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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 nota commitment to deliver
any material, code, or functionality, and should not be relied upon in making purchasing
decisions.

The development, release, timing, and pricing of any features or functionality described for
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A First fraud case: 30B.C

A A Greek sea merchant namétegestratosought to
insure his ship andargo (corn)so took out an
insurance policy against them

Alnwhat is possibly the earliest recorded attempt of
first party fraud,Hegestratogplanned to sink his
empty ship, sell the corn and keep the loan

AHegestratosaught in the act of sinking his ship by
his own crew. He was chased off the ship and
drowned trying to escape them

A Fraud analytics: Combination of data
analytics and intelligence to identifsaud

A Can we utilize the Oracle Database to help
us become crime fighting superhero's?
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Gecko Auto Insurance

AL ots and lots ofuto claims and
transactionswithin auto insurer

Gecko Insurance
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AHumans aregyood at spottinga
GNBYRX DD

Acan We Capitallze On that human This Photdoy Unknown Author is licensed undeéC B\NC
intelligence to help us spot the
fraud?


https://futurism.com/major-breakthrough-in-artificial-intelligence-google-program-defeats-european-go-champion-5-0/
https://creativecommons.org/licenses/by-nc/3.0/

Oracle Machine Learning
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https://www.flickr.com/photos/mikemacmarketing/30212411048
https://creativecommons.org/licenses/by/3.0/

Oracle Machine Learning

ORACLE

AOracle Machine Learnirextends FUSION APPLICATIONS
Oracle Database(s) and enables
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APIs and integration with open E OML%SelercUgs

OML Notebooks

Autonomous Database

Oracle Data Miner
SQLDevVGND# 3 6 ND#! H TQ0

OMLA4Spark

R API on Blg Data

source Pyth Ohand R . ‘ Model Deplcg(;nﬁmvaengel\)f(lfmagement @
—— | &

. .. -
Oracle makes Machine Learning simple £ ertice mxmme

* Coming soon!
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Technology

CLASSIFICATION REGRESSION FEATURE EXTRACTION
Maive Bayes ALinear Model APrincipal Comp Analysis (PCA) i R g )
A ogistic Regression AGeneralized Linear Model ANon-negative Matrix Factorization s TR
Mecision Tree ASupport Vector Machine ASingular Value Decomposition (SVD) _ e
ARandom Forest AStepwise Linear regression AExplicit Semantic Analysis (FESA ~
meural NetWOI'k é)lg(e;lg’al gtetwork Servies Cardoe Qracle Machine Lerming
ASupport Vector Machine 00 TEXT MINING SUPPORT =
. DW Database
Eé%'ggg? emantic Analysis ATTRIBUTE IMPORTANCE Anlgorithms support text | \ J
AMinimum Description Length ,&I'oke_n!zatlon and theme extraction
APrincipaI Comp Analysis (PCA) ,ZE_xpllc[t Semantic Analysis (ESA) for document
CLUSTERING AUnsupervised Paivise KIDiv similarity
,ﬁrlierarcplical E}/I:?ans ACUR decomposition for row & Al
ierarchical @Cluster
Axpectation Maximization (EM ASSOCIATION RULES Sg‘ﬂsﬂtcﬁl? F_UN(_:TIONS
AA priori/ market basket mgzlli(z:aﬁ gt('jse'cs' min, max, A y
: yttest, FU SauZ t SSBONR2Yy Qaz [/ KA
ANOMALY DETECTION ANOVA, etc
KOneClass SVM PREDICTIVE QUERIES
AMSETSPRT* APredict, cluster, detecfeatures R & PYTHON - "'\
Arhirdparty R &ythonPackages @ \h
TIME SERIES SQL ANALYTICS through Embedded Execution
A-orecasting Exponential Smoothing  ASQL Windows SparkMLIlibalgorithmintegration /
Ancludels popular m(r)]dels g éSQL Patterns &
e.g. HoltWinters with trends, SQL Aggregates
se%sonality, irregularity, missing data QL Aggreg MODEL DEPLOYMENT & MONITORING <08

ASQIL 1stClass Objects

AOracle RESTful APl (ORDS)

O AOML Services =7 .
y v A Platinum
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Includes support for Partitioned Models, Transactional data and aggregations, €V -

Unstructured data, Gea spatial data, Graph data. etc,



Goal: Manage and Analyze All Your Data

RStudio ORACLE ORACLE b _
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Boil down the Data Lake

Big Data / Cloud SQ /G'
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Oracle Machine Learning

AOracle Machine Learning Notebooks included in Autonomous Databases

. Targeting Customers Who Buy Insurance ¢ = w == 4. a
A Collaborative Ul for data e A 3
.............. ale e A

scientists & analysts ;
A Packaged with Autonomot
Databases

A Easy access to shared
notebooks, templates,

permissions, scheduler, et~ * C——— | e
A 9 Example notebooks ]+l : =
A OML4SQL I | 1,

A OML4Pycoming soon!
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Gecko Insurance

Which cases should be show to the experts
FANROX
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Rules vs Models

Rules Models
A Look at the data find patterns A Unsupervised machine learning
A Use SQL to select those patterns A Look for anomalies within the data
A Order the data for the experts based A Order the data for the experts based
on the patterns on the ranking of the anomalies
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What Is Machine Learning?

Example: Decision Tree Algorithm ros ?oA(“/ YYYYYY
Oa
‘k Lease Churners VS. Loyal Customers f A(;ACAOA 00000
Segment #3
IF CUST_MO > 7 AND INCOME <

$175K, THEN
Prediction = Lease Churner,

Confidence = 66%
Support = 6/39

Income

Segment #1
IFCUST_MO > 14 AND INCOME
< $90K, THEN Prediction =
Lease Churner

Confidence = 100%

Support = 8/39

ths: =/ ..

{ yertice P
~ Source: Inspired from Data Mining Techniques: For Marketing, Sales, and Customer

O CUStO mer M@rm Relationship Management by Michael J. A. Berry, Gordon S.Linoff




ML When Lack Sufficient Past Examples .s%=..°

Better Information, Valuable Insights and Predictions _

Income

<4 Cell Phone Fraud  vs. Normal Customers &

e —

C Om Source: Inspired from Data Mining Techniques: For Marketing, Sales, and
UStO mer M Customer Relationship Management by Michael J. A. Berry, Gordon S.

Linoff




Wher eds Wal

Can you find Waldo in 10 seconds?
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File Edit View History Bookmarks Tools Help

& COracle Machine Learning | Exar X +

<« C @ ® & https://adb.us-ashburn-1.oraclecloud.com/oml/tenants/OCID1.TENANCY 90% o O ¢ Search m E @D & =
-ﬂ} Most Visited Oracle Data Mining 17... #» Oracle Cloud Infrastru... & Autonomous Data Wa... & QOracle Machine Learni...
— ORACLE Machine Learning % USERO7 Project [USERO7 Workspa... USERO7
Example Templates
== Create Notebook Search by... Q EY

Association Rules

Anomaly Detection
This notebook shows how to detect...

Author:

Date Added: 2/13/18 11:16 PM

Tags: 'Anomaly Detection’ ‘"Machine...

¥ 5 Likes & "'+

My First Notebook

Oracle Macténe Learning example ...

Author:

Date Added: 2/13/18 11:16 PM
Tags: 'SQL" ‘Data’ "Graph'

7 4 Likes S8 E

Notebook to show the use of Assoc...

Author:

Date Added: 2/13/18 11:16 PM

Tags: 'SQL' 'Associations’ 'Rules’ 'M...

2 Likes & "'+

Regression

This notebook shows how to predic...

Author:

Date Added: 2/13/18 11:16 PM

Tags: ‘Regression’ 'SVM' 'GLM" ‘Logi...

7T 1 Likes S E

Attribute Importance

Notebook to identify key attributes...

Author:

Date Added: 2/13/18 11:16 PM
Tags: 'SQL' "Attribute Importance’ 'K...

2 Likes e l’+

Statistical Function
Oracle Machine Learning example ...

Author:

Date Added: 2/13/18 11:16 PM
Tags: ‘Statistics’ "ANOVA' 'T-test’ 'F-...

7 2 Likes Q E

Classification Prediction M...

Example notebook to predict custo...

Author:

Date Added: 2/13/18 11:16 PM

Tags: 'Classification’ 'Prediction’ 'De...

3 Likes e l’+

Time Series Forecasting

Oracle Machine Learning supports ...

Author:

Date Added: 9/5/19 4:14 AM

Tags: 'Prediction’ ‘Time Series’ 'ESM’

7T 0 Likes e E

Clustering
This notebook shows how to identi...

Author:

Date Added: 2/13/18 11:16 PM
Tags: 'Clustering’ 'K-Means' 'Expect...

7 1 Likes e, l’+



Anomaly Detection Example
Intuitive SQL Model Build and Model Apply Scripts

drop table CLAIMS_SET;
exec dbms_data_mining.drop_model ('CLAIMSMODEL);
create table CLAIMS_SET ( setting_name  varchar2(30), setting_value
varchar2(4000));
insert into CLAIMS_SET values (ALGO_NAME','ALGO_SUPPORT_VECTOR_MACHINES);
insert into CLAIMS_SET values (PREP_AUTO','ON");
commit ;
BEGIN Repeated script just add:
DBMS_DATA_MINING.CREATE_MODEL(
model_name =>"'CLAIMSMODEL", Create
mining_function => dbms_data_mining.classification , View CLAIMS?2 30
data_table_name =>"'CLAIMS', As -
case_id_column_name  =>'POLICYNUMBER!, Select * from CLAIMS2
target_column_name =>null, Where mydate > SYSDATE i 30
settings_table _name =>'CLAIMS_SET");
END;
/
.. . . [=|seript Output x [B» Query Result x
--  Top 5 most suspicious fraud policy holder claims = o
select * from 3 5 E’ﬂ @ SOL | All Rows Fetched: 5in 0,042 seconds
(select POLICYNUMBER, round( prob_fraud *100,2) percent_fraud {} POLICYNUMBER |{} PERCENT_FRAUD |{} RN |
rank() over (order by prob fraud desc) rnk from 1 654 60.68 1
(select POLICYNUMBER,  prediction_probability (CLAIMSMODEL, '0' using *) 2 11063 55.93 2
prob_fraud 3 7435 53.44 3
from CLAIMS 4 1875 47.6 4
where PASTNUMBEROFCLAIMS in ('2to4', 'morethan4’))) 5 938 47.5% 5
where rnk <=5

order by  percent fraud  desc; E




Gecko Insurance

Auto Claims Fraud

Unsupervised Learning | G _,
Based onG Ljll p Y gD T dZLI+ DS
build and apply Oracle Machine — |
Learning models to identify most

suspicious claims for further

Investigation



— ORACLE vachine Learning &I Charlie V2 New Notebooks [Char... ¥ ws CHARLIE ¥

® Connected

Auto Insurance Claims Fraud - Unsupervised Lea... px@ 25 +. a Q=0 ot~

FINISHED [> 25 B8 @&
Auto Insurance Claims Fraud - Unsupervised Learning

Nearly one of 10 Americans would commit insurance fraud If they knew they could get away with it. Nearly one of four Americans say G eCKo I nsu rance
it's ok to defraud insurers. About one in 10 people agree it's ok to submit claims for items that aren't lost or damaged, or for personal g 4

injuries that didn’t occur. Two of five people are “not very likely” or “not likely at all” to report someone who ripped of an insurer.
Accenture Ltd.(2003) Nearly three of 10 Americans (29 percent) wouldn't report insurance scams committed by someone they know.
Progressive Insurance (2001)

This notebook shows how to “flag” anomalous insurance claims using an unsupervised learning algorithm (1-Class Support Vector
Machine). The notebook first builds a 1-Class SVM model and then applies the model to flag unusual or suspicious auto insurance
claims . The anomaly detection model can also be applied to “score” new records. The entire machine learning methodology runs
inside the ADW.

By Charlie Berger, updated October 2020

0 sec. Last updated by CHARLIE at October 07 2020, 6:17-36 PM

Business Problem

We want to sift through our recent automobile insurance claims looking for anomalies that are suscicious and potentially fraudulent insurance claims. We will use an unsupervised learning Oracle
Machine Learning 1-class Support Vector Machine algorithm build and apply models on this “unlabeled” data to identify the most suspicious claims (e.g. top 1-2%) for further investigation by auto
insurance claims investigators who will assign “labels” Fraudfound Yes/No for further supervised OML learning predictive models.

ated by CHARLIE st October 08 2020, 5:49:24 PM. (cutdated)

Display Automobile Insurance CLAIMS data FINISHED [ 3% 88 &

%sql
Select * from CLAIMSe;

HE i ¢ M |2 & |~ seitings~

WEEKOFMONTH ~ DAYOFWEEK v MAKE v ACCIDENTAREA ~ DAYOFWEEKCLAIM:. MONTHCLAIMED.: WEEKOFMONTHCLAL.¥ SEX v~ MARITALSTATUS .z FAULT ~ VEHI =
1 Friday Honda Rural Friday Dec 3 Male Single PolicyHolder Sedan _
2 Friday Honda Urban Friday Jun 4 Male Single PolicyHolder Sedan

= Mandau Hand~ | lebhan Eridaw Anre 1 hala Qinnla ThirdDarh, QAadan



= ORACLE wachine Learning B! Charlie V2 New Notebooks [Char.. ~ "‘ CHARLIE =

Display Automobile Insurance CLAIMS data

Hsql
celect * from CLAIMSE;

Unsupervised Learning OML Model Input Attributes FNISHED (> 3 8 &

T ]
rﬁ—g—o—s__ g ‘

WEEKOFMONTH ~ DAYOFWEEK ~  MAKE ~ ACCIDENTAREA ~ DAYOFWEEKCLAIM:. MONTHCLAIMED .- WEEKOFMONTHCLAL.r SEX ~  MARITALSTATUS .=  FAULT ~ VEHI =
1 Friday Honda Rural Friday Dec 3 Male Single PolicyHolder Sedan =
2 Friday Honda Urban Friday Jun 4 Mals Single PolicyHolder Sedan
5 Monday Honda Urban Friday Apr 1 Male Single ThirdParty Sedan
4 Sunday Honda Urban Friday Sep 1 Male Single PolicyHolder Sedan
2 Tuesday Honda Urban Friday Jan 4 Male Single PolicyHolder Sedan
3 Tuesday Honda Urban Friday Jun 2 Male Single PolicyHolder Sport
2 Thursday Honda Urban Friday May 2 Male Single PolicyHolder Sedan
1 Wednesday Honda Urban Friday Mar 1 Male Single PolicyHolder Sedan
4 3

Took 0 sec. Last updated by CHARLIE at October 07 2020, 6:1417 PM

Display Automobile Insurance CLAIMS data; Quick Observation: Males Have More  rusien > 20 5 @ Display Automobile Insurance CLAIMS data; Quick Observation: Males Have More  rjysien > 20 5 @
Accidents on Fridays and Mondays Accidents on Fridays and Mondays

=gl

E o & & |- seftings ~ select * from CLAIMSE;

CyGrouped @ Stacked @ Male Female E bl & e L | ~| settings~

174
O Grouped @ Stacked @ Male Female
- - - - - -
0
Friday Monday Sunday Tuesday Thursday Wednesday Saturday - -
/]

Friday Monday Sunday Tuesday Thursday Wednesday Saturday
Took 0 sec. Last updated by CHARLIE at October 07 2020, 6:17:13 PM. (outdated)
Took 0 sec. Lest updated by CHARLIE at October 07 2020, 6:16:38 PM. (outdated)
Where Do Accidents Happen? FINISHED [> 3 B8 & AGEOFPOLICYHOLDER vs. VEHICLEPRICE FINISHED [> X B &
Hsql Zsgl

SEIRCT * from (] ATMSA: SFIFCT # FROM (1 ATHSA:



= ORACLE machine Learning B! Charlie V2 New Motebooks [Char.. * 6 CHARLIE =

Where Do Accidents Happen? FINISHED [> 35 B & Bar chart of AGEOFPOLICYHOLDER vs. VEHICLEPRICE FINISHED [> X B8 &
H=ql Zsgql
SELECT * from CLAIMS; SELECT * from CLAIMS;
E lnl & | F & | ~| seftings~ 2 o & M [ & |~ | settings~
qd O Grouped @ Stacked
37
350
300
250
200
150
100
0 [ by I e -

411050 16t017 31I035 261030 518065 overss

Data Understanding

Took 1 sec. Last updated by CHARLIE at October 09 2020, 3:16:10 PM 0 sec. Last updated by CHARLIE &t Dcto&ﬂﬂ 2020, 31612 PM. \

Display Automobile Insurance CLAIMS data FINISHED [> 3% B & Display Automobile Insurance CLAIMS data FINISHED [> 3% B & Display Automobile Insurance CLAIMS data FINISHED [> 3% B3 &

=gl - Zsgl " %sgl -
SELECT * from CLAIMS; ~ SELECT * from CLAIMS; 5 SELECT * from CLAIMS} v
E ol ¢ M & |~ seftings~ = oml & M & |~ | settings* B ol @ e [ & |- seftings*
@ Grouped O Stacked @ Friday Monday 0 Tues O Grouped @ Stacked @ Sport O Grouped @ Stacked @ 1vehicle Jtod @2
@ Thursday © Wednesday @ Sunc 239 T eees— 103

200
i

150
g
100 4
) - - - 2
0 ] - 0
1 2 3 4

CopyrighE® 2020 Oracle and/or its affiliates. Mo
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2% ORACLE 1achine Learning 2! Charlie V2 New Motebooks [Char... ~ ®  CHARLE v

Build Anomaly Detection Model (1-Class SVM) FINISHED [> 7% B8 @
Xscript

-- Build ancmaly Detecticn mMedel (1-Class SvM) on CLAIMS® data

DECLARE
v_sql warchar2{laa);

BEGIN

-- drop build settings

BEGIN

v_sql := 'DROP TABLE CLAIMS_SET';

EXECUTE IMMEDIATE v_sql;

DEMS_OUTPUT.PUT_LINE (v_sql ||": succeeded');

EXCEPTION

WHEN OTHERS THEM

DEME_OUTFUT.PUT_LINE (v_sql ||": drop unneccessary - no table exists');
END;

-- drop any previous model.

BEGIM

v_sgl := 'CALL DEMS_DATA_ MINING.DROP_MODEL(""CLAIMSMODEL"')}";

EXECUTE IMMEDIATE v_sgl;

DEMS_OUTPUT.PUT_LINE (v_sql ||": succeeded');

EXCEPTION

IWHEN OTHERS THEM

DEMS_OUTFUT.PUT_LINE (v_sql ||": drop unneccessary - no model exists');
END';

-- Create a Build Setting table for Model Build

EXECUTE IMMEDIATE 'CREATE TABLE CLAIMS_SET {setting_name VARCHARZ(2@),setting_walus VARCHARZ(4B0@))";

EXECUTE IMMEDIATE 'INSERT INTO CLAIMS_SET (setting_name, settimg_value) VALUES (''ALGO_MAME'', ''ALGO_SUPPORT_WECTOR_MACHINES''}";
EXECUTE IMMEDIATE 'INSERT INTO CLAIMS_SET (setting_name, settimg_value) VALUES (''PREP_AUTOD'', ''ON''}";

DEMS_OUTPUT.PUT_LIME {'Created model build settings table: CLAIMS_SET '};

-- Build the 1-Class SwM model.

: EGégms_nATA_r-'.w ING.CRE .'-'\TE_I‘"&';!DE L{ .
Eg:ﬂizﬁctinn :; dErl:u;f:ﬂg?;;n%ng.classifica'tic-n, = BU||d 1_ w p y dzdz T LJ ! ! :l: Dﬂ_J U"E Z LJ:': Di R y Z 2 5 " E R :l: -'S
data_table_name =» "CLAIMSA', N

case_id_column_mame =» "PCLICYMUMBER',

target_column_name => null,

settings_table_name =» "CLAIMS_SET');
END;

End;

DROP TABLE CLAIMS_SET: succeesded
CALL DBMS_DATA_MINING.DROP_MODEL( 'CLAIMSMODEL'): succeeded
Created model build settings table: CLAIMS_SET

PL/SQL procedure successtully completed.

Copyright © 2020 Oracle and/or its affiliates.
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Displ Il Custo in Probabil f Being Anomalous in D nding Ord . .. . .
e 1 erens S er/ Use Model to display most suspicious claims in

SELECT * FROM .

{select POLICYNUMEER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS, round(prob fraud+lea,2) percent_fraud, descend”‘]g Order
rank(} over (order by prob_fraud desc) rnk from

{select POLICYNUMBER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS, predicticn_prcbability(CLAIMSMODEL, '@ using *) prob_fraud

from CLAIMS®

n

order by percent_fraud desc;

FIMISHED [> Zi B8 &

ol € M [ [ & |~ seftings =

POLICYNUMBER ~  AGEOFPOLICYHOLDER ~  SEX ~  MARITALSTATUS ~ | PERCENT_FRAUD ~  RNK 1=
14485 26to30 Female Single 7135 1 -
11677 41to50 Male Married 66.76 2
654 JI6tod0 Male Married 615 3
1 26t030 Female Single 58.97 4
5356 JI6tod0 Femals Married 57.02 5
11068 41to50 Male Married 56.72 [
7435 31to35 Male Married 54.12 T
10415 3035 Male Single 53.96 3 -
4
Took 0 sec. Last updated by CHARLIE at October 07 2020, 6:14:47 PM
Display Suspicious Claims by AGE of PolicyHolder FINISHED [> 3 B @& Display Suspicious Claims by AGE of PolicyHolder FINISHED [> 3£ B8 @&
Xsqgl Hsgl
SELECT * FROM SELECT * FROM
{select POLICYNUMEER, AGECQFPOLICYHOLDER, SEX, MARITALSTATUS, round(prob_fraud+i1ee,2) percent_fraud, {zelect POLICYMUMBER, AGEOFPOCLICYHOLDER, SEX, MARITALSTATUS, round(prob_fraud*lea,2) percent_fraud,
rank(} over (order by prob_fraud desc) rnk from rank(} over (order by prob_fraud desc) rnk from
{select POLICYNUMBER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS, predicticn_prcbability(CLAIMSMODEL, '@ using *) {select POLICYNUMBER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS, predicticn_probability(CLAIMSMODEL, '1' using *)
prob_fraud prob_fraud
from CLAIMS@ from CLAIMS®
n n
order by percent_fraud desc; arder by percent_fraud desc:
E ol ¢ M & |~ | seftings~ E o & M & |~ | seftings~
@ Grouped (O Stacked @ POLICYNUMEER @ Grouped (O Stacked @ POLICYNUMEER
335 409
300

230

ann
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Display Suspicious Claims by AGE of PolicyHolder FINISHED [> % B8 & Display Suspicious Claims by AGE of PolicyHolder FINISHED [> XX B &
H=ql X=ql
SELECT * FROM SELECT * FROM
{select POLICYMUMBER, AGEQFPOLICYHOLDER, SEX, MARITALSTATUS, Nound(prob_fraud+iee,2) percent_fraud, {select POLICYMUMBER, AGECQFPOLICYHOLDER, SEX, MARITALSTATUS, round({prob_fraud+iee,2) percent_fraud,

rank() over (order by prob_fraud desc) rnk from
{select POLICYMUMBER, AGECFPOLICYHOLDER, SEX, MARITALSTATUS, prediction_prebability{CLAIMSMCODEL, '1" using *)
prob_fraud
from CLAIMS®
n

EXplOre the SUSDICIOUS order by percent_fraud desc

H E | bl & e 2 L |~ seftings~
claims

rank(} over (order by prob_fraud desc) rnk from
{select POLICYNMUMBER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS, pradicticn probability(cLAIMSMODEL, '@' using *)
prob_fraud
from CLAIMS®
n

order by percent_fraud desc;

E | bl &5 e [ L |~ seftings~

@ Grouped (O Stacked @ POLICYMUMBER @ Grouped (O Stacked @ POLICYMUMBER
335 409
300
300
200
200
) . N .
- I S S
A1t050 311035 S1to65 J— 36tod0 51toB5 26to30 21to25
Took 0 sec. Last updated by CHARLIE at October 07 2020, 6:14:50 PM. (outdated) Tooklsee Lestu tober 07 2020, 6:14:54 PM. (outdated)

Show the Top 5 Most Suspicious Customers Dlsplay the top 5 most SUSplClOUS Clalms FINISHED [> 3£ B3 &

%=ql

SELECT * FROM

{select POLICYNUMBER, AGEQFPOLICYHOLDER, SEX, MARITALSTATUS, MUMBEROFCARS, WITMESSFRESENT, royfd(prob_fraud*lea,2) percent_fraud,
rank(} over (order by prob_fraud desc) rnk from

{select POLICYNMUMBER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS, MUMBEROFCARS, WITMESSFRESE

from CLAIMS®

n

where rnk <= &

order by percent_fraud desc;

prediction_probability(CLAIMSMCDEL, '@' using *) prob_fraud

E | bl 5 e [ & | ~| seftings~

POLICYNUMBER ~ AGEOFPOLICYHOLDER ~ SEX ~  MARITALSTATUS ~  NUMBEROFCARS ~  WITNESSPRESENT ~ PERCENT_FRAUD ~  RNK o
14485 26ta30 Female Single 1vehicle No 7135 1 -
1677 411050 Male Married 2vehicles No 66.76 2
654 36todl Male Married 1vehicle Mo 615 3
1 REnIN Famala Sinnla Ftnd M RA a7 4




ORACLE 1achine Learning

Display Suspicious Claims by Number of Carsi rsien
Accident and Witnesses Present or Not

=R T R -]

e B8 B

"= & | ~| settings~

For repeatability, drop previous table

Zscript
-- For repeatability, drop previcus table

DECLARE
v_sql varchar2(l8a);

FINISHED [» 3% EH &

-

I Charlie V2 New Notebooks [Char.. * 2

np CHARLEE ~

Create table CLAIMS_SUSPICIOUS for investig: risten [> 20 8 &
using APEX or Oracle Analytics Cloud
Z=ql -

CREATE TABLE CLAIMES_SUSPICIOUS AL

@ Grouped (O Stacked [ 10 fes SELECT * FROM
861 BEGIN {select POLICYNUMBER, AGEOQFPOLICYHOLDER, SEX, MARITALSTATUS, round
{prob_fraud*128,2) percent_fraud,
/* drop tab;le */ rank{) over {order by prob_fraud desc) rnk from
EEG” ! ' (select POLICYMUMBER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS,
w_sql := 'DROP TABLE CLAIMS_SUSPICIOUS'; prediction_probability (CLAIMSMODEL, '@" wsing *) prob_fraud
EXECUTE IMMEDIATE v_sql; Jm‘"‘ fLaTMSe
500 Ei?:;?}l;:UT'PUT'L“E (v_sgl [|': succesded'); orier by percent_fraud desc ~
WHEMN OTHERS THEH - s =+ [letry TNEHY F151T PR (outdated
DEMS_OUTPUT.PUT_LINE (v_sgl ||': drop unneccessary - no table exists')y; ook 0 sec. Last updated by CHARLIE st October 07 2020, 6:1513 PM. (outdated
END;
End; -
DROP TAELE CLAIMS_SUSPICIOUS: succeesded
o | —
1vehicle 2vehicles Stod Stod
PL/SQL procedure successfully completed.
Taok 0 sec. Last updated by CHARLIE at October 07 2020, 6:15:04 PM. (outdated) Took 1 sec. Last updated by CHARLIE &t October 07 2020, 6:13:09 PM. {outdated
Create table CLAIMS_SUSPICIOUS : . : : : FNISHED [ 3 B &
o Use Model to display most suspicious claims in descending order
SELECT * FROM CLAIMS_SUSPICIOUS;
ol o e | [ L - ety \
POLICYNUMBER ~  AGEOFPOLICYHOLDER SEX ~  MARITALSTATUS ~  PERCENT_FRAUD ~ RNK v |[=
14485 26to30 Female Single 7135 1 -
MBe7T 41to50 Male Married 66.76 2
654 J6tod0 Male Married 615 3
1 26to30 Female Single 5897 4
5356 J6tod0 Female Married 57.02 5
11068 41to50 Mal= Married 56.72 6
7435 31to35 Male Married 5412 T
10415 31to35 Male Single 53.96 3 -
1 3
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APEX

o APEX App Builder SQL Workshop Team Development App Gallery - Q 9; @ m david_ml

About

Oracle APEX is the native
application development
framework of the Oracle

Database.
% (%’5 Learn More....
Dashboard
App Builder SQL Workshop Team Development App Gallery
Top Apps Top Users Messages 2 2 61

Applications Tables

m david_ml

- W

0] 0

Productivity Apps Issues

Resources
Community Site
apex.world

Blog

Hands-On Labs

Education .

Social



APEX

O APEX App Builder - SQL Workshop ~ Team Development App Gallery ~ Q (_Q; @ mdavid_ml

About

The App Builder enables you to
design, develop and deploy
applications which are beautiful
and responsive.

+ T @ ﬁ Learn More ...

o Recent
Create Import Dashboard Workspace Utilities
100 Fraud Demo
101 Fraud_demo
Qv Go B8  EB  Actionsv Reset Create >
Tasks
| Fraud Demo Fraud_demo

Install Sample App

100 & 101
8.

Install Productivity App
Manage Backups

Browse by Facets

Migrations

Oracle Forms Migrations



APEX

O APEX App Builder - SQL Workshop  ~ Team Development App Gallery ~ Q 8& @ mdavid_ml

I'T“I Create Application

Create an Application

X

New Application From a File Productivity App

Add pages on existing data, Upload a CSV, XLSX, XML or Install one of many included
select application features, set JSON file, or copy and paste data, Sample and Productivity Apps
your theme, and configure other then create your application. from the App Gallery.

options.

Websheet - Quick SQL - Copy Application - Help



O arex

App Builder

L

SQL Workshop  ~ Team Development App Gallery

View Blueprint Load Blueprint

Create an Application

Name Appearance

Fraud_CB| Vita, Side Menu
Pages

Add Page
I ) Home Blank
Features Check All
® About Page Q Access Control
Add about this application page Enable role-based user authorization

Configuration Options Feedback
Enable or disable application features Allow users to provide feedback

14

Cancel Create Application

Sa

Edit

Activity Reporting
Include user activity and error reports

Theme Style Selection
Update default application look and
feel

& m david_ml



APEX

O APEX App Builder - SQL Workshop v Team Development App Gallery

- Application 102

Application 102 - Fraud_CB

Run Application Supporting Objects
Qv Go B8 B  Actionsv
0 - Global Page - Desktop 1-Home

Shared Components

9999 - Login Page

%

Utilities

Q & @ [ daviam

P S & B o1 ®

Edit Application Properties About
Use the Application home page
to run, edit, import, export,
copy, or delete an application.
Select a page to edit the page

properties, or click Create Page
to add a page to the application.

\LT Learn More ...

Tasks

Export / Import
Delete this Application

Copy this Application

Create Page > Manage Backups

Browse by Facets

Recently Edited Pages

1. Home
9999. Login Page

1-3 0. Global Page - Desktop



APEX

Create a Page

Page Type
Blank Page Master Detail Plug-ins

Dashboard Calendar Wizard Data Loading Legacy Page

Cancel Help




APEX

Create Page

Interactive Report Faceted Search Classic Report Report with Form List View

Column Toggle Reflow Report
Report

Cancel Help




APEX

Page Attributes

Type
*
Page Number
*
Page Name
Page Mode

Breadcrumb

Cancel

Create Interactive Grid

Interactive Grid

Normal Modal Dialog

- do not use breadcrumbs on page - Vv




APEX

Create Interactive Grid
® @

Report Source

Data Source Local Database REST Enabled SQL Service Web Source

Editing Enabled (:)

* Source Type Table SQL Query
* Table / View Owner DAVID_ML

= Table / View Name  CB_TO_LABEL (table)

> Columns




APEX

O APEX App Builder SQL Workshop  ~ Team Development App Gallery ~  Report page created successfully.
@ Avpiication 102 . Page Designer N~ 4|6 || T
B ¢ 1 & Layout  PageSearch  Help Page
= ; = | am »

> Pre-Rendering

/
v Regions - Fraud_CB_Labelling Identification

” PAGE HEADER
v Content Body Name Fraud_CB_Labelling
) PAGE NAVIGATION
v |5 Fraud_CB_Labelling BREADCRUMB BAR Page Alias fraud-cb-labelling
v Columns BEFORE CONTENT BODY
Title Fraud_CB_Labelling
CONTENT BODY
APEX$ROW_SELECTOR —
I~ Fraud_CB_Labelling Page Group - Select - h
APEX$ROW_ACTION —
PREVIOUS
ROWID Appearance
ITEMS
EXPERT_LABEL 4 4
= REGION CONTENT User Interface Desktop
TRANSACTION_ID
SUB REGIONS Page Mode Normal %
PROB_ANOMALOUS T
\ Page Template Theme Def v
TRANSACTION_DATE
FOOTER Template Options Use Template Defaults
TRANSACTION_AMOUNT P P 2]
INLINE DIALOGS
CUSTOMER_ID CSS Classes 8=
CUSTOMER_NAME Mledin fype
CUSTOMER_AGE
CUSTOMER_ETHNICITY U L

CUSTOMER_GENDER2

Override User D

Interface Level
CUSTOMER_EMAIL



APEX

Static Values

Values

Display Value Return Value
Fraud

Not Fraud




APEX

O APEX App Builder - SQL Workshop - Team Development ~ App Gallery ~ Q 9}.
(1) Application 102 o S &
Application 102 - Fraud_CB Edit Application Properties About

Use the Application home page
to run, edit, import, export,
copy, or delete an application.
Select a page to edit the page
properties, or click Create Page
to add a page to the application.

J_?g \L/]\ Learn More ...

Tasks

Run Application Supporting Objects Shared Components Utilities Export / Import
Delete this Application

Copy this Application

Qv Go os | B Actions v Create Page > Manage Backups

Browse by Facets

Recently Edited Pages

4. Fraud_CB_Labelling
0 - Global Page - Desktop 1- Home 4 - Fraud_CB_Labelling 9999 - Login Page
1. Home

1-4 0. Global Page - Desktop

9999. Login Page



s
lei

Fraud _CB

L Username

& Password

Remember username




Gecko Insurance

APEX e

= Fraud_CB R david ml v
Qv Search: All Text Columns Go Actions v Edit ﬂ Add Row [S Reset

= Expert La... Transacti... Prob Ano... Transacti...  Transacti... Customer... Customer... Customer... Customer... Customer... Customer... Customer... Customer... Transacti... RecieverId Reciever ... Rnl

v = 27731 51 03/02/2019 3.17 TRN56662.. Fumiko Sp... 19  White Male b@cjmk -53.19376... -7234443.. POS RRMN16491...  Sport 251
= a1102 51 16/04/2019 3238 TRN56662..  Fumiko Sp... 19  White Male b@cjmk -53.19376... -7234443.. POS RRMN19460...  Wellness 30

= 150648 51 23/06/2019 8514 TRN56662.. Fumiko Sp... 19  White Male b@cjmk -53.19376... -7234443.. POS RRMN20984...  Wellness 31

= 29444 51 05/02/2019 .54 TRN56662..  Fumiko Sp... 19 White Male b@cjmk -53.19376... -72.34443..  POS RRM85975...  Food 33

= 99131 51 25/04/2019 64.15 TRN56662...  Fumiko Sp... 19  White Male b@cjmk -53.19376... -7234443..  POS RRMN85975...  Food 34!

= 87434 5 12/04/2019 947 TRN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016... -113.5383..  POS RRM13136...  Leisure 93

= 46687 5 24/02/2019 10141 TRN11554.. Ronna Sch... 33 Asian Female c@l.oen -68.02016... -113.5383..  POS RRM17484...  Wellness 98

= 109671 5 07/05/2019 6446 TRN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016... -113.5383..  POS RRMN48013...  Health 99!

= 50261 5 28/02/2019 346.98 TRN11554.. Ronna Sch... 33 Asian Female c@l.oen -68.02016... -113.5383..  POS RRM50039...  Health 99

= 75462 S5 29/03/2019 20,77 TRN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016... -113.5383..  POS RRMN15351...  Wellness 100

= 50873 5 01/03/2019 4134 TRN11554... Ronna 5ch... 33 Asian Female c@l.oen -68.02016... -113.5383..  POS RRN11984...  Wellness 101

= 83477 5 07/04/2019 6832 TRN11554.. Ronna Sch... 33 Asian Female c@l.oen -68.02016... -113.5383..  POS RRMN15351...  Wellness 102,

= 142085 5 13/06/2019 51.02 TRN11554.. Ronna Sch... 33 Asian Female c@l.oen -68.02016... -113.5383..  POS RRM85975...  Food 1121

= 78085 49 01/04/2019 2361 TRN51486.. AlixKing 22 Native Am.. Female f@b.mro -50.21372... 83.557978... POS RRMN15114...  Entertain... 219

= 28916 49 04/02/2019 4749  TRN20411.. Kathaleen ... 40 African A.. Female f@n.eug -81.51202... -10.73481..  POS RRM54755...  Fashion 376

= 53278 S5 04/03/2019 1537  TRN11228..  Jean Hayes 19 Hispanic Female f@n.hfa -20.30005... -69.51243..  POS RRMN19460..  Wellness 78.

= 18532 5o 23/01/2019 46,77 TRN11228.. Jean Hayes 19 Hispanic Female f@n.hfa -20.30005... -69.51243..  POS RRM85595...  Leisure :
142637 5 14/06/2019 397 TRN11278 lean Haves 19 Hispanic Female fi@n.hfa -2(1.30005 -£0.51.243 POS ERMAYGT5..  Food q

1 rows selected Total 156299

Debug @ Page Info {R] Quick Edit '~? Theme Roller

@ Session

f_’rﬁ Home @ Application 102 @ Edit Page 4
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= Fraud_CB
Q ~ | Search: All Text Columns Go Actions v Edit ﬂ Add Row [S Reset
= Expert La... Transacti... Prob Ano... Transacti... Transacti... Customer... Customer... Customer... Customer... Customer... Customer... Customer... Customer... Transacti... Recieverld Reciever... Rnl
o = ~ 27731 51 03/02/2019 3.17  TRN56662.. Fumiko Sp... 19  White Male b@c.jmk -53.19376...  -7234443.. POS RRN16491...  Sport 251
= 91102 51 16/04/2019 3238 TRN56662..  Fumiko Sp... 19  White Male b@c.jmk -53.19376...  -7234443.. POS RRMN19460... Wellness 30
= il 150648 51 23/06/2019 85.14 TRNS56662..  Fumiko Sp... 19  White Male b@cjmk -53.19376...  -7234443.. POS RRMN20984...  Wellness 31
= 29444 51 05/02/2019 54 TRM56662..  Fumiko Sp... 19  White Male b@cjmk -53.19376..  -7234443.. POS RRM85975...  Food 33
= 99131 51 25/04/2019 64.15 TRN56662..  Fumiko Sp... 19  White Male b@c.jmk -53.19376...  -7234443.. POS RRM85975...  Food 34
= 87434 5 12/04/2019 947 TRN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016...  -1135383.. POS RRMN13136...  Leisure a3
= 46687 5 24/02/2019 10141 TRN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016..  -1135383.. POS RRN17484...  Wellness aai
= 109671 .5 07/05/2019 6446 TRMN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016...  -1135383.. POS RRMN48013... Health a9
= 50261 5 28/02/2019 34698 TRM11554.. Ronna Sch... 33 Asian Female c@l.oen -68.02016..  -113.5383.. POS RRMN50039...  Health 99
= 75462 5 29/03/2019 2077  TRN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016..  -1135383.. POS RRMN15351...  Wellness 100°
= 50873 5 01/03/2019 4134 TRN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016..  -113.5383.. POS RRMN11984...  Wellness 101
= 83477 5 07/04/2019 6832 TRN11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016...  -1135383.. POS RRM15351...  Wellness 102,
= 142085 5 13/06/2019 51.02 TRM11554..  Ronna Sch... 33 Asian Female c@l.oen -68.02016...  -113.5383.. POS RRM85975...  Food 1121
= 78085 49 01/04/2019 2361 TRN51486..  Alix King 22 Native Am.. Female f@b.mro -50.21372..  83.557978.. POS RRM15114...  Entertain... 219
= 28916 49 04/02/2019 4749  TRN20411..  Kathaleen .. 40 African A... Female f@n.eug -8151202..  -10.73481..  POS RRM54755...  Fashion 376
= 53278 .5 04/03/2019 1537 TRN11228.. Jean Hayes 19  Hispanic Female f@nhfa -2030005...  -69.51243.. POS RRMN19460... Wellness 78.

18532 S5 23/01/2019 4677  TRN11228..  Jean Hayes 19  Hispanic Female f@n.hfa -20.30005... -69.51243... POS RRNB85595...  Leisure .
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Auto Claims Fraud ——— ': e
Supervised Learning |

"“v". "’\

build and apply focused Oracle =

Machine Learning models to identify — B===
the most suspicious claims and
reasons why



= ORACLE Machine Learning Chatlie V2 New Notebooks [Char... ¥ o CHARLIE v

@ Connected

Auto Insurance Claims Fraud - Supervised Learni... cx@m#zs +. a Q=0 ot~

FINISHED [ 2{ B &

~

FINISHED D i B &

Auto Insurance Claims Fraud - Supervised Learning

Nearly one of 10 Americans would commit insurance fraud if they knew they could get away with it. Nearly one of four Americans say
it's ok to defraud insurers. About one in 10 people agree it's ok to submit claims for items that aren't lost or damaged, or for personal
injuries that didn't occur. Two of five people are “not very likely” or “not likely at all” to report someone who ripped of an insurer.
Accenture Ltd.(2003) Nearly three of 10 Americans (29 percent) wouldn't report insurance scams committed by someone they know.
Progressive Insurance (2001)

This notebook shows how to “flag” anomalous insurance claims using an unsupervised learning algorithm (1-Class Support Vector
Machine). The notebook first builds a 1-Class SVM model and then applies the model to flag unusual or suspicious auto insurance
claims . The anomaly detection model can also be applied to “score” new records. The entire machine learning methodology runs
inside the ADW.

Created by and Last Updated October 2020 by Charlie Berger and Dohoon Kim

by CHARLIE at October 08 2020, 6:22-50 PM

Business Problem

Based on “labeled data” derived from automobile insurance claims evaluators (see related Auto Insurance Claims Fraud - Unsupervised Learning OML Notebook), we can now build supervised learning
models that better target known insurance claims fraud. Based on this historical “labeled data” (Fraudfound Yes/No), we would like to build predictive models to detect likely fraudulent auto claims.

Took 0 sec. Last updated by CHARLIE at October 08 2020, 6:23.24 PM

Display Automobile Insurance CLAIMS data FINISHED [> 3% B3 @
%sql

Select * from CLAIMS;

E b @ M |2 & |~ settings~

FRAUDFOUND ~ WEEKOFMONTH v DAYOFWEEK v MAKE ~ ACCIDENTAREA ~ DAYOFWEEKCLAIM:. MONTHCLAIMED . WEEKOFMONTHCLAIL.r SEX v MARITALSTATUS .z FAUL =
Yes 4 Friday Honda Urban Monday Apr 1 Female Married Policyt *
No 1 Friday Honda Rural Monday Apr 3 Male Single Policyk

Yes 3 Friday Pontiac Urban Monday Apr 3 Female Single Policyt



E! Charlie V2 New Notebooks [Char... = 6 CHARLIE

— ORACLE wachine Learning

Where Do Accidents Happen? FINISHED [> 32 B8 & Bar chart of AGEOFPOLICYHOLDER vs. VEHICLEPRICE FIMISHED [> 3f B8 &
=gl Zsgl
SELECT * from CLAIMS; SELECT * from CLAIMS;
=R T R & || seftings~ =R TR O O & |- | settings~
@ Urban Rural O Grouped @ Stacked ®ves Mo
179
150
100
su . .
0 - I EE—— [ [

41050 16ta17 3033 26to30 Jatodd 211063 overga 2Mo25 181020

# 1 /
Took 1 sec. Lastupdated by CHARLIE at October 08 2020, 6:24:36 PM Took [ gageest uQx@I—@LIEQQ@qg! *§Lar’n d In g \

Display Automobile Insu CLAIMS data FINISHED [> 3% B8 & Display Automobile Insurance CLAIMS data FINISHED [> 3% B3 @&

Display Automobile Insurance CLAIMS data NISHED [> 35 B &

H=ql - sgl " %Esgl -
SELECT * from CLAIMS, - SELECT * from CLAIMS; - SELECT * from CLAIMS; -
E ol @ 2 F & |~| seftings~ 5 oml @ M | L |~ settings« B ol @ M & [ L - seftings =
@ Grouped O Stacked @ Friday Monday O Grouped @ Stacked ® Sport Sedan @ Utility O Grouped @ Stacked @ 1vehicle 304 @ Zvehicles
@ Tuesday Saturday 130 s R 5to8
@ Thursday  © Wednesday B 103
.Sunda}r 100 I —
52

I
I I
eb Jul

F

I I I I I I I su
Yes Mo 2 4



— ORACLE Machine Learning B! Charlie V2 New Notebooks [Char... * "' CHARLIE +

FINISHED cnH T

Data Preparation

CHARLIE 2

Took 0 sec. Last up

W

Split the data into 60% training and 40% holdout sample
Split CLAIMS into Train and Test datasets ~ <—_ for model testing/evaluation FNISHED D> 3¢ B @

¥script

-- Split the data into random samples of &% for training data (CLAIMS_TRAIM_DATA) for trainimg the models and a 48% held out sample for testing and evaluating the models (CLAIMS_TEST_DATA)

CREATE OR REPLACE VIEW CLAIMS_TRAIN_DATA AS SELECT * FROM CLAIMS SAMPLE (&2) SEED (1);
CREATE OR REPLACE VIEW CLAIMS_TEST_DATA AS SELECT * FROM CLAIMS MINUS SELECT * FROM CLAIMS_TRAIM_DATA;

View CLAIMS_TRAIM_DATA created.

View CLAIMS_TEST_DATA created.

07 2020, 103508 AM.

Took 1 sec. Last up vy DOHOOM at 0

FINISHED [> % B &
Model Building

 CHARLIE 3t O

iy

ober 08 2020, 1:49:43 PM. (outdated)

Took 0 sec. Last updatec

Build Atribute Importance Model FINISHED [> 3% B9 & Show the Top the Top Attributes Associated with Fraudulent Auto Claims FIMISHED [> 3% B8 &

Zscript - %sql

-- Fimd the importance of attributes that independently impact the SELECT * FROM DMSVAAI_EXPLAIN OQUTPUT_CLAIMS_AI WHERE ROWNUM <3}
target attribute: BUY_INSURANCE

BEGIMN DEMS_DATA_MINING.DROP_MODEL('AI_EXPLAIN_OUTPUT_CLAIMS_AI'); ol & M | F L |~ | settings~

EXCEPTION WHEM OTHERS THEW WULL; END;

DECLARE @ Grouped (O Stacked @ ATTRIBUTE_IMPORTAMCE...
V_SETLST DBME_DATA_MINING.SETTING_LIST; D122

BEGIN
W_SETLST("ALGO_MAME') '= "ALGO AL MDL'; 01

V_SETLST('PREP_AUTO') = 'ON';
DEMS_DATA_MIMING.CREATE_MODELZ( 005
MODEL_MAME => 'AI_EXPLATN_OUTPUT_CLAIMS_AI",



= ORACLE achine Learning B! Charlie V2 New Motebaoks [Char... = a CHARLIE =

FIMISHED [> 01 B &
Model Building Identify the most influential input attributes
r OB 2020, 6:28:30 PM l

Show the Top the Top Attributes Associated with Fraudulent Auto Claims FIMISHED [> 2 B8 @&

- %sgl

ed by CHARLIE at Octo

Took 0 sec. Lest up

Build Atribute Importance Model FINISHED [> X &8
Fzcript

-- Find the importance of attributes that independently impact the SELECT * FROM DMSWAAIL_EXPLAIN_OUTPUT_CLAIMS_AL WHERE ROWNUM <8;
target attribute: BUY_INSURANCE

BEGIN DEMS_DATA_MINING.DROP_MODEL('AI_EXPLAIN_OUTPUT_CLAIMS_AL') B ol @ e s | L |~ settings~

EXCEPTION WHEM OTHERS THEM MULL; END;

DECLARE @ Grouped (O Stacked @ ATTRIBUTE_IMPORTAMNCE...
W_SETLST DBMS_DATA MINING.SETTING_LIST; 0122
BEGIN 01
W_SETLST("ALGO_MAME'} t= 'ALGD AL _MDL'; -
W_SETLST("PREP_AUTO'} t= "ON";
DEMS_DATA_MINING.CREATE_MODELZ( 0.05
MODEL_MAME =» "AT_EXPLATN_OUTPUT_CLATMS AI",
MINING_FUNCTION = 'ATTRIBUTE_IMPORTAMCE',
DATA_QUERY =» "SELECT * FROM CLAIMS',
SET_LIST =» W_SETLST, 0
CASE_ID_COLUMN_MAME => 'POLICYNUMBER', o a
TARGET_COLUMN_NAME => "FRALDFOUND"}; " 63‘
END; o ‘ep‘?f
- ¥ &
L
v Q?ac’
PL/SQL procedure successfully completed. @Q'
W
Togk 2 sec, | 25t wps d by CHARLIE at October 08 2020, 6:78:55 P
Took 0 sec. Last updated by CHARLIE &t October 08 2020, 1:30:43 PM. (owtdated)
Build Random Forest Model FIMISHED [> 3% B8 @& Build GLM Model FIMISHED [> 3% B9 &
Escript Escript
-- Build Classication Model on CLAIMS data -- Build Classication Model on CLAIMS data
BEGIN BEGIN
DEMS_DATA MINING.DROP_MODEL( "CLAIMS_CLASS MODEL_RF'); DBMS_DATA_MINING.DROP_MODEL{ "CLAIMS_CLASS _MODEL_GLM');
EXCEPTION WHEM OTHERS THEM MULL; EXCEPTION WHEM OTHERS THEM MULL;
END; END;
DECLARE DECLARE
W_SETLST DBMS_DATA_MINIMNG.SETTING_LIST; W_SETLST DBMS_DATA_MINIMNG.SETTING_LIST;
BEGIN BEGIN

V_SETLST('PREP_AUTO'} := 'ON'; V_SETLST('PREP_AUTO'} := 'ON';
v erTieTflarem Riae 1Y . Taremm manmvas ranceT v erTieTflarea Riae 1Y . Tal A FERICER AL TOEM 1 TRICGAR awmursre) 0oa
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Decision Tree

UTOOMES

This Photdy Unknown Author is
licensed undeCC BY

Random Forest

Random Forest Simplified

Instance
Random Forest il i
AN AN AN
AL PN y 4 RN < A
KR XR KR AR X R KR
dbdodbdd dbdbdbidd dbdbdbdd
Tree-1 Tree-2 Tree-n
Class-A Class-B Class-B

This Photdoy Unknown Author is licensed undéc BY

Nalve Bayes

| =3 Nalve Bayes .49-51 contour band

{ —  Logistic Regresson Boundary

This Photdyy Unknown Author is licensed
under CC BXSA

Neural Network

Hidden
Input
Output

This Photdyy Unknown Author is
licensed undeCC BXSA

Model

Selection

-/ .
{ vyertice

Platinum
Partner


https://courses.lumenlearning.com/suny-principlesmanagement/chapter/using-a-decision-tree/
https://creativecommons.org/licenses/by/3.0/
http://stackoverflow.com/questions/21468469/logistic-regression-and-naive-bayes-for-this-dataset
https://creativecommons.org/licenses/by-sa/3.0/
https://sefiks.com/2017/11/19/how-random-forests-can-keep-you-from-decision-tree/
https://creativecommons.org/licenses/by/3.0/
https://en.wikipedia.org/wiki/File:Artificial_neural_network.svg
https://creativecommons.org/licenses/by-sa/3.0/

— ORACLE 1achine Learning

B2 Charlie V2 Mew Notebooks [Char... * ", CHARLIE =

Build Random Forest Model

¥script

-- Bulld Classication Model on CLAIMS data

BEGIM
DBMS_DATA_MINING.DROP_MODEL{ 'CLAIMS_CLASS_MODEL_RF');
EXCEPTION WHEM OTHERS THEM NULL;

END;

DECLARE
V_SETLST DBMS_DATA_MINING.SETTING_LIST;
BEGIN
V_SETLST('PREF_AUTO'} := "ON';
V_SETLST('ALGO_NAME'} := "ALGO_RANDOM_FOREST';
DEMS_DATA_MINING. CREATE_MODELZ(
'CLAIMS_CLASS_MODEL_RF',
'CLASSIFICATION',
'SELECT * FROM CLAIMS_TRAIN_DATA',
V_SETLST,
'POLICYMUMBER',
'FRAUDFOUND '}
END;

PL/SQL procedure successfully completed.

OB 2020, 6:29:27 PM

¥ CHARLIE at Octo

Took 2 sec. Last up

Build Support Vector Machine Model

Zzcript

_rial

V_SETLST,

INE

L

Build GLM Model
Kscript

FINISHED BT

-- Build Classication Model on CLAIMS data

BEGIN
DBMS_DATA_MINING.DROP_MODEL{ 'CLAIMS_CLASS_MODEL_GLM');
EXCEPTION WHEM OTHERS THEM NULL;

END;
DECLARE

V_SETLST DBMS_DATA_MINING.SETTING_LIST;
BEGIN

V_SETLST('PREF_AUTO') == "OH';

V_SETLST('ALGO_NAME') := "ALGO_GENERALIZED LINEAR_MODEL';
DEMS_DATA_MINING. CREATE_MODEL2(

'CLAIMS_CLASS_MODEL_GLM',

'CLASSIFICATION',

'SELECT * FROM CLAIMS_TRAIN_DATA",

V_SETLST,

'POLICYMUMBER',

'FRAUDFOUND' ) ;

Build 4 OML
Supervised Learning
Classification

Models

END;

PL/SQL procedure successfully completed.

by CHARLIE at October 08 2020, 6:29:47 PM

Build Decision Tree Model
Xscript

&

RUNNING 0% D 3%

-- Build Classication Mocdel on CLAIMS data

BEGIN
DEMS_DATA_MINING.DROP_MODEL{ *CLAIMS_CLASS_MODEL_DT');
EXCEPTION WHEM OTHERS THEN NULL;

END;

DECLARE
V_SETLST DEMS_DATA_MINING.SETTING_LIST;
BEGIN
V_SETLST('PREP_AUTQ'} 2= "ON';
V_SETLST('ALGO _MAME') := 'ALGO_DECISIOM TREE';
DEMS_DATA_MINIMNG.CREATE_MODELZ(
'CLATMS_CLASS_MODEL_DT",
"CLASSIFICATION',
"SELECT * FROM CLAIMS_TRATN_DATA',
V_SETLST,
"FOLICYNUMBER',
'FRAUDFOUND" )}
END;

FIMISHED v B2 &

FINISHED [> Z% B8 &




= ORACLE Machine Learning

B Charlie V2 Mew Notebooks [Char... :' CHARLIE

Model Evaluation

Took 0 sec. Last up

er (18 2020, 6:30-45 PM

Evaluate RF Model
¥script

-

-- Drop apply result table
DROP TAELE CLAIMS_APPLY_RESULT_RF PURGE;
DAROF TAELE CLAIMS_LIFT_TABLE_RF PURGE;

-- Score the data and compute 1ift
BEGIN
DBMS_DATA MINING.APPLY('CLAIMS_CLASS MODEL_RF','CLAIMS_TEST_DATA', 'POLICYMUMBER','CLAIMS_APPLY RESULT_RF');
DEMS_DATA MINING.COMPUTE_LIFT{ CLAIMS_APPLY_RESULT_RF', "CLAIMS_TEST_DATA', "POLICYNUMBER', "FRAUDFOUND'
, 'CLAIMS_LIFT_TABLE_RF','ves', 'PREDICTION', 'PROBABILITY',188);

END; \ -

Evaluate 4 Classification
Models on 40% Test Data

Table CLAIMS_APPLY_RESULT_RF dropped.

PL/SQL procedure successfully completed.

Took 1 sec. Last updated by CHARLIE at October 08 2020, 2:52-25 PM

Evaluate SVM Model
Escript

-- Drop apply result table
DAROP TABLE CLAIMS_APPLY_RESULT_SWM PURGE;
DROP TABLE CLAIMS_LTFT_TABLE_SWM PLRGE;

-- score the data and compute 1ift
BEGIN
DEMS_DATA_MINIMNG.APPLY('CLAIMS_CLASS MODEL_SWM','CLAIMS_TEST_DATA', 'POLICYNUMBER','CLAIMS APPLY_RESULT_SWM');
DEMS_DATA_MINING. COMPUTE_LIFT{ "CLAIMS_APPLY_RESULT_SWM','CLAIMS_TEST DATA', "POLICYNUMBER', " FRALDFOUND"
L, 'CLAIMS_LIFT_TABLE_SWM', "Yes', 'PREDICTION','PROBABILITY,18@);
END;

Table CLAIMS APPLY RESULT SWM dropped.

FINISHED H R

/ FINISHED [> 3% B @

FINISHED L~ ¢% BH i

Evaluate GLM Model
Hscript

FINISHED H:cK

-- Drop apply result table
DROF TAELE CLAIMS_APPLY_RESULT_GLM PURGE;
DAROF TAELE CLAIMS_LIFT_TABLE_GLM PURGE;

-- Score the data and compute 1ift

BEGIN
DBMS_DATA_MINING.APPLY( 'CLAIMS_CLASS MODEL_GLM','CLAIMS_TEST_DATA','POLICYMUMBER','CLAIMS_APPLY RESULT GLM');
DEMS_DATA_MINING.COMPUTE_LIFT{ CLATMS_APPLY_RESULT_GLM','CLAIMS_TEST_DATA', 'POLICYNUMBER', 'FRALUDFOUND'
, 'CLAIMS_LIFT_TABLE_GLM','ves','PREDICTION','PROBABILITY',18@);
END;

Table CLAIMS_APPLY_RESULT_GLM dropped.

PL/SQL procedure successfully completed.

Took 1 sec. Last updated by CHARLIE at October 0B 2020, 2:32-32 PM
Evaluate Decision Tree Model FINISHED H:R
#script

-- Drop apply result table
DAROP TABLE CLAIMS_APPLY_RESULT_DT PURGE;
DROP TABLE CLAIMS_LIFT_TABLE_DT PURGE;

-- score the data and compute 1ift

BEGIN

DEMS_DATA_MINIMNG.APPLY('CLAIMS_CLASS MODEL_DT','CLAIMS TEST_DATA', 'POLICYMUMEBER','CLAIMS_APPLY_RESULT_DT');

DEMS_DATA_MINING.COMPUTE_LIFT{ "CLAIMS_APPLY RESULT_DT',"CLAIMS_TEST_DATA", "POLICYNUMBER', 'FRAUDFOUND'
,'CLAIMS_LIFT_TABLE_DT',"ves', 'PREDICTION,'PROBABILITY,188);

END;

Table CLAIMS APPLY RESULT DT dropped.




ORACLE 1vachine Learning

Join the Model Evaluation Results Together for Model Comparison FINISHED
Zscript
DROP TAELE ALL_LIFT_DATA PURGE;

CREATE TABLE ALL_LIFT_DATA (ALGO_MAME WARCHARZ(S8), QUANTILE_WNUMBER NUMBER, GATN_CUMULATIVE MUMEBER);

INSERT INTO ALL_LIFT_DATA (QUANTILE_MUMBER, GAIM_CUMULATIVE, ALGO_MAME} SELECT QUANTILE_MUMBER, GAIN_CUMULATIVE,

CAST("ALGO_DECISION_TREE' A4S VARCHAR(58)) AS ALGO_MAME FROM CLAIMS_LIFT_TABLE_DT;

INSERT INTO ALL_LIFT_DATA (QUANTILE_NUMBER, GAIN_CUMULATIVE, ALGO_NAME) SELECT QUANTILE_MUMBER, GAIN CUMULATIVE, =

CAST('ALGD_SUPPORT_VECTOR_MACHINES' AS VARCHAR(S®)) AS ALGD_MAME FROM CLAIMS_LIFT_TABLE_SWM;

INSERT INTCQ ALL_LIFT_DATA (QUANTILE_MUMBER, GAIM_CUMULATIVE, ALGO MAME} SELECT QUANTILE_MUMBER, GAIN_CUMULATIVE,

CAST{'ALGO_RANDOM_FOREST' AS VARCHAR(S58)) AS ALGO_MAME FROM CLAIMS_LIFT_TABLE_RF;

INSERT INTO ALL_LIFT_DATA (QUANTILE_MUMBER, GAIM_CUMULATIVE, ALGO_MAME} SELECT QUANTILE_MUMBER, GAIN_CUMULATIVE,

CAST('ALGD_GENERALIZED_LIWEAR_MODEL' AS WARCHAR(S@)} AS ALGO_NAME FROM CLAIMS_LIFT_TABLE_GLM;

Table ALL_LIFT_DATA dropped.

Compare Model Performance _
In Cumulative Gains Charts

& Charlie V2 New Notebooks [Char..

]
wno CHARLIE

: Cummulative Gains Chart D

FINISHED

1

=gl

SELECT A.ALGO_NAME, A.QUANTILE_WUMEER, ROUND(A.GAIN_CUMULATIVE*18@,2) GAIN_CUMJULATIVE, B.RAMDOM_GUESS
FROM ALL_LIFT_DATA A

» (SELECT ALGO_MAME, QUANTILE_MUMBER, QUANTILE_NUMBER RAMDOM_GUESS FROM ALL_LIFT_DATA) B

WHERE A.QUANTILE_NUMEER = B.QUANTILE_NUMBER AND A.ALGO_MAME = B.ALGO_MNAME;

Lol g e & |~ seftings =
@ ALGO_DECISION_TREE G...
ALGO_SUPPORT_VECTOR_..

@ ALGO_GEMERALIZED_LIM...

ALGO_DECISION_TREER...
@ ALGO_RANDOM _FORESTG...
ALGO_GEMERALIZED_LIN..

® ALGO_SUPPORT_VECTOR_...
ALGO_RANDOM FORESTR...

Display Suspicious Auto Claims in Descending Order

=gl
SELECT * FROM

FINISHED

(select POLICYMUMBER, AGEQFPOLICYHOLDER, SEX, MARITALSTATUS, WITHMESSPRESENT, VEMICLEPRICE,round(prob_fraud*iee,2) percent_fraud,

rank(} over {(order by prob_fraud desc) rnk from
{select POLICYMUMBER, AGECFPOLICYHOLDER, SEX, MARITALSTATUS, prediction probability(CLAIMS CLASS MODEL GLM,

"Yes' using *) prob fraud

L

B &




ORACLE 1:zchine Learning

Display Suspicious Claims by Numberof Carsi ryyspen > 208 &
Accident and Witnesses Present or Not

E |l &

For repeatability, drop previous table

Fscript
-- For repeatability, drop previocus table
e e & |~ settings *

DECLARE

v_sql varchar2{1ea);
@ Grouped O Stacked @®No es

362 BEGIN

/* drop tab;le =/

BEGIN

v_sql := 'DROP TABLE CLAIMS_SUSPICIOUS';
EXECUTE IMMEDIATE w_sgl;

500 DEMS_CUTPUT.PUT_LINE {(v_sgl |]|':
EXCEPTION

WHEM COTHERS THEM

succeeded');

END;
End;

DROP TABLE CLAIMS_SUSPICIOUS: succeeded

0 N —

Tvehicle 2vehicles tod

Stod
PL/SQL procedure successfully completed,

ook 1 sec. Last updated by DOHOOMN at September 22 2020, 11:03:31 AM

ed by CHARLIE &t October DB 2020, 6:34:07 PM.

DBMS_OUTPUT.PUT_LINE {v_sql ||': drop unneccessary -

B! Charlie W2 New Notebooks [Char.. :' CHARLIE =

FINISHED [> 3 B8 & Create table CLAIMS_SUSPICIOUS for investigi rpzien > 372 &

. using APEX or Oracle Analytics Cloud

AL

CREATE TABLE CLAIMS_SUSPICIOUS AS

SELECT * FROM

(select POLICYNUMBER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS, round
(preb_fraud*1es8,2) percent_fraud,
rank{) over (crder by prob_fraud desc) rnk from

(select POLICYNUMBER, AGEOFPOLICYHOLDER, SEX, MARITALSTATUS,
prediction_preobability(CLAIMSMODEL, '8' using =) prob_fraud

from CLAIMS

Y

order by percent_fraud desc; -

Took 0 sec. Last updated by CHARLIE at October 08 2020, 6:34:12 PM. [outdsted
no table exists');

Create table of Suspicious Claims for further
investigation using APEX or OAC

View table CLAIMS_SUSPICIOUS FINISHED = ES
Z=ql
SELECT * FROM CLAIMS_SUSPICIOUS;
E b & M L |~ settings =
POLICYNUMBER ~  AGEOFPOLICYHOLDER ~  SEX ~  MARITALSTATUS ~ PERCENT_FRAUD ~ RNK > ||=
14485 26to30 Female Single 70.88 1 -
1677 41to50 Male Married 65.75 2
654 36todD Male Married 60.68 3
1 26t030 Female Single 58.36 4
5356 J6tod0 Female Married 5741 5
11068 411050 Male Married 55.93 &
10415 31035 Male Single 54.17 7
7435 31to35 Male Married 53.44 8 -
1 3
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Suspicious Claim

{t Home

BEf Suspicious Claim Chart

M K

Factors

{a} Home [ Appbeation 109 [ EditPage? (D Sesion 7] ViewDebug  £F Debug (@) Pagelnfo
Go
MNew
Ageofpolicyholder
400
314035 (667
36t040 =0
A1to50 (301 200
250
200
150
100
50
o — e
16t017 186020
Predictionprobability iondetails
Igorithm="Support Vector Machines"” class="0"> <Attribute
ADDRESSCHANGECLAIM" actualvalu 1 > < httribute
1 MUMBERDFCARS" actualValue="3tod" v <Astribute
¥ actualVzlue="Female” weight=".085" rank:
WEHICLECATEGORY™ actualvalue="Sport” wei 47> < Artribute
AGEOFVEHICLE" actualvalue="3years" weight="037" rank="53"/> </ Details>
algerithm="Support Viector Machines” class="0"> <Attribute
POLCEREPORTFILED” actualValue="Yes" weight="112" ranl /> <Attribute
MNUMBEROFCARS" actualValue="2vel weight=".091" ran <Attribute
1 ADDRESSCHANGECLAIM® actualValue="drolyears" weight="1091" rank="3"/»
LM BEROFSUPPLI TS" actualValue="3to5" weigl rank="4"/x
Thursday (311 ame="AGEOFPOLICYHOLDER" actuslValue="51t065" weight="033" rank="5",
Friday
Caturday (15 ils algorithm="Support Vector Machines” class="0"> <Attribute name="MUMBEROFCARS'
aturdsy (13 actualValue="2vehicles” weight=".093" ran CHANGECLAIN
Sunday [T 1 actualvalue="dtolysarz” weig 0837 rank="2"/> <Attribute name="ACC DENTAREA"
h actualValue="Rural" weight=" i WVEHICLEPRICE
actualValue="40_000 to 50_00K <Attribute
col DEI}I'OfWEE‘k name="VEHICLECATEGORY" actualValue="5port” 04" rank="5"/> </Details>
Monday < Details algorithm="Support Viector Machines” class="0"> <Attribute name="NUMBEROFCARS'
vionday | actualVaslue="2vehicles” weight=".091" ranl /> <Attribute name="ADDRESSCHANGECLAIN'
1 actualValue="2tody=ars" weigl 1
actualValue="ThirdParty” weight:
actualValue="Sport” weigh:
actualValue="30_000 to 30_000" weight=".023" rank="5"/> </D«
<Dt algerithm="5upport Viector Machines” class="0"> <Attribute
name="DAYSPOLICYCLAIM" actualvalue="15t030" weight="13" rank="1"/> <Attribute
- 1 name="POLICEREPORTFILED" actualValue="Yes" weight=".122" rank="2"/> <Attribute
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OAC: The Data Story

ORACLE" Analytics

Search Everything

Projects and Reports Data Recent Data Sets Favorite Projects Machine Learning
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Build our story

Explain FRAUD X

Basic Facts about FRAUD Basic facts about FRAUD

What are the values of FRAUD and how do
they relate to each other?

Key Drivers of FRAUD

What elements in this data best explain the
values of FRAUD?

FRAUD is a Numeric Attribute with 2 unique values across 93758
Segments that Explain FRAUD rows (100%). The most common FRAUD is 0 (99%) and the least

What hidden groups in the data can predict common is 1 (1%).
outcomes for FRAUD?

Anomalies of FRAUD

What groups in the data exhibit unexpected
results for FRAUD?

FRAUD HO M1




Narrate the stor

< |§ Fraud CB Last Saved 9:20 AM Prepare  Visualize = Narrate

S pata © Click here or drag data to add a filter

The data represents the {Row Count}for the following TRANSACTION_ID by TRANSACTION_TYPE, FRAUD

1.46% FRAUDS: Oand 1.
100%

There are only two measures represented in this chart.
We can take a look at both FRAUDS separately: 80%

= 0 is the biggest.
e 98.54% of the total {Row Count}.
= 1 is smaller with just 1.46%.

60%

40%

TRANSACTION_ID

20%

0%

TRANSFER
TRANSACTION_TYPE

FRAUD H O FRAUD HO0 W1
alculations
’ TRANSACTION_ID by RECIEVER_TYPE, FRAUD TRANSACTION_ID by CUSTOMER_ID, FRAUD
i R ount}
100% FRAUD: 1
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0 80% 50
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OAC to Investigate OML Insights

4 |#= Claims Fraud Prepare  Visualize = Mamate o B~ @
= PREDICTION ® =
0
CLAIMS
- EEE Table - POLICYNUMBER, PREDICTIONPROBABILITY, PREDICTION, MAKE, VEHICLEPRICE, SEX, DEDUCTIBLE, POLICEREPORTFILED, AGEOFPOLICYHOLDER, PAST...
PREDIC
3 PREDICTIONPROB POLICYNUMBER ~ PREDICTIONPROBABILITY~ PREDICTION ~ MAKE  VEHICLEPRICE ~ SEX  DEDUCTIBLE  POLICEREPORTFILED = AGEOFPOLICYHOLDER — PASTNUMBER
e I= Rows - more than e
CTIOR e O )i onda emale o 2bloal none
#£ PREDICTIONCOST - 14435 ort | o Hond 89_000 Femal 400 N Bto30
A PREDICTIONDETAI.-. POLICYNUM. . 11677 088 0 Toyota Jypeato Male 400 No 411050 none
A DEDUCTIBLE -
PREDICTION... 554 08l 0 Satum 40 00010 Male 400 Mo 361040 morethan4
A AGEOFVEHICLE 59_000
A AGEOFPOLICYHO. .. PREDICTION i 058 0 Honda g’frgcfga” Female 300 Mo 261030 none
WEEKOFMONTHC. -
#* w e MAKE 5356 057 0 Honda mare than Female 400 No 361040 1
A §2_000
VEHICLEPRI... 11068 056 0 Poniac 20000t Male 700 Yes 411050 2tod
A 29000
DAYSPOLIC SEX 20_000 to . N
. 20 e
A 10415 0.54 0 Mazda 597000 Mal 400 Mo 31035 none
A MARITALSTATUS -
DEDUCTIBLE 7435 053 0 Ford 40_000 10 Male 400 No 314035 2tod
# DRIVERRATING 58_000
IR ARATING o=
A POLICEREPORTFI... POLICEREP... 3088 053 0 Toyota 2y poote Femals 400 Mo 31035 1
A PASTNUMBEROFC. - AGEOFPOLI... 13448 053 0 Tayota hoaate Male 300 Yes 411050 none
# WEEKOFMONTH -
PASTNUMBE. .. 1589 052 0 Honda mare than Male 400 Mo 261030 none
A WITNESSPRESENT £9_000
A DAYOFWEEKCLA!. - AGEOFVEHI... 1072 052 0 Honda more han Male 400 Mo 161017 none
A roauncon =
NUMBEROF .. 7666 052 0 Chevrolet | 2000010 Female 400 No 31035 none
%22 POLICYNUMBER, PREDICT. 25_000
DRIVERRATI 11070 051 0 Chevralet ;E_—ggg fo Male 400 Mo 311033 1
MONTHCLAI 3172 051 0 Tayota roote Male 400 Yes 511085 1
Title WITNESSPR. 11119 051 0 Chevrolet | T'e Than Female 500 Mo 31035 none
Title Font 316 050 0 Honda more ban Male 200 No 161017 1
egend & Color 2143 L Toyota 30_000 1o Male 500 Mo 361040 none

Legend Title Font

Suspicious Claims Table — Marital_PastMumClaims ~ More exploratory grapns  Brushing for fraud €3 18 Rows, 15 Columns Be 4 0O ™
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OAC to Investigate OML Insights

€ |2 Claims Fraud isstsavedaa7em Prepare Visualze —Narate " ~ M Qe @

PREDICTION & =
0
A POLICEREPORTFI.--
A PASTNUMBEROFC.--
|I| Bar - PREDICTIONPROBABILITY by BASEPOLICY, AGEOFPOLICYHOLDER, SEX
# WEEKOFMONTH
0.8
A WITNESSPRESENT I
111 Trellis Columns
A DAYOFWEEKCLAI-. 0.7
A FRAUDFOUND $= Tretis Rows T AGEOFPOLICYHOL. .
= W =
A MONTHCLAIMED § W 161017, Male
A MAKE 3 0.3 261030, Female
e E3 values (v-Axis) [ 26030, Male
# REPNUMBER zZ 311035, Female
A NUMBEROFCARS PREDICTION... 503 . 218:033 Fale |
[=] 04, Female
A DAYSPOLICYACCI--- & o2 )
2 02 361040, Male
A FAULT [ Caiegory (X-Axis) o W 41to50, Male
A NUMBEROFSUPPL... 511065, Male
BASEPOLICY 00
A SEX AllPerils Collision Lizbility
A ACCIDENTAREA BASEPOLICY
A VEHICLEPRICE @ Color
A VEHICLECATEGO... AGEOFPOL] POLICYNUMBER, PREDICTIONPROBABILITY, PREDICTION, MAKE, VEHICLEPRICE, SEX, DEDUCTIBLE, POLICEREPORTFILE™ AREAEDALICVHN| DER, PAST. .
A AGENTTYPE POLICYNUMBER ~ PREDICTIONPROBABILITY ~ PREDICTIONw  MAKE  VEHICLEPRICE ~ SEX  DEDUCTIBLE  POLICEREPORTFILED — AGEOFPOLIGYHOLDER — PASTHUMBER
A ; SEX
A COL_DAYOFWEEK 1 05z 0 Honda more than Female 300 Mo 261030 none
A POLICYNUMBER
316 050 0 Honda mare han Male 400 Mo 16t017 1
Bl Nl detinen I‘I Size (Width) e
# PREDICTIONPROBABILITY 654 0.61 ] Saturn ;g_:ggg fo Male 400 Mo 36t040 marethand
& ==] Tooltip 1072 052 0 Honda more ban Male 400 Mo 161017 none
R 1599 052 | 0 Honda mare than Male 400 Mo 261030 none
PredictionProbability 22z Detal 69_000
2143 050 0 Tayota H et Male 500 Mo 361040 none
Treat ; Filters 0 0n
measure IS 3088 053 0 Tayota St Female 200 No 311035 1
Data Type Number 247a nca o Tovimin 20_000 to Voin ann | e casner 4 M

Aggregation Average

Suspicious Claims Table Suspicious Claims Graph and Table Marital_PasthNumClaims Wore exploratory graphs Brushing for fraud 0 3 Groups, 9 Bars M o E |I|




€ |:= Claims Fraud

@ Data

PREDICTIONDETAI.--
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A AGEOFVEHICLE
A

2w

A MARITALSTATUS
# DRIVERRATING

A POLICEREPORTFI---
STNUMBEROFC---

A WITNESSPRESENT

DAYOFWEE I---

A oA LDCAL IR

[ix PREDICTIONPROBABILITY...

Title
Title Font
egend

Legend Title Font

@ Click here or drag data to add a filter

Stacked Bar

111 Trellis Columns

o= :
s= Trellis Rows

E values (v-Auis)

PREDICTION...

) category (X-Axis)

A DEDUCTIBLE

@ Color

A WITNESSPR..

Al Size (Width)

Tooltip

Y Filters

Suspicious Claims Table

Prepare

Visualize
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OAC to Investigate OML Insights

{ |22 Claims Fraud

B bpata

CLAIMS
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