... Demaos R US L3 Build Model Settings I% X B 63 ﬁ &’_] \_\.ﬂv )] a Sample
Test Marme Build Test Tune Algorithrn Cormment - B Transform
m O d e I S Betils CLAS_GLM_... [ 7/13/10 &:07,.. @ 7/13]10 6:07... Automatic Generalized Line... - Text
CLAS_SWM_.. @ 7/13/10 6:06... B 771310 6:06... Automatic Support Yector ... L3 Apply Text
CLAS_SYM_... [ 7/13/10 6:06.., @ 7713/10 6:07.., Automatic Suppork: Yector .., |§ Build Text

° M CLAS DT 3.3 @ 7/13/10 6:06... @ 7/13/10 6:06... Automatic Decision Tree 2 Lk
are an a y I Ca CLAS_MNB_3_3 @ 7/13/10 6:06... @ 7/13/10 6:06... Automatic Naive Bayes &) Text Reference

b Linking Modes

workflows P

* Deploy SQL Apply
code/scripts
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Data Mining Solutions, Q1 2010

The Forrester Wave ™: Predictive Analytics And

Oracle Data Mining Cited as a Leader; 2"d place in Current Offering

Bety Contenders  Performers Lcaders

- Ranks 2" place in strong SAS Insttute |+
Current Offering A 5"55“3"’

- “Oracle focuses on in- S
database mining in the TIBCOSoftware &) R fortmi Softwars
Oracle Database, on ficos T
integration of Oracle Data

. . . Current
Mining into the kernel of offering Angoss Software »
that database, and on
leveraging that technology
in Oracle’s branded
applications.”

Weak
Weak Strategy » Strong

The Forrester Wave is copyrighted by Forrester Research, Inc. Forrester and Forrester Wave are trademarks of Forrester Research, Inc. The Forrester Wave is a
graphical representation of Forrester's call on a market and is plotted using a detailed spreadsheet with exposed scores, weightings, and comments. Forrester
does not endorse any vendor, product, or service depicted in the Forrester Wave. Information is based on best available resources. Opinions reflect judgment at

the time and are subject to change.
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Data Mining Provides
Better Information, Valuable Insights and Predictions

Income

* Cell Phone Fraud vs. Loyal

Customer Months

Copyright © 2010 Oracle Corporation
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Finding Needles in Haystacks

« Haystacks
are usually

BIG

and rare

ORACLE
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Look for What is “Different”

ORACLE
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. Challenge: Finding Anomalous Records
» Considering

multiple X,
attributes, taken
collectively,
a record may
appear X,
anomalous

X3

ORACLE
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Data Import

Data Mining
Model “Scoring”

Data Preparation
and
Transformation

Data Mining
Model Building

Data Prep &
Transformation

Data Extraction

Hours, Days or Weeks

SAS
Work
Area

SAS
Process
ing

Process
Output

Target

SAS

SAS

SAS

In-Database Data Mining

Traditional Analytics

Copyright © 2010 Oracle Corporation

Oracle Data Mining

/Results
» Faster time for
“Data” to “Insights”
 Lower TCO—Eliminates
« Data Movement
» Data Duplication
! Maintains Security

Davings

)

Model “Scoring”
/Data remains in the Database

:Embedded data preparation

,:::::.,~Cutting edge machine learning
" algorithms inside the SQL kernel of
Database

Embedded Data Prep

Model Building
Data Preparation

]
'..
.
.

SQL—Most powerful language for data
Secs. Mins or Hours . preparation and transformation

ORACLE ‘Data remains in the Database



http://search.oraclecorp.com/search/search

Oracle Data Mining
Algorithm Summary 11g Release 2

Applicability

Classical statistical technique
Popular / Rules / transparency
Embedded app

Wide / narrow data / text

Classical statistical technique
\Wide /narrow data / text

Problem Algorithm
Classification Logistic Regression (GLM)
s gt wisssss | Decision Trees
9:0‘8:—> Naive Bayes .
2 0% 4 0000 Support Vector Machine
Regression 'C\PQA Multiple Regression (GLM)
Anomaly | One Class SVM

Detection

Lack examples

Dbl e

o
W ;a NATTTTTOTTTDE ST tTo
* g 4
Importancee« *i+" " i8iie-s Length (MDL)
A1 A2 A3 A4 A5 A6 AT

Association@ AT

LI —p +u : :

SV (e~ e . Apriori
Rules . |
Clustering 44 ,—" 44+ Hierarchical K-Means

O"O:A‘ ._'OO
| i i -
Ao \...:‘ Hierarchical O-Cluster

Feature S NMF

'°+'°+A -
— -
Extraction  ®tes® &

FTF2F3F4
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Identify useful data
Reduce data noise

Market basket analysis
Link analysis

Product grouping
Text mining

Gene and protein analysis

Text analysis
Feature reduction
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.Oracle Data Mining 11g Release 2

Anomaly Detection
Problem: Detect rare cases

Rare events, true novelty

®
- Fraud, noncompliance I peAl
. . @A
* Disease outbreaks o 7
: : * g0
* Qutlier detection Higw
« Network intrusion detection X2 >
 Oracle Data Mining A
* “One-Class” SVM Models . P &
& AR
. @A
e 7
*u®e
o ‘et o
X2 >
X1
ORACLE
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Oracle Data Mining and Unstructured Data

* Oracle Data Stucure | Date |
M | n | na m | nes Fetch Size: 100 | Fetch Mext | Refresh |
g cusT_D| AFFNTY_CarD | ace cul| COMMENTS | cust_mari
u n Stru Ctu re d i e 101501 0 4 F Shopping st yvour store is a hassle. | rarely hop there and usually forget to bring your nes lovatty .. JMeverid
Ll . 101502 0 27T M Affinity card iz great. 1think it iz & hassle to have to remember to bring it in every time though. Iewerhd
13 ”» 1015303 0 20 F | purchased a neww computer recently, but the manuals werent included. Could you ship them ta me . JMeverid
text d ata 101504 1 45 M Affinity card is great. |think it iz & hassle to have to remember to bring it in every time though. harried
1013505 1 34 M Wty dicdn't you start a program like this before”? Everyone else has been offering discounts like this . jMevertd
101506 0O 38 0M Forget it. | 'm not giving you all my personal infarmation. | vwizh you'd give up and respect a customer . JMarried
¢ I n CI u d e free teXt 101507 0O 28 0M It is & good way to attract new shoppers. After shopping at your store for more than a month, [ am v jMarried
= 101508 0 19 M | shop your store a lot, | ove your weekly specials. everhd
an d CO m m e n tS I n 101508 0 52 M| Affinity card makese senge only for bulk purchases. For all others, driving so far is not worth the di... fMarried
101510 1 27 M Could you send an Affinty Card to my mother in France? Let me know and Il send you here address JMeverid
O D M m O d e I S 101511 0 30 M | Shopping st your store iz a hassle. | rarely shop there and usually forget to bring your nes loyatty c.. JMevertd
101512 0 30 F The nevy atfinity card iz grest. Thank you. | da have to say that it is 5 bassle to remember to bring it .. JMevertd
101513 0 HOM Thanks but even with your discounts, your products are too expenzive. Sorry. Matried
® C I u Ste r an d 101514 0 45 M Affinity card is great. |think it iz & hassle to have to remember to bring it in every time though. e erhd
. 101515 0 36 F | purchased the new mouse pads and love them. | also purchased one for my sister and one for my . JMeverhd
C I aSS Ify 101516 0O 33 M Don't =end me arny more promotions. | get too much lousy junk mail already harried
101517 0 38 F Shopping at your store is a hassle. | rarely =hop there and usually forget to bring your ness loyalty o fiMevertd
101518 0 22 0M Don't zend me any more promotions. | get too rmuch lousy junk mail already ewerhd
d 0 C u m e n tS 101519 0 46 F Shopping at your store is a haszsle. | rarely =hop there and uzually forget to bring your nesw loyatty o JDivorc.
101520 1 3| oM Affinity card iz great. 1think it iz & hassle to have to remember to bring it in every time though. tdarried
Py O raC I e Text 101521 0 Bl M | shop your store & lot. | love your weekly specials. Matried
101522 1 3| F If | forget my affinity card, can | 2till =hop here and get the dizcount? Iewerhd
101523 0 22 0M A grest program but | have to complain just a bit. Why doyou need to knowe hove many children | hay, IMabsent
u S e d to 101524 0 3| O0M Thark you, But please retnove my name fromm your list. Matried
p re p ro CeSS 101525 0 18 F Iy brather uses the atfinity card a lat. | think the campetitar has better prices without it. e erhd

unstructured text
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Predictive Analytics Applications
Powered by Oracle Data Mi

Nnin g (Partial List as of March 2010)
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Oracle Data Miner 119
Release 2 GUI
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Oracle Data Miner GUIs
Free Products on OTN

11g Release 2 and previous 11g Release 2 and future—
releases—ODM’r “Classic” ODM’r “New” or just ODM’r

LAPTOP_CB/BERGERs R US/Customer Analytics

Fle View Dsta Activity Tools Help

le Edit Yiew Navigate Run Diagram Versioning Tools Help

:
g 2| Name CUST_INSUR_LTVIT55745_BA Lad 9o 8 Q-0 @ 7y
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£ BRAIN_TUMORS, : nsurance R Us ] 2
- - Apply 14 & urk
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This step samples the mining data. Athough not normeally required, this step can be used to sample very large

= CUST_INSUR_LTV i N
£F cusT_NSUR_LT deta sets. To complete this step manually, click Run ! Thumbnai (=] T 5 Response Mpdols %ﬁu [ Regression
um filler a
----- £ cusT_NSUR_LT e i) = Eveluste and Apply
..... €& CUST INSUR_LT 5 Ouiput Deta | options... || Reset | % oy
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_____ & cUsT mSUR LT Split ¥ Completed P
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e HName Buld Test Tune Algorithm Comment - B Transform
BEETS CLAS GLM_... @ 7M13(106:07... B 7[13/106:07... Automatic Generalized Line... = Text
X CLAS_SVM_... [ 7/13/10 6:06... B 7/13/10 6:06... Automatic Support Vector L3 Apply Text
Test Metrics ¥ Completed CLAS_SVM_.. [ 7/13/106:06... B 7/13/10 6:07... Automatic Support vectar | 5] Buid Text
This step cremtes a test metric result. To complets this step manually, click Run QLEDT30 P 2 730 EH0G., Autoratie fpertion e Pk
CLAS_NB_3_3 [ 7/13/10 6:06... B 7/13/10 6:06... Automatic MNaive Bayes &) Text Reference

1 Test Dat B2 Result  Test Name: DMaJ$CUST _JMS78905_TM sshod | Options... || Reset |

b Linking Nodes

Activities | Server

ORACLE

Copyright © 2010 Oracle Corporation




¥, Oracle 5QL Developer,

File Edit Yiew Mavigate Run Y¥Yersioning Tools Help

Foc@ag 90 XEE 0 -O-1&- =

0
alData Miner E] D[gTa-rgE-t.i.'?g Best Custormers ﬁ[umpunent e E]
+ Eﬂ ®. Q > ['-.-'-.-'Drkﬂl:uw Editor "]

Eﬂ Conneckion ,@,

=&Y CEERGER Laptop

= Models
E| - BERGER. EMTERPRISE I £ ﬂﬂ . —
o0 AAA Customer Al & Anomaly Detection

E‘-[E Anomaly Detectic ! % Association
#-={5 Charlie Daka Mini Explore Data 2 @ Classification
D-[E Retail Analytics @ Clustering
-2l Targeking Best C.
- [E3] BERGER INC _
: @ Link
D'[E Custarner analyti
& Model
£ Model Details
CUST _INSUR_LTV i Regression

ﬁ Feature Extraction

£ >
g+ Thurnbnai (=] |

= Ewvaluate and apply

. G Apply
|_i!g' @ Link

3
% £

GUET_INSURLTY Explare Data 2 - Property Inspectar

% Drata Source

& ) & Explore Data

_@ [
= Transfarms

Oukput Group By LT¥_BIN (5 Agaregate

Histagram | EF Filker Columns
Project  Status . ' -
Sample Auto Input Colunins Selection % Filker Caolumns Details

i... BERGE... .
Cietails By Filter Rows

.. BERGE... Data e A _ b Text

BERGE... Mame Daka Type [+ Linking Modes

.. BERGE... sl AFE il IMEED

Expl
@.Wurkﬂnw Jobs rplore

|, CBERGER Laptop

ISES| Targeting Best Customers




¥, Oracle SOL Developer : CBERGER Laptop/BERGER ENTERPRISES/Targeting Best Customers/CUST_INSUR_LTV

File Edit ¥iew Mawvigate Run ¥Yersioning Tools Help

FoEg 9 XER O-0- &- =
(2, Data Miner ] of]Targeking Best Customers [%EUST_INEUR_LTH =
A Data | Columns [ SOL
—]
Connection @ Eiew: i Eilter:| | ¥
=-[& CEERGER Laptop
EI (] BERGER ENTERPRISE MARITAL_STATUS AGE STATE BUY_INSURANCE CREDIT_BALAMCE TIME_AS_CUSTOM... MORTGAGE_AMOUNT BANK_FUNDS N_O
o3 A4 Customer A1 1 MARRIED 27 WA ] 2 682 L1500
~-afy Anomaly Detectic 2 DIVORCED 39 NH” 0 z 4,000 0
f-af3 Charlie Data Mini 3 WIDOWED 56 MY 0 1 5,000 14,500
_ el Retail Analytics 4 DIVORCED s9 CA 0 1 2,224 0
E:E;:;ﬁﬁgg 2=l 5 MARRIED 64 MI 0 1 1,500 1,000
@ Customer analyti & DIYORCED 35 MY 0 4 4,000 6,700
7 DIYORCED 54 MI 4,406 1 4,100 15,900
5 SINGLE 56 MY 136 3 0 2,970
9 DIVORCED 34 rw” 0 1 3,000 19,400
10 SINGLE = o[ 47 2 0 250
11 MARRIED s rw” 0 3 1,500 2,281
12 MARRIED 36 MY es 0 4 1,600 200
13 SINGLE 4z . [ 0 3 502 0
14 MARRIED 73 cn” 0 1 1,100 0
<[ ] > 15 MARRIED a7 rw” 14,808 4 800 2,724
[ workflow Jobs O 16 MARRIED = o[ 0 1 8,000 8,050
(@, CoERGER Laptop -] 17 DIYORCED 4 MY es 0 4 4,000 4,400
e = 18 DIYORCED 53 MI Yes 0 1 3,000 4,200
Fargetin... BERGER... o 19 DIVORCED 3wy L 0 1 4,000 8,300
Custorn... BERGER... o 20 MARRIED Y hn 0 4 1,200 0
Retal ... BERGER... o 21 [INGLE 1w L 0 z 0 0
Chatlie ... BERGER...  of 22 DIYORCED s+ v [ 0 4 2,500 6,525
b Cu... BERGER... | 4P 23 DIVORCED sz oo [ 0 4 2,300 1,501
anomal... BERGER... o lorrrer, cn o TN " : e e ann ¥
W
< > ]

_BERGER. Laptop/BERGER EMTERFPRISES Targeting Besk « ners dataminer, dataeditor



g, Oracle 5QL Developer :

File Edit ¥iew Mavigate

Run ¥ersioning Tools

Fo@a@ 9 XEm Q-0 1&-

mData Miner

+ @

a Conneckion
=-[& CEERGER Laptop
EI {E] BERGER ENTERPRISE
o3 A4 Customer A1
~-afy Anomaly Detectic
ﬂ-[g Chatlie Data Minil
ﬂ-[g Retail Analytics
- @00 Targsking Fest ©.
=[] BERGER TNC
ﬂ-[g Custorner analyti

<| 3
@Wurkﬂuw Jobs ]
|2, CBERGER Laptop -
Workf... | Project | Status
Targetin... BERGER.,, @
Custom.,. BERGER... ¢
Retal &... BERGER.., o
Chatlie ... BERGER... o
AdA Cu... BERGER..,  «f
anomal,,. BERGER... &

Help

CBERGER Laptop/BERGER ENTERPRISES/Targeting Best Customers/Explore Data 2

azk
L

o] Targeting Best Customers | [f3Enplore Data 2 | (2L cUST_INSLR_LTY 2
Skatistics | Data | Columns [ S5L
—
'l My ™
St L '“I_Tl'u'l BIN" . . |n7 |
atistics Group by | Eilter: \ y.
Marme Histograrm Data Twpe Percent MILLs Diskinct Values Mode -
"CREDIT CARD_LIMITS" MUMEER. 0 25 B
"CHECKING_AMOUNT" NUMEER, o 636
T I T S
LTy NUMEER. o 1,930
"HAS_CHILDREN" NUMEER, o 2
"LAsT" VARCHARZ o 1,39 EMERY
"MONEY_MONTLY OVERDRAWH" — g MUMEER 0 71
"STATE" o -y VARCHARZ o 24 I
"SALARY" | MUMBER 0 1,906
"BANK_FUNDS" I MUMBER o 445
"MORTGAGE AMOUNT" | NUMEER o 413 i
"MARITAL STATUS By LTV_BIN"
100
80
Il Lo
£
5 60 Il "VERY HIGH'
5 40 MEDILM
r — I T Il HGH
| s —
u _—_—
DIVORCED MARRIED OTHER SINGLE WIDCWED
b
¢ 5

datariner, dprofiler



g, Oracle 5QL Developer :

File Edit ¥iew Mavigate

Feo@a 90 &

Run

B0 Q-0 &-

Diagram Yersioning Tools

Help

CBERGER Laptop/BERGER ENTERPRISESIAAA Customer Analytics

azk
L

mData Miner D-[E Targeting Fest Custormers [u[gnnn Customer Analytics I [I'EExplnre Data 2 ||f|'3CLIST_INSLIR_L'I [I]E]E] ﬁc::umpunent Pale... E]
+ Eﬁ Q Q 100% ~ > ['u'u'u:urkﬂnw Editor v]
2 Connection FiiY
= (& CBERGER Laptop e
EI . BER(GER ENTERPRISE PR fiomaly Detection
o3 A8 Customer A1 e _ F_
~of3 Anomaly Detectic T Association
D-[E Charlie Data Mini Explore Data G Classification
-2{0 Retail Analytics NEW_CUST_INSUR_ LTV (@ Clustering
D[E Targeting Best (. b Feature Extraction
-5 BERGER INC 2 Lk
D-[E Custormer analyti v
- @ 2 Model
) ) —_— EI i —_— % % Maodel Details
Al E 4 . @ Reqgression
ErlThumbnal O CUsT IN‘lSLIR LTV Cleanse Data 5 Response Models Likely Customers
¥ = Ewaluate and Apply
B apply
] =] & Link
- ] S % D Test
E = Customer Segments Clusters
A - §— d “| = Data
| < ? 8 Create Table ad
— & Response Models - Praperty Inspector (=] 2, Data Source
'31: 4 / l; ) & {F‘-\l @ |_% Explare Data I
N
Model
Bl workflow Jobs E]I oaes ~ Transfarms
Build i E[R| Sm | ) Aggregate and
|[@, CBERGER Laptop - o bieelz) Sedige X Weoo B2 |(d0 I =
: &= Marme Euild Test Tune algorithm Comment - F Fiter Columns
Weark,., | Project | Skaktus Details % ] .
rarget... [BERGE @ A CLAS GL... [ 7/26/106... B 7/26/106... Automatic Generalized Li. . Filter Colurmins Details
' - ; Filter Rows W
custom... BERGE. .. o CLAS_SY... Tleaiin G, Fl2ai10 6., Aukomatic Support Yeck, ., iﬂ’Text
Rk ail EERCE. . o CLAS_SW... 7l2eli0a... 7126/106... Automatic Support Yect. ., » Linking Nodes
chatlie ... EERGE... o v CLAS DT... Fleai0 6., Fle2ai10 6., Aukomatic Decision Tree .,

komer &nal

ABA T



File

<

aData Miner

+ @

a Conneckion
= {2 CEERGER Laptop

H Thurmbnai

acle syl Develope

Edit ¥iew Mavigate

B B
dpiaf

Run

Diagram Yersioning Tools

Help

Fo@a@ 9 XEm Q-0 1&-

azk
L

-] BERGER ENTERPRISE
{ D-[E AAA Customer A1
D-[E Anomaly Deteckic
D-[E Chatlie Data Minil
D-[E Retail &nalytics
- -l Targeting Rest .
=-[E] BERGER INC

-8fg Customer analyti

b

)

O Yes (058 (B2A3%)

i

O Yes: 694 (36074

T I

Split STATE

Split- null Split null
Node: 19 Mode: 20 Mode: 21 v Node: 22 Node: 17 Node: 18
Preduction: Yea Predection: No Predection: Yes Predecton: No Predecton: No Predecton: No
Support: 1449 (15.68%) Swpport: 83 (0.9%) Swpport: 750 (8.22%) Support: 39 (0.42%) Support: 931 (10.08%) Support: 41 (0.44%
Confdence: 62 73% Confdence: 97 567

Confidence: 65.20%

W Mo 503 (2471
O es ;946 (5529%)

TR

Confudence: 85 54%
W Mo 7188540
O es 12 (1446%)

L

Confdence: 58 97%

Confudence: 88 33% .

W3 CIDETS Y
O Yes ;678 (3953%

WMo 23 ERATEY
O Yes: 16 (4.03%

e

W Mo 534 273
O Yes : 347 (37279

I Mocdn (97 56
O Yes 1 (2.44%)

L

e

>

] ol Targeking Rest Customers | of0 A8A Customer Analytics [@ELAE_DT_s_l [ [#sExplore Data 2 |2 CUST _INSUR_LTY =
Tree Setktings |
Q Q i I%; % [‘l @ Mazximumn Target Walues:

|_T:| y

Node: 8 Node: © Node: & Noi

Preducton: Yes Predection: Yes Preduction: ko Pre

Suppod: 1532 {16.585) Support: 708 (B84%) Support: 872 {10.52%) Sug

Confdence: 62.53% Confudence: 86 97% Confidence: 64.2% Cor

W Ho 574 (3747 %) W Mo 104 (1303%) W Ho R4 (B420%) m "

B es : 348 (3550%) =

W

CHECKING AMOUNT -= 23Z.5
CREDIT BALANCE == 24.5

MONEY MCONTLY OVERDEAWN > 54.145

T AMOUNT AUTOM PAYMENTS <= 8783.5

IR
= ¢
S = R i lues |
Rule Surrogates Target Yalues
pof B
EIEIEIEE IF BANK FUNDS > 246
AHD
WarkFlow Jobs
@ ) AHD
|[@, CBERGER Laptop -
: AHD
Weark,., | Project | Skaktus
Targeti... BERGE... & ||| AHD
Custom.., BERGE... & THEH Tes
Retail ... BERGE... @
Charlie ... BERGE... o [ "rap




g, Oracle 5QL Dewveloper : CBERGER Laptop/BERGER ENTERPRISESIAAA Customer Analytics/5 Response Models/CLAS S¥M_4_1_Linear

File Edit ¥iew Mavigate

Run ¥ersioning Tools Help

Fo@a@ 9 XEm Q-0 1&-

mData Miner

(=] of]Targeking Best Customers

|D-[E.ﬁ..ﬁ..ﬂ. Cuskomer Analytics

azk
L

|PeLas_svM_4_1 Linear | Poas o151 |ldsExplorepataz | (O0IE)

+ @

En Conneckion
= {2 CEERGER Laptop

Coefficients | Compare | Settings

Target vYalue: ['-.fes

&[] BEF[<ER ENTERPRISES Sork by absolute value

D-[E A4 Custamer A1
D-[E Anormaly Deteckic
D-[E Chatlie Data Minil
D-[E Retail Analytics
. @52 Targsking Fest C.
=[] BERGER. THC
D-[E Custorner analyti

<

W

H Thurmbnai ]
it] =1
ol m
&

Bl workflow Jobs [
|[@, CBERGER Laptop -
Weark,., | Project | Skaktus
Targeti... BERGE... &
Custom... EERGE...  «
Retail ... BERGE... @
Charlie ... BERGE... @@ ~|l¢

Coefficients: 72 out of 72

Aktribike
M_TRAMNS_ATM

T_AMOUNT _aAUTOM_PAYMENTS
CREDIT_BALAMNCE
CHECEIMG_AMOUNT
M_TRAMNS_WEE_BAMEK
=Inkercept =
M_TRAMS_TELLER.
LTY

AGE
M_OF_DEPEMDEMTS
MORTGAGE_AMOLUNT
STATE

STATE

SALARY

STATE
HOUSE_CWHERSHIP
STATE
M_TRAMS_KICSE
STATE

STATE
HOUSE_CWWMNER.SHIP
TIME _AS_CUSTOMER.
TIME_AS_CUSTOMER.

~
]
Eetch Size: E
I; n - -:l
Yalue Coefficient
T | 1~
MULL e i v
MULL S -3oG00v44z
MULL . -3Fsooisee
MULL . -3.B3538%08
MULL . -2.7853490z
MULL 2.20391475
MULL 2.14265501
MULL I 6465722
MULL 0.56557595
MUILL [ ] -0.85111609
ur I -0,76673662
Tx 0.658542101
MUILL B -0.554530915
AT [ -0,45900215
2 [ -0.34647435
MO [ -0.34306025
MULL 0.32794196
Mt 0.32315454
W1 0.30801241
0.25906774
[ ] -0.275872530
0.24943155 b
> ]

_BERGER. Laptop/BERGER. EMTERPR

888 Customer anal

dataminer, sy



%, Oracle SOL Developer : CBERGER Laptop/BERGER ENTERPRISES/AAA Customer Analytics

File Edit ¥iew Mavigate

Goclg 90 B8 Q-0 /&

E}Data Miner

Run

(=] of]Targeking Best Customers

S=1ES

Diagram Yersioning Tools Help

azk
L

| cLas D A=) B Component Pale. ..

|of2AAA Customer Analytics | 7CLAS_SVM_4_1_Linear

+ @

a Conneckion
=-[& CEERGER Laptop

&[] BERGER ENTERPRISE

- w-ef] AsA Customer A1

D-[E Anomaly Detectic
D-[E Charlie Ciaka Minit
D-[E Retail Analytics
. @52 Targsking Fest C.
= 51] BERGER TNC

D-[E Custorner analyti

H Thurmbnai

8, Edit Column Filter Details

Show Atkribute Importance
Show Data Cuality

] =
S )
r)
[l iarkFlow Jobs E]I
|[@, CBERGER Laptop -
Weark,., | Project | Skaktus
AMAC,.. BERGE... &
Targeti... BERGE... %
Custom,.. BERGE... o
Retail ... BERGE... %

Colurmns ] ': g - :,"
Mame Tvpe Qukput Rank. Impartance %o Wull % Inique % Conskant Hinks -
=2 AGE MUMBER. == 19 0 0 33,3383 3.6871 A Min importance not reached
8 BANK_FUNDS NUMEER. g 2 0.2076 0 22.3219 34.579
8 BUY_IMSLIRANCE YARCHARZ 1 0.8412 0 0.0997 72.297
) CAR_OWNERSHIP NUMEER. == 15 0.0021 0 0.0997 93.2237
5 CHECKIMG_AMOUMNT NUMEER. = g 0.0194 0 32.6355 59.93
[ CREDIT_BALANCE NUMEER. = 19 o 0 10,1146 §9.5854 A, Min impartance nok reached
@ CREDIT_CARD_LIMITS NUMEER. B 19 0 0 1.2456 28.3506 /A, Min importance nok reached
[mx=) CIUST_ID WARCHARZ = 19 u] u] 100 0.0493 A& Exceed % unique, Min imporkance ...
== FIRST VARCHARZ == 19 u] 1] 69,2576 0.2491 A Min importance not reached
5 HAS_CHILDREM NUMEEF. = 16 0.004 0 0.0997 50,4235
8 HOUSE_OWHERSHIP NUMEER. = 17 0.0032 0 0.1495 71.4001
(2] LAST VARCHARZ = 19 u] u] 68,5102 0.3488 /A&, Min importance not reached
[zx=) LT MNUMBER. = 19 u] u] 06,2133 2.3916 A Exceed % unique, Min imporkance ...
[z LTY_BIN VARCHARZ = 19 0 0 0,1993 49,9253 A Min impartance nok reached
5 MARITAL_STATUS YARCHARZ = 14 0.0045 0 0.2431 36.4723
@ MONEY_MONTLY_COVERDRAWN NUMBER. B 3 0.1407 0 18.9337 14,3996
[ MONTHLY _CHECKS WRITTEM  NUMBER. = & 0.081 0 0.9467 17.8376
5 MORTGAGE_AMOUMT NUMEER. == 10 0.0105 0 21.0264 23,5665
vzl Bl MNR TiSAGFS kIl IMRFR = 17 0 Nm3g n n 1495 71 4nni
—— T
@) BLIY_INSURANCE YARCHARZ == St
— = Transforms
ezl CAR_CWHERSHIP MUMBER, == | [ Agaregate
8 CHECKIMG_AMOUNT MUMBER. == Bl Filter Colurmns
vz CREDIT_BALAMCE MUMEER. /& Min importance not reached . .
- =2 A P % Filker Caolumnns Details
EE CREDIT_CARD_LIMITS MUMEER: = A Min importance nok reached ﬁ, Sl B
ilter Rows
= CUST_ID YARCHAR? == A, Exceed % unigue, Min impart: b Text
= FIRST YARCHAR? = /A Min importance not reached b Linking Modes
=z HAS CHILDRER MUMBER ==




g, Oracle 5QL Developer :

File Edit ¥iew Mavigate

GocEag 90 XEBE 0-0- /&

E}Data Miner

+ @

a Conneckion
=-[& CEERGER Laptop
EI {E] BERGER ENTERPRISE
o3 A8 Customer A1
~-afy Anomaly Detectic
D-[E Chatlie Data Minil
D-[E Retail Analytics
. @52 Targsking Fest C.
= 51] BERGER TNC
D-[E Custorner analyti

[l workflow Jobs ]
|2, CBERGER Laptop -
Workf...

Project
. BERGER...
.. BERGER...
. BERGER....
. BERGER...
. BERGER...
. BERGER...

CBERGER Laptop/BERGER ENTERPRISESIAAA Customer AnalyticsfComparefh Response Models

Run ¥ersioning Tools Help
I_.?sk
o
o Targeting Fest Customers | o{o A% Customer Analytics [ﬂ’ﬁ Response Models [@cm5_5wm_4_1_unear |%@cas o151 (WD)
Performance | Performance Matrix | ROC |Lift | Profic
—
Measure: [F'.II Measures "’] Sort By: [Name "] [Descending "’]
Predictive Confidence (%) Average Accuracy (%)
100 100
a0 20 |-
L 6D - g 6D B
< 40 L 2 4 -
20 - 20 -
0 0
CLAS SWM_ 4 1 Linear  CLAS NB_ 4 1 CLAS DT S 1 CLAS SWM_ 4 1 Linear  CLAS MNB 4 1 CLAS DT S 1
CLAS_SWM_4 1 CLAS_ (LM 4 1 CLAS_SVM_4 1 CLAS_ (LM 4 1

Overall Accuracy (%)
100

a0

&0
40
20

“alue

0
CLAS_SVM_4_1_Linear

F .

CLAS_SVM_4_1

CLAS_NB_4 _1
CLAS_GLM_4 1

CLAS_DT_5_1

Maodels

filarmne

W CLAS DT 51

B CLas Gl 4 1

B CLas_ME_4 1

[ cLas_swe_4 1

Wl as Sum o4 1 Linear

Predictive Confidence %

49,4425
43,3565
B 4777

Crverall Accuracy %

51,4057
72,2031
71,7936
73 %7

Average ACCUracy %o

72,8875
71,7212
71.6754
TA 7114

Algorithm

Decision Tree

Generalized Linear Model
MNaive Bayes

Support Yector Machine

Sunnoek Werkor Marhine

dataminer




%, Oracle SOL Developer : CBERGER Laptop/BERGER ENTERPRISES/AAA Customer Analytics/Compare/5 Response Models

File Edit ¥iew Mawvigate Run ¥Yersioning Tools Help

FoEd 90 XER O0-0  1&- fik
(2, Data Miner ] offTargeking Rest Customers | of0 A8A Customer Analytics [ﬂ’ﬁ Response Models [ SPCLAS VM 4 1 Linear | SPaas ot s (D)
ok 3 Performance | Performance Matrix |ROC Lift | Profic

i ~
2 Connection Display: [Cumulative Positive Cases "’] Target Walue: [‘fes v]

=-[& CEERGER Laptop
EI {E] BERGER ENTERPRISE
o3 A8 Customer A1
~-afy Anomaly Detectic
D-[E Chatlie Data Minil
D-[E Retail Analytics
. @52 Targsking Fest C.
= 51] BERGER TNC
D-[E Custorner analyti

1.0

0.5

0.6

0.4

Cumulative Positive Cases

0.2

0.0
Quantile
M Threshold M Rancdom M Ideal

£ [ > [ 1) 1

@WDFHMW Jobs E] ] 10 20 an 40 =i &0 70 a0 an 100
i W

|2, CBERGER Laptop I [Modess Q8

warkf,..  Project  Status Lift Cumulative | Gain Cumulative %% Record...  TargetDen...  Algorithm Creation Date  »

. BERGGER.... |::|_;:|,'_:._|::|T_5_1 2.8l72 C6,.5285 g5 1, 753 Decision Tree 7126 M A,\

+ BERGER... W CLas GlM 4 1 26267 52,7052 20,0655  0.7074 Generalized Linear Model F".I'ZE-,I'IIZI 6:13 PM
. BERGER... B CLas ME 4 1 2.56 51,3673 20,0655  0.6895 Maive Baves 712610 6:13 PM
. BERGER... O cLas sk 4 1 21056 42,2492 20,0655  0.5673 Support Veckor Machine  7/26/10 6:13 PM
+ BERGER... B CLas SvM 4 1 Linear 2.5297 50,7599 20,0655  0.6816 Support Yeckor Machine 71260613 PM o

. BERGER... ¥

dataminer



¥, Oracle SOL Dewveloper,

File Edit ¥iew Mawvigate Run ¥Yersioning Tools Help
2 = L - k
Gl 90 XEBER Q-0 i
mData Miner E] wgeting Best Custonmers |D{E.ﬁ..ﬁ..ﬁ. Cuskomer Analytics |ﬁ5 Response Models D[gReta.i.' Analytics i [I]E]E] ﬁc::umpunent Pale... E]
+ Eﬁ Q Q 100% ~ B> " ['u'u'u:urkﬂnw Editor v]
2 Connection FiiY
= CBERGER Laptap e
EI [E] BERGER ENTERPRISE % N Eé 78 Al Detection
o3 A4 Customer A1 e _ F_
- elg Anomaly Detectic SH_SALES Assoc Build 3 miE Assaclation
G[E Charlie Data Minit G Classification
D{E Retall Analytics {@ Clustering
D[E Targeting Best (. ’ b Feature Extraction
-5 BERGER INC 2 Lk
-8fg Customer analyti Aggregate 14 &2 odel
nde
% % 55 Model Details
@ Reqgression
= Thumbnail ] | f—
CUSTOMERS Sample 7 ==
» f— » = Ewaluate and Apply
, , , Appl
Join 11 Filter Columns 25 Class Build 24 B Anply
& Link
% @ Test
% = Data
Sample 8 8 Create Table ad
......,.....:].1...”:: SUFPPLEM ENTARYI_DEMDGRAPHICS % Diata Source
L
< [ 1 > It Explare Data
B i
@wﬂrkﬂaw Tahs =] Assoc Build 3 - Property Inspector [= ] = Transforms
= Agaregate ad
|[@, CBERGER Laptop -| LION 4 7 @ 3@ ? .'|;|-;| g !
- Models . | B Filker Columins I
Weark,., | Project | Skaktus . % N Bl
ilter Columns Details
ﬁ ) _ = |
ABAC.. BERGE.. & I Buid Model Settings g K TF s (@8- ) B Filter Rows v
Targeti... BERGE... & Details Mame Build Algorithm Comment - [+ Texk

Custom. ., BERGE... M ASSOC_AF_1 3 |@ 7fe6jl0ezTPM lapriod | | b Linking Nodes
Retail ... BERGE.. o




g, Oracle 5QL Dewveloper : CBERGER Laptop/BERGER ENTERPRISES/Retail AnalyticsfAssoc Build 3/ASSOC_AP_1_3

File Edit ¥iew Mavigate

Run ¥ersioning Tools Help

Fo@a@ 9 XEm Q-0 1&-

a‘Data Miner

+ @

a Conneckion
= {2 CEERGER Laptop

2] ws

|D{E.ﬁ..ﬁ..ﬁ. Cuskomer Analytics |§_§5 Response Models

| o2 Retail Analytics

Rules Ikemsets | Settings

Sort by Lift ~| |Descending |

Eetch Size: |

1,000 %]

EI . BER(GER ENTERPRISE

P ASSOC_AP_1_

[ TCLAS_SYM_4_1_Linear

| 0™

o3 A4 Customer A1

~of3 Anomaly Detectic Rule Cantent:

[Name,Suhname "’]

D-[E Charlie Data Mini
oy Retail Analytics
i-olg Targeting Best G|

Rules: 306 out of 306

i
Iﬁv
N,

Antecedent Supp

Antecedent Consequent Lift: Confidencel®%)  Suppork{®%)  Length
E'"' BERGER INC o17s PROD_ID.139 PROD_ID.137 12,7801 68,9365 4,1163 1 5.3941
2] Customer analyti
176 PROD_ID, 137 PROD_ID.139 12,7801 76.3114 41163 1 54711
250 FROD_ID.116 AND FROD_IDV117  PROD_ID.11S 11.2467 62,0875 4,1951 z 5.5205
30s ~ |PROD_ID.140 AND PROD_ID.145 [PROD_ID.146 11,1358
141 PROD_ID, 126 PROD_ID.125 11.0495 53,4936 55396 1 75563
14z FROD_ID.125 PROD_ID. 126 11.0495 70,6638 5.5396 1 £.3952
285 PROD_ID. 123 AND PROD_IDV 127 PROD_ID.128 10,6796 94,5514 4,0793 2 5.5544
253 FROD_ID.116 AND FROD_IDV119  PROD_ID.11S 10,6282 58,6733 4,27 z 55205
306 FROD_ID. 140 AND FROD_ID. 146 PROD_ID.148 10.6153 86,724 4,660 z 8.1697
304 PROD_ID, 146 AND PROD_ID.148  PROD_ID.140 10.6014 85,6246 4,860 2 £.0765
; 256 FROD_IDV117 AND FROD_IDV119  PROD_IDL11S 10,5721 58,3635 4,1708 z 55205
@WDFWDW Jobs E] e DOMn TM 116 ARG DDOn T 117 DOon Th 118 10 d7d7 a1 _7dCeE 4 1921 el = ani?
|2, CBERGER Laptop - .
Workf...  Project | Status _
Fule Dekails:
A4A Cu... BERGER... of
Targetin... BERGER... < ID: 305
Custom... BERGER... < ¥
Retal &... BERGER... o FROD_ID. 140 AND
Charlie ... BERGER... & FROD_ID. 148
anomal... BERGER.,, «f THEH
PROD_ID.146

datarminer ., arrt




® Oracle Data Miner Development{4) : STAMW16/BERGER INSURANCE/ Targeting Best Customers;

File Edit

¥iew Search Mavigate

Tools Window Help

Goag 90 XEm O0-0-
E] %Targeting Eest Customers * CLUS_KM_1_ 8§ =

4= Connections Mavigator *

i Connections

Clustering Models/

CLUS_KM_1_8

=18

: Cluster 1: [z =) [ Ede ] Cluster 22 (M4 =) [ Edt ]
-4 STAMWIE
: Leaves COnly Eetch Size: 2,000 E
BERGER Bank & Laan Attribubes: 27 out of 27 (@~ )
= EERGER INSURAMNCE aktribute Rank Divergence Distribution Z{Centroid) <+ Centroid)
ﬁ Analyzing Customer Data T e = Rt [ - 1 ittt B -
&3, Targeting Best Customers MOMNTHLY _CHECKS_WRITTEN 16 0.0289 - ‘ ol = - - | 35687573 4, 7FF0S63E
EJ--- EM Project — —_———
B BPatte BAMK_FLMNDS 17 0.0221 m_ | 763.20023374 3,650,86987555
E BRIAMN BRAIN Company BUY_INSURANCE 18 0.0205 R L] - | Moo Mo
= Erian Macdonald
f Eise SALARY 12 0.0164 | | f4,642, 89958313 66,417, 14915813
£ manish-project HOIISE_CWNERSHIP z 0.3577 ] | =il | o 1
B-[5] MFH Project
p MK Project N_MORTGAGES 2 0,3577 ] | — | i} 1
£ SLAREMAR, MORTEAGE_AMOUNT 20 0.0145 m_ | 144,79333853 3,115.02379209
STATE 21 0.0083 ___|_____|______L____u| MY MY
CHECKIMG _AMOUMT 72 0.0065 i _ | £14.84047526 1,238.01610542
N_TRAMNS_KIOSK 73 0.0048 = _| 1.88678063 1.95241531
REGION 24 0.0028 mm | B | West MorthEast
I\iﬂgf\u’ RACRITL Y CWED DD ALK = oot e bl | I C2 24070074 C2 7047 70cc nal
AGE
40 2
35
Series: Cluster 4
an Sroup: 33.6 ;42
Walue: 27 .07
25
20
£ Run Manager % E]
15
STAMWLE '] ]
‘i orkflov Project Status - o
Targeting B... BPattle LY 4 |
WF-1 MFH Froject L4 5
Association. .. BM Project LY 4
SPE-Cluste,.. manish-pra... <
) o
Targeting ... BRIAM BRA... @ D:84 B4:16.8 168:252 252:336 336: 42 42:504 504588 S5BB:67.2 672:756 T56:84
kEl B
aron 8 b M Cluster 2 Il Cluster 4
TEST-¥GUA. .. MK Project (5]
Analyzing ... [ 4

BERGER IN...

[ Tree | Detail | Compare | Settings <




%, Oracle SOL Developer : CBERGER Laptop/BERGER ENTERPRISES/Anomaly Detection

File Edit ¥iew Mawigate Run Diagram Yersioning Tools

Feodae 90 $EE Q-0 &

Help

azk
L

mData Miner E] kics |ﬂ5 Response Models |D-[EReta.i.' Aralytics |@ASSOC_AF'_1_3 [D[gnnﬂmaly Detectian | P E]E]E] ﬁCDmpnnent. - E]
+ Elﬂ Q Q o - (> ¥ [Wnrkfluw Editor ']
2 Connection FiiY
= (& CBERGER Laptop N‘\T\I —
=-{E3] BERGER ENTERPRISE [
o » ; = Iy Detecti
{ U‘[E AdA Custamer Al @ CQ an..a Y_ FheHen
U'[E .i:l.".“{h'??ﬁﬁl:p" Deatacki AI'IEHTIEh," Build 3 L # % Ascociakion
D-[E Charlie Data Minii > @ Classification
-of5 Rekail Analytics Apply 5 (@ Clustering
. ) Sample 16
D[E Targeting Best (. b Feature Extraction
-5 BERGER INC 2 Lk
2] Customer analyti Mew CLAIMSZ21 = B Model
CLAIMS2 H< F oo
) ) — 1 — L@ &5 Model Details
<\ | ? @ Regression
T . Filter Rows CLUS 1D 10 Anomaly Build Segment 1(
" Thumbnai ]| ﬂu
H= NI\ = Ewaluate and Apply
_ = [  —
™| @ % ﬁ i —P & Apply
,J—_E;IIJ;:.... D Clustering Apply 13 Filter Rows CLUS 1D 12 Anomaly Build Segment || @ Link
£} - G Test
T Jr B - [ =] Nj'\ es
o Pl B — 9 L :ﬂ —_— I_ ‘ = Data
- - "E;IE' _é:j' 7R Create Table ad
N Filter Rows CLUS 1D 14 Anomaly Build Segme % Cata Source
L
< 1 ] > s Explare Data
B, l
@.w:nrkﬂaw Tohbs E] Anomaly Build Segment 10 - Properky Inspeckor E] = Transforms
..... = ! ™ Aggregate ad
|[@, CBERGER Laptop || | A & (& 33)® (74 Agareg :
P & Filker Columns
Woark...  Project | Skakus Models ad _ _

] | % Filter Columns Details L,
aa8 ... BERIGE.., # i BL"ld Mude| Settings % R D'-._l;l .:;.ﬁ Q“ - -:I ? - }
Targeti... BERGE... & Details Mame Build Algarithm Cammenkt - [+ Tewt
Custom... BERGE... o ANOM_SYM_ 2 2 7/26/10 6:24 FM Support Yeckor Machine b Linking Modes
Retail ... BERGE.. & d




Presentation of Results and
Integration with Applications

ORACLE

Copyright © 2010 Oracle Corporation




Integration with Oracle Bl EE

&7 (Online) Siebel Analytics Administration Tool - AnalyticsWeh

File Edit View Manage Tools Window Help
O & @ &

Presentation

PRINTER_SUFPLIES

coranon | Oracle Data Mining results

-4 CD_BUYERS
= [ o
KEY_FACTOR +-[2] Sources Es berger_pool
IMPORT AN %o KEY_FACTOR --25 CBERGER
E IMPORTANCE + CD_BUYERS44318_SIEBEL_A)
E RaNEK + CO_BUYERS_APPLY39463371 0.2
+-[E3 Paint +-FF FacT + CD_BUYERS_PREDICT &
+-[C3 Paint Exec --E3 Paint + CDEUYER_SEGMEMT_PROFILES
—|-4=3 Sales Histow +- 17 MarketDim + COBUYVER_SEGMEMT_STATISTICY
+ CUSTOMERS_SH_LIKELY_TO_RESPOMD +- 17, PeriadDim + CDEUYER_SEGMENTS
= SUPPLEMENTARY_DEMOGRAPHICS +- 17 ProductDim + CUSTOMERSS46911500_4,

E cusTID + Markets + KEY_CO_BUYER_ATTRIEUTEZ

E EDUCATION + Perinds

E OCCUPATION ¥ Products

E HOUSEHOLD_SIZE + Sales Facts

E Sl -3 Sales Histow

= AFFINITY_CARD + CUSTOMERS_SH_LIKELY_TO_RESPOMD

BN Pk D = SUPPLEMENTARY_DEMOGRAPHICS

E FLAT_PAMEL_MONITOR +- 23 Sources

E HOME_THEATER_PACKA %y CUST_ID

; BOOKKEEPING_SPPLIC E EDUCATION

E v_BOx_GAMES HOUSEHOLD_SIZ .

E 05 _DOC_SET_KaAMJI “RS_RESIDEMCE ava”able to Oracle Bl EE

E COMMENTS AFFINITY_CARD

BLLE_PACE_DISE H H
oo administrators
HOME_THEATER_PACKAGE
BOOKKEEPING_APPLICATION

FPRIMTER_SUFFLIES

Y_BOX_GAMES

05_DOC_SET_KaMJI

COMMEMNTS

Oracle Bl EE defines
results for end user
presentation

For Help, press F1
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Example

Better Information for OBl EE Reports and Dashboards

My Dashboard

Bank Activity ” Credit Card Analysis H Loan Analysis

Welcome, Administrator!

¥ Aletts! - Dashboards - Answers - More Products = — Settings = - Log Out

Page Options ~

e P
Most Suspicious Claims Number Of Predictions
POLICYHUMBEH PREDICTION PROBABILITY DEDUCTIBLE DEDUCTIBLE * PROBABILITY PREDICTION COUHT(PREDICTIOM) &,000

13465 0] 0.00 0E7 500,00 336.46 HIGH S7ET
14485 0] 0.00 0EsS 400,00 26013 Loy 1337 4,500

653200 0.00 064 400,00 257 B9 MEDILIN 4922 %
12631 .00 0.00 063 400,00 251 91 YERY HIGH 1824 Q 3,000

1.0 0.00 063 300,00 182.81 o

15029 0 0.00 063 400,00 § 1,500
11015.0] 0.00 063 400,00 ODM ’S U -
1192200 0.00 062 .. 0

4558 01 .00 0z predlctlons & HIGH Low MEDIUM  VERY HIGH

age, s FREDICTION

fijggi EEE Egj pro babll ItIeS | - Retresh - Print - Download - Add to Briefing Book
12307 .04 0.00 062 400.00 are avai | able

338100 0.00 062 400,00 . =

BEE3.0( 0.00 062 400,00 In the ehical_Price
13877 08 0.00 ne2 40000 Database fOI‘ POLICEREPORTFILED
11192 01 0.00 062 700.00 .
13284 0 0.00 061 400,00 re portl ng

284 101 0.00 061 400,00 .

2291 .04 0.00 061 400,00 usl ng OraCI € B 20000 ta 20000

544001 .00 ¥ 400,00 Bl EE and B more than 63000

&139.00 0.00 051 400.00 20000 t2 30000
110880 0.00 081 700.00 cher tools E B
11118.00 0.00 061 500,00 303.55 B o000 6000
1167700 0.00 061 400,00 242 83

RicT I aly [ulnn] e Aot nn AT AR
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Integration with Oracle Bl EE

g . . )
» eod| ODM provides likelihood of
v - [} http:fflocalhostfanalytics{saw.di?Dashboard | .
Intelligence Dashboards My Dashboard expen Se re por'“ ng fraud
....and other important

BUSINESS INTELLIGENCE

My Dashboard Welcome, John Smith! Dashhoards - Answers - Advanced Repor
Organization Analysis ‘ Category Analysis [ \ q u e Stl 0 n S . /
Pick Any Time Most Suspicious Activities
CINE i, Fot
Employee tem Day Amount Probabili otential Fraud Cost
’ T Louis Hagode  Misc. Employee Expenses 31-Dec-2003 15,740 59 9,265
Fotential:Eraud by Organization PaulLaker  Misc. Emalouas Expenses 17-Dec-2003 4,996 56 2792
Louis NHagode  Misc. Epenses 30-Dec-2003 4,259 60 2537
Dave Lindguist Misc. Employee Expenses 01-Jan-2004 2,253 63 1,422
Steven Daniel Hotel-Lodging 14-Dec-2004 2,304 52 1,205
Paul Laker Hotel-Lodging 19-Dec-2004 2,219 54 1,201
Steven Daniel Hotel-Lodging 22-Dec-2004 1,896 52 979
Christina Donohue Hotel-Lodging 21-Dec-2004 1,744 53 99
Michael Cheng Hotel-Lodging 21-Dec-2004 1,598 53 842 3
Dennis Haas Hotel-Lodging 14-Dec-2004 1,539 52 805

Modify - Dovwnload

Trends by Organization

Amt Parent Amt % Chg Potential Fraud PFC Parent PFC % Chg Prior
OrgLevel 2  Quarter Amount Share Prior Per Cost Share Per
o12004 | 12173 14 -9 1,056 17 37
B Midwest Region B northeast Region B southem Reglon Midwest Q2 2004 6,528 14 0 m
—— Region 32004 7427 [ 0 0
Orglevel?  Potential Fraud Cost Q42004 15642 s R 1,841 B
Michwest Region 2,39 12004 28182 32 537 s D
Mortheast Region 17,307 Mortheast Q22004 14,986 33 0
Southern Region 5,086 Region Q32004 21287 38 742 100
Western Region 11,252 Q4 2004 95027 49 346 16,028 54
Wiodify - Downlosd o12004 15773 18 13 2,003 33
Southern Q22004 | 7458 1= 0 100 S
Region Q3 2004 8,674 15 1] ]
Q42004 27,154 14 ﬂ 3,083 10
12004 30909 3 2,487 + D
Western Q22004 16,883 = S 0 -100
Region Q32004 18612 33 [T 0 0

B
-
m
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Oracle Spend Classification

Classify Spend into Purchasing Categories

* Features
 Hierarchical classification
and scoring e
- Auto Spend Classification = == = o
— Inline and Batch = ——————
* Integration to OBIA Procurement : m (==
& Spend Analytics 7.9.6 ll 8
* Benefits = -

 Classifies spend data from various sources into procurement
category hierarchies

« Category normalization aids strategic sourcing and contract
negotiation

* In-line mode integrated with EBS iProcurement

ORACLE
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ORACLE

Additional Information

* Preview of the new Oracle Data Miner 11g R2 “work flow” New GUI
» Oracle Data Mining 11gR2 presentation at Oracle Open World 2009
» Oracle Data Mining Blog
* Funny YouTube video that features Oracle Data Mining
* Oracle Data Mining on the Amazon Cloud
* Oracle Data Mining 11gR2 data sheet
* Oracle Data Mining 11gR2 white paper
* New TechCast (audio and video recording): ODM overview and several demos
* Fraud and Anomaly Detection using Oracle Data Mining 11g presentation
* Algorithm technical summary with links to Documentation
* Getting Started w/ ODM page w/ instructions to download
* Oracle Data Miner graphical user interface (GUI),
* ODM Step-by-Step Tutorial
* Demo datasets
* ODM Discussion Forum on OTN (great for posting questions/answers)

+ ODM 11g Sample Code (examples of ODM SQL and Java APIs applied in several use cases; great for
developers)

* Oracle’s 50+ SQL based statistical functions (t-test, ANOVA, Pearson’s, etc.)

GO Og[e‘ Oracle Data Mining

ORACLE
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http://blogs.oracle.com/datamining/2010/02/get_ready_for_the_new_oracle_data_miner_11gr2_gui_1.html
http://www.oracle.com/technology/products/bi/odm/pdf/oracle data mining overview and demo cb_11gr2.pdf
http://blogs.oracle.com/datamining/
http://www.youtube.com/watch?v=WgVSu-4Mizs
http://www.oracle.com/wocportal/page/wocprod/ver-DRAFT/ocom/technology/products/bi/odm/odm_on_the_cloud.html
http://www.oracle.com/technology/products/bi/odm/pdf/oracledatamining11gr2datasheet_v4.pdf
http://www.oracle.com/technology/products/bi/odm/pdf/oracledatamining11gr2whitepaper_v4_0.pdf
http://ioug.itconvergence.com/pls/htmldb/DWBISIG.download_my_file?p_file=2409.
http://ioug.itconvergence.com/pls/htmldb/DWBISIG.download_my_file?p_file=2409.
http://ioug.itconvergence.com/pls/htmldb/DWBISIG.download_my_file?p_file=2409.
http://www.oracle.com/technology/products/bi/odm/pdf/anomaly and fraud detection using oracle data mining_11gr2.pdf
http://www.oracle.com/technology/products/bi/odm/odm_techniques_algorithms.html
http://www.oracle.com/pls/db112/portal.portal_db?selected=6&frame=
http://www.oracle.com/technology/products/bi/odm/odm_education.html
http://www.oracle.com/technology/products/bi/odm/odminer.html
http://www.oracle.com/technology/products/bi/odm/odminer.html
http://www.oracle.com/technology/products/bi/odm/odminer.html
http://www.oracle.com/technology/products/bi/odm/odminer.html
http://www.oracle.com/technology/products/bi/odm/odminer.html
http://www.oracle.com/technology/products/bi/odm/odminer.html
http://www.oracle.com/technology/products/bi/odm/odm_education.html
http://forums.oracle.com/forums/forum.jspa?forumID=55
http://www.oracle.com/technology/products/bi/odm/samples/odm11.1_sample_code.zip
http://www.oracle.com/technology/products/bi/stats_fns/index.html
http://search.oraclecorp.com/search/search
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“This presentation is for informational purposes only and may not be incorporated into a contract or agreement.”



