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Introducing Oracle Autonomous Data Warehouse Cloud
Value Proposition

\L ¥/

Easy Fast
* Provision a data warehouse in as little * Up to 14x performance advantage than * Only Pay for What you Use with user
as 15-seconds Redshift? defined sizing, on-demand scaling &
* Automated management of database * High concurrency supports multi-user idle shut-off
administration access and workloads * Independent scaling of compute and
* Simple Load and Go with Automated * Based on Exadata for extreme storage
Tuning performance * Instant scaling with zero downtime

* Dedicated cloud-ready migration tools
including Redshift

ORACLE
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High-Performance Queries

and Concurrent Workloads
Optimized query performance with
preconfigured resource profiles for different

Oracle Autonomous Data Warehouse Cloud Key Features

Highly Elastic

Independently scale compute and
storage, without having to overpay for
fixed blocks of resources

f . .
Yo Oracle Machine Learning

Oracle SQL ———
Autonomous DW Cloud is compatible with

all business analytics tools that support

Oracle Database

Built-in Web-Based SQL ML Tool
Apache Zeppelin Oracle Machine Learning
notebooks ready to run ML from browser

Self Driving

Fully automated database for self-tuning
patching and upgrading itself while the
system is running

Cloud-Based Data Loading
Fast, scalable data-loading from Oracle
Object Store, AWS S3, or on-premises

ORACLE
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Database migration utility

Dedicated cloud-ready migration tools
for easy migration from Amazon
Redshift, SQL Server and other databases

00O

Enterprise Grade Security
Data is encrypted by default in the cloud,
as well as in transit and at rest
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Architecture for Modern Cloud Data Warehousing
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Oracle Machine Learning

Machine Learning Notebook for Autonomous Data Warehouse Cloud
Key Features

= ORACLE" Machine Leaming £ Machine Learning Lab Projects [Machine Learning Lab Workspace] * . CHBERGER
° [ [ % Back ® Connected “
* Collaborative Ul for data scientists . . suyicroeoor sress o
. seal FINISHED [> 3% B8 & = | 1. = | ssttings = FINISHED > (3 B @
— Packaged with Autonomous Data @ STTeTeTe e e et i are i
@®PhD 10th @ 1ith “th.‘.vth-ath @ Tth-5th Sth @ 1st-4th Presch,
@Grouped OStacked @ HOUSEHOLD_SIZE 10th
Warehouse Cloud (V1) m
— Easy access to shared notebooks, - III I
100
templates, permissions, scheduler, etc. —H I--—
—SQL ML algorithms API (V1) R .
Perform attribute importance analysis to find key factors the.. R R o -~ Burge any previous sutput vl
. '”sura”‘:ep”":"ases Bretaroon i STats T L B A
— Supports deployment of ML analytics e
Perform attribute importance analysis FINSHED [ 3 0 & Display key attributes that affect best affinity card custome = coen > 22 5 @
4 an steribuse inportance medel to Tind key Tactors thet influence Bl e w2
““““““ @Groupsd O Stacked @ EXPLANATORY_VALUE
“E,i"““‘ B s Demo I
- —— T e srput’)
IIIIII_
DOC_SET_KAN.BULK_PACK_DISKETTES
(¥

ORACLE

Copyright © 2018, Oracle and/or its affiliates. All rights reserved. |



Oracle Machine Learning

Machine Learning Notebook for Autonomous Data Warehouse Cloud
Key Features

= QORACLE machine Learnin g 5= Machine Learning Lab Projects [Oracle Machine Learning Workspace 1 ]+ ©.  CHBERGER
[ ] L L 4 Back . cled
* Collaborative Ul for data scientists .. cusomeruanoiososk cxmes mo oo
[
. This notebook is for viewing, graphing and understanding customers based on data.
— Packaged with Autonomous Data

ssal FINISHED [> 3% B8 & Number of Customers by Year of Birth FINISHED [> 35 B &
iy A quichiny —

Warehouse Cloud (V1)
— Easy access to shared notebooks, S L
templates, permissions, scheduler, etc. == = o = -
—SQL ML algorithms API (V1) Snoon |
— Supports deployment of ML analytics o
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Oracle Machine Learning Quick DEMO

= ORACLE huchins Leamiong

=
4 Quick Actions

Run SQL Create a SQL Go to Gallery

Statement script chaan ok

o un 501
Recent Activities

Nosing te Dy

L ——
€ ou

ORACLE wachine Leaming
ek
Classification Prediction Model

PIHE 284 me

Predicting Target Customers using Classification

Example notebook 1o predict customers most likely 1o be positive responders 1o an Affinity Card loyalty program. This notebook
builds and applies classfication models (decision tree) using the SH schema data and processed inside the Oracle Autenomous
Data Warehouse Gloud (ADWG).

By Charlle Berger
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‘3’7(' i | [6F1 slc12gwb.us.oracle.com:8080/omlusers/login.htmli?tenant=TENANT 1&database=PDB18&redirect_uri=http://slc12gwb.us.oracle.com:8080/omlusers/api/oauth2/v1/login c Q Search * | E 4+ & O @

ORACLE Machine Learning

Sign In

Tenant TENANT1 Pd
Database PDBI |/ ’

* Username CBERGER

*
Password eeeeessssese

‘. Sign In ’
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(' 6F1 slc12gwb.us.oracle.com: 0/oml/tenants/TENANT1/databases/PDB1/index.html| (s Q Search

Select Project

+ Create f Edit x Delete Search...
Name Comment
4 Charlie Workspace CBERGER Workspace
Charlie Project CBERGER

Customer Analytics CBERGER Using Machine Learning to target top Affi...
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€ Ox slc12gwb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.ntml|

Create Project

Name
Customer Analytics
Comment

Using Machine Learning to target top Affinity
Card respondersl

Select Workspace:
Charlie Workspace / CBERGER +

¢ Q sSearch
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wBe ¥ a9 S

€ OF sict 2gwb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.html|

= ORACLE Machine Learning

C  Q Search

5 Charlie Project [Charlie Workspace] ¥ “_ CBERGER ~
pa (V]

4 Learning Resources

4 Quick Actions
& - -j U™
-y, »
-J -, -. % EI\ How to create a Notebook
Run SQL Create a SQL Go to Notebooks Go to Jobs Go to Gallery How to create a Job
Statement Script The place for data Automate notebooks to  Check some notebooks. How to manage collaborative
2 4 S permissions in Workspaces
Enter and run SQL Create and run SQL discovery and analytics. run at certain times.
statements. scripts.
4 Recent Notebook
Recent Activities B x
My First Notebook
Nothing to Display Classification Prediction Model
Clustering

Attribute Importance
Association Rules
Anomaly Detection

SQL Statistical Functions
Regression _1
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€ OF sl 2gwb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.html?root=notebooks c Q Search ﬁ =] ‘. #® O 8

= ORACLE. Machine Learning #8 Customer Analytics [Charlie Workspace] ¥ & CBERGER

Notebooks

/ Edit i + Create E Eﬁ Duplicate 1, Saveas Template x Delete ‘.L Import i X, Version Search... Q
Name 4 Comment Last Update Updated By Connection Group
Anomaly Detection 2/8/18 1:37 PM CBERGER Global

Association Rules 2/8/18 1:00 PM CBERGER Global

Attribute Importance 2/8/18 1:00 PM CBERGER Global
Classification Predictio el 2/8/18 1:00 PM CBERGER Global

Clustering 2/8/18 12:59 PM CBERGER Global

My First Notebook 2/8/18 1:00 PM CBERGER Global

Regression _1 2/8/18 1:.00 PM CBERGER Global

SQL Query Scratchpad 2/8/18 1:00 PM CBERGER Global

SQL Script Scratchpad 2/8/18 1:00 PM CBERGER Global

SQL Statistical Functions 2/8/18 1:00 PM CBERGER Global

slc12gwb.us.oracle.com:8080/oml/tenants/ TENANT1/databases/PDB1/index.html?root=notebooks#
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SQL Script Scratchpad

%script
SELECT * FROM SH.CUSTOMERS;

CUST_ID  CUST_FIRST_NAME
E_NUMBER  CUST_INCOME_LEVEL

43885 Rosemary Kane

K: 258,080 - 299,999
23248 Rosemary Kane

: 250,008 - 299,999
456784 Rosemary Kane

: 250,000 - 299,999
58339 Rosemary Kane

1 250,800 - 299,999
3895 Rosemary Kane

1 250,000 - 299,999
745@ Rosemary Kane

1 250,000 - 299,999
118086 Rosemary Kane

: 250,000 - 299,999
14562 Rosemary Kane

%script'

CUST_LAST_NAME
CUST_CREDIT_LIMIT

11080

7060

15eee

1leee

7068

DxXxB#sax

CUST_GENDER

F

£  default~

CUST_YEAR_OF_BIRTH
CUST_EMAIL

Kane@company .example.com

F

Kane@company .example.

F

Kane@company .example.

F

Kane@company .example.

F

Kane@company.example.

E

Kane@company .example.

E

Kane@company .example.

com

com

1951 single
Customer total
1952 married
Customer total
1959
Customer total
1964 married
Customer total
1963 married
Customer total
1966 single
Customer total
1985
Customer total
1960 married

CUST_MARITAL_STATUS
CUST_TOTAL

CUST_STREET_ADDRESS

CUST_TOTAL_ID CUST_SRC_ID
117 West Braxton Avenue

52772 81-JAN-98
17 West Gloucester Court

52772 91-JAN-98
27 Todd Boulevard

52772 81-JAN-98
27 South Kaufman Boulevard

52772 ©21-JAN-98
37 North 5th Street

52772 81-JAN-98
47 East Mckenzie Road

52772 81-JAN-98
57 Braxton Drive

52772 21-JAN-98
57 North Page Drive

Or
@M slct 2gwb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.ntml?root=notebookedit&notebookeditor={"id"%3A820%2C"type"%3A"notebook")
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CUST_POSTAL_CODE
CUST_EFF_FROM

44138

327el1

48797

66437

48365

57929

63627

46864

CUST_CITY

CUST_EFF_TO

San Mateo
F
Freising
I
Wymondham
I

Asten

I

Tralee

I
Heilbronn
I
Keighley
I

Lauret

c

CUST_CITY_ID

CUST_VALID

52290

51522

52520

51075

52379

51656

51722

51788

Q Search

CUST_STATE_PROVINCE

CA

Bayern

England - Norfolk
Noord-Brabant
Kerry
Baden-Wuerttemberg

England - West Yorkshire

Languedoc-Roussillon

wBe ¥ A 9 &

## Charlie Project [Charlie Workspace] ¥

CUST_STATE_PROVINCE_ID

52567

52561

52591

52682

52637

52559

52594

52645

FINISHED D> 3%

COUNTRY_ID

5279@

52776

52789

5277e

52772

52776

52789

52779

- 8 x

o CBERGER ~

® Connected

CUST_MAIN_PHON W
661-204-5260
538-204-5008
369-226-9676
125-692-1259
284-248-2226
323-711-2933
190-716-7148

221-349-7611

v
4
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€ P ® slc12gwhb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.html @  Q Search B8 4+ A 5 =
= ORACLE Machine Learning H Chariie Project [Charlie Workspace] «» CBERGER ~

4 Quick Actions » Learning Resources

=, = il (3 in

4 Recent Notebook

Run SQL Create a SQL Go to Notebooks Go to Jobs Go to Gallery

Statement Script The place for data Automate notebooks to  Check some notebooks.

Enter and run SQL Create and run SQL discovery and analytics.  run at certain times. SQL Query Scratchpad

statements. scripts. My First Notebook
Classification Prediction Model
Clustering

Recent Activities T4 Attribute Importance
See More...

4 today

S Charlie Berger updated SQL Query Scratchpad notebook in Charlie Project [Charlie Workspace]
J:] 2/8/18 12:14 PM h

4 yesterday

—'l Charlie Berger updated Classification Prediction Model notebook in Charlie Project [Charlie Workspace]
2 ' 2/7/18 5:44 PM

4 last Tuesday

.=5=l Charlie Berger changed notebook name from Statistical Functions to SQL Statistical Functions in Charlie Project [Charlie Workspace]
'IL 2/6/18 10:22 PM

.F] Charlie Berger changed notebook name from SQL Statistical Functions to Statistical Functions in Charlie Project [Charlie Workspace]
2+ ' 2/6/18 10:17 PM

.@ Charlie Berger changed notebook name from Statistical Functions to SQL Statistical Functions in Charlie Project [Charlie Workspace]
< 1! 2/6/1810:17 PM

5| Charlie Berger changed notebook name from SQL Statistical Functions to Statistical Functions in Charlie Project [Charlie Workspace]
=0 2/6/18 10:16 PM
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= ORACLE Machine Learning

€ Back

SQL Query Scratchpad

SELECT *

B |

CUST_ID
37.057
40,612
44167
34,880
47.946
1,502
5057

8.612
<

FROM SH.CUSTOMERS;

¢ & 2

&

DB osrax

CUST_FIRST_NAME CUST_LAST_NAME CUST_GENDER

Bernard
Bernard
Bernard
Bernard
Bernard
Bernard
Bernard

Bernard

Wright
Wright
Wright
Wright
Wright
Wright
Wright
Wright

T | T2 |2 |2 =

£ default~

CUST_YEAR_OF BIRTH
1,041
1,047
1,074
1,955
1,037
1,945
1,047

1.939

CUST_MARITAL_STATUS CUST_STREET_ADDRESS

married

single

married

single

married

107 East Catano Avenue
107 South Prentiss Avenue
117 North Door Avenue

17 North Lehigh Court

27 West Baraga Boulevard
37 Mountain View Street
37 South Catano Street

47 West Prentiss Road

nl?root=notebookedit8notebookeditor={"id"%3A817%2C"type"%3A"notebook")

c Q Search

CUST _POSTAL_CODE CUST_CITY

66,361
33.866
83,601
59,862
46,864
80,841
34,216

72,059

Velbert

Bergen op Zoom
San Francisco
Malaga

Lauret
Wolverhampton
Murnau

Los Angeles

## Charlie Project [Charlie Workspace]

CUST_CITY_ID CUST_STATE_PROVINCE

52,436
51,181
52289
51,894
51,788
52,514
51,934

51,806

Nordrhein-Westfalen
Noord-Brabant

CA

Malaga
Languedoc-Roussillon
England - West Midlands
Bayern

CA

-

wBe ¥ A 9 &

® Connected

FINISHED D> >x BB &

CUST_STATE_PROVINCE ~
52,684
52,682
52567
52,661
52645
52,503
52,561

52,567

o CBERGER ~
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X [+

€ 08 slc12gwb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.html?root=library-examples

= ORACLE Machine Learning

Gallery

Analyzing Cars Data

Analyzing Cars Data Example

Author:

Date Added: 2/2/18 11:49 AM

Tags: 'Data’ 'Graph' 'Attribute Impor...

0 Likes ®\ 0 E{- 0

Predicting Insurance Buyers

Predicting Insurance Buyers Example

Author:

Date Added: 2/2/18 11:49 AM

Tags: 'Classification’ 'Model Build' ‘M...

*olkess Ao Ko

Attribute Importance

Attribute Importance Example

Author:

Date Added: 2/2/18 11:49 AM
Tags: 'Attribute Importance’ 'Key Fa...

0 Likes O\ 0 li. 0

Predicting Values (Regressi...

Predicting Values (Regression) Exam...

Author:

Date Added: 2/2/18 11:49 AM

Tags: ‘Regression’ ‘Linear Regression...

*olkes Ao Ko

Auto Insurance Fraud Dete...

Auto Insurance Fraud Detection Exa...

Author:

Date Added: 2/2/18 11:49 AM
Tags: ‘Anorl\\gly Detection' 'Fraud’

W 0 Likes ®\ 0 E{- 0

SQL Data Retrieval

SQL Data Retrieval Example

Author:

Date Added: 2/2/18 11:49 AM
Tags: ‘Oracle SQL'

*olikess Ao Ko

Clustering for Identifying C...
Clustering for Identifying Customer ...

Author:

Date Added: 2/2/18 11:49 AM

Tags: 'Clustering’ 'Unsupervised' ‘Se...

# 0 Likes ) E o

SQL Statistical Functions Ex...
SQL Statistical Functions Examples E...
Author:

Date Added: 2/2/18 11:49 AM

Tags: 'Statistics' 'Descriptive Statistic...

*oLkes Ao Ko

C  Q Search

DT Classification Model
DT Classification Model Example
Author:

Date Added: 2/2/18 11:49 AM
Tags: 'Oracle SQL'

* 0 Likes @ o E o

Simple PL SQL
Simple PL SQL Example
Author:

Date Added: 2/2/18 11:49 AM
Tags: ‘Oracle SQL'

*olikess Ao Ko

wBa ¥ A 9

# Charlie Project [Charlie Workspace] v

Market Basket Analysis Not...

Market Basket Analysis Notebook E...

Author:

Date Added: 2/2/18 11:49 AM

Tags: 'Association Rules' ‘Market Bas...

# 0 Likes Q0 E

o CBERGER ~

Q,

Py

(=]

Ey



@@ Oracle Machine Learning |.. X 4

€ Og slc12gwb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.html?root=notebookedit&notebookeditor={"id"%3A316%2C"type"%3A"notebook")

= ORACLE Machine Learning
€ Back
My First Notebook ©ii®~ s+

=3 & default~

Simple Oracle Machine Learning notebook example

90%

c Q Search

FrusHED D S BB &

Oracle Machine Learning example notebook for learning basic functions using SH schema data and highlights basic data selection and data

vewing using the Oracle Autonomous Data Warehouse Cloud (ADWC).

By Charlie Berger

For more information, check the Oracle ADWC Documentation https://docs.oracle.com/en/cloud/paas/autonomous-data-warehouse-cloud/index_html, Oracle Machine Learning folder on Oracle on Github https:/github.com/oracle, Oracle Advanced Analytics http://www.oracle.com/technetwork/dat: i
/advanced-analytics/overview/index.html and Oracle Machine Learning on Oracle Technology Network and Introducing Oracle Machine Learning blog post https://blogs.oracle.com/datamining/introducing-oracle-machine-learning-sql-notebooks-for-the-oracle

Learning blog.

Show all tables

#sql

SELECT * FROM all_tables where owner = 'SH';

B |l

OWNER
SH
SH
SH
SH
SH
SH
SH
SH

¢ M v * -
TABLE_NAME

SALES SYSTEM
TIMES SYSTEM
CHANNELS SYSTEM
PROMOTIONS SYSTEM
CUSTOMERS SYSTEM
COUNTRIES SYSTEM
SUPPLEMENTARY_DEMOGRAPHICS SYSTEM

SALES_TRANSACTIONS_EXT SYSTEM

VALID
VALID
VALID
VALID
VALID
VALID
VALID
VALID

10
10
10
10
10
10
10
10

40
40
40
40
40
40
40
40

1
1
1

255
255
255
255
255
255
255
255

65,536
65,536
65,536
65,536
65,536
65,536
65,536

1,048,576
1,048,576
1,048,576
1,048,576
1,048,576
1,048,576
1,048.576

1
1
1

2,147 483,645
2,147 483,645
2,147 483 645
2,147 483 645
2,147 483 645
2,147 483 645
2,147 483 645

1
1
1

&% Charlie Project [Charlie Workspace] *

1
1
1

-

wBe ¥ A 9 &

YES
YES
YES
YES
YES
YES
YES
YES

N

= ol | E e | & 2| &

s CBERGER

® Connected

usHeD P I B8 &
-autonomous-data-walehuuse-cloud on Oracle Machine

TABLESPACE_NAME CLUSTER_NAME 10T_NAME STATUS PCT_FREE PCT_USED INI_TRANS MAX_TRANS INITIAL_EXTENT NEXT_EXTENT MIN_EXTENTS MAX_EXTENTS PCT_INCREASE FREELISTS FREELIST_GROUPS LOGGING BACKED_UP *
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= ORACLE Machine Learning B Charlie Project [Charlie Workspace] ¥ o CBERGER ¥

~
$ Hack ® Connected

My First Notebook ©x&~ s« @ et~
B o ¢ M & |+ | settings v

@ Grouped Q Stacked [ ]
34.1M

30.0m

25.0M

20.0M
15.0M h
10.0M
5.00M
i N = I N T I ==

< Bach..CUST_ID(sH@¥grad.CUST_ID(sABBpc-A.CUST_ID(surt)th.CUST_ID(suAgsoc-V.CUST_ID(suBach.. CUST_ID(sumi1th. CUST_ID(sum)1 2th. CUST_ID(suiasters. CUST_ID(su)D.CUST_ID(sum)9th.CUST_ID(sunmst-4th. CUST_ID(suRtpfsc. CUST_ID(sutith-8th. CUST_ID(s(bti-6th. CUST_ID(siRresch..CUST_ID(sum)

&
ec Last updated by CBERCGER =t February 07 2018, 4:48;26 PM. { ted)

Graph EDUCATION FINISHED [ % BB & Graph HOUSEHOLD_SIZE
%sql
-- Graph pie chart of EDUCATION (Keys), NA (Groups), CUST_ID (SUM) (Values)

FINISHED D ;X B &
%sql
-- Graph pie chart of HOUSEHOLD_SIZE (Keys), NA (Groups), CUST_ID (SUM) (Values)

SELECT * FROM SH.SUPPLEMENTARY_DEMOGRAPHICS; SELECT * FROM SH.SUPPLEMENTARY_DEMOGRAPHICS;

B ol ¢ M & |~ | seftings v B b ¢ M & |~ | seftings v

@®<Bach. = Assoc-A @ HS-grad Bach. @1st-4th  AssocV @9th ¢« 5th-6th @Masters « 10th @11th @ 7th-8th @ 12th
Profsc @ Presch. PhD fsc
T 5

10th
Masters

®1 ©2 @3 9+ @45 ©6-8

HS-arad
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C  Q Search wBe ¥ a4 9 & =

= ORACLE Machine Learning

i Charlie Project [Charlie Workspace] ¥ & CBERGER +

~
¢ Bk ® Connected
My First Notebook >
ST UI@pll PLC LAl L UT LUULHTLUIN \RCYS ), 14 (UIUUPS ), LUDI_1Uu \Juri) (vaiucs) =S Ulapll PAT LHEI L UL IRDUDLIIVLU_JLILL \RCYS ), 1WA (UIUUPS ), LUJI_1Uu \Juri) (vaiucs)

SELECT * FROM SH.SUPPLEMENTARY_DEMOGRAPHICS; SELECT * FROM SH.SUPPLEMENTARY_DEMOGRAPHICS;
\a\u\e\n\u\ﬁ\ ‘t‘v|semngsv ‘B‘M‘G‘h Id’l&‘ &‘v‘settingsv

@®<Bach.  Assoc-A @HS-grad  Bach. @1st4th  AssocV @9th © 5th-6th @Masters © 10th @11th @ 7th-8th @ 12th ®1 ©2 @3 09+ @45 ©6-8

© Profsc @Presch. © PhD fsc

) Ftn -9
Masters \ < Bach.
Msoc—\\
T ; . hssocA
2
Bach.
HS-grad
Took 0 s=c Last updated by CBERGER at February 07 2018, 4:32:44 PM. {cutdated) Took U sec. Last updated by CBERGER at February 07 2018, 4:29:44 PM. (outdated)
Graph OCCUPATION vs. YRS_RESIDENCE FINISHED [> 2% B @
*sql
SELECT * FROM SH.SUPPLEMENTARY_DEMOGRAPHICS;
T |
2w e m ||| | L] setings~
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€ O# slc12gwb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.html?root=notebookedit&notebookeditor={"id"%3A831%2C type"%3A notebook") c Q Search wB ¥ 4 09 8 =
- . A
= ORACLE machine Learning § Customer Analytics [Charlie Workspace] ¥ :, CBERGER +

A
ek ® Connected

Anomaly Detection P x@ 282 ma e

DD DD
Anomaly Detection to Detect Suspicious or Rare Occurrences
This notebook shows how to detect rare records, customers or transactions 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 records. The anomaly detection model can also be applied to “score” new records. The entire machine learning (0]
methodology runs inside the Oracle Autonomous Data Warehouse Cloud (ADWC).
By Charlie Berger
For more information, check the Oracle ADWC Documentation https://docs.oracle.com/en/cloud/paas/autonomous-data-warehouse-cloud/index html, Oracle Machine Learning folder on Oracle on Github https://github.com/oracle, Oracle Advanced Analytics http://www.c FINISHED D> <% B
/database/options/advanced-analytics/overview/index.html and Oracle Machine Learning on Oracle Technology Network and Introducing Oracle Machine Learning blog post
Clean up and drop any table if previously exists for notebook reproducibility D DX
%script
BEGIN
EXECUTE IMMEDIATE 'DROP Table SUPPLEMENTARY_DEMOGRAPHICS2';
EXCEPTION
WHEN OTHERS THEN NULL;
END;
PL/SQL procedure successfully completed.
Create SUPPLEMENTARY_DEMOGRAPHICS2 table that remove COMMENTS unstructured data for simplicity. DD ME®

%sql
CREATE Table SUPPLEMENTARY_DEMOGRAPHICS2

AS (SELECT AFFINITY_CARD, BOOKKEEPING_APPLICATION, BULK_PACK_DISKETTES, CUST_ID, EDUCATION, FLAT_PANEL_MONITOR, HOME_THEATER_PACKAGE, HOUSEHOLD_SIZE, OCCUPATION, OS_DOC_SET_KANJI, PRINTER_SUPPLIES, YRS_RESIDENCE, Y_BOX_GAMES
FROM SH.SUPPLEMENTARY_DEMOGRAPHICS);

Updated 4500 row(s).

v
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€ OM sic12gwb.us.orace.com:8080/omi/tenants/TENANT1/databases/PDB1/index.html?root=notebookedit&notebookeditor={"id"%3A831%2C type"%3A notebook”) ¢ Q Search "B ¥ A9 S =
= ORACLE" Machine Learning £ Customer Analytics [Charlie Workspace] ¥ o CBERGER ¥
~
$Beck ® Connected

Anomaly Detection > x@2s 82+ meo o

Build Anomaly Detection Model (1-Class SVM) [N FINISHED D 3% B8 @

%script
-- Build Anomaly Detection Model (1-Class SVM) on SUPPLEMENTARY_DEMOGRAPHICS2 data

DECLARE
v_sql varchar2(1ee);

BEGIN

-- drop build settings

BEGIN

v_sql := 'DROP TABLE CUSTOMERS36@_SET';

EXECUTE IMMEDIATE v_sql;

DBMS_OUTPUT.PUT_LINE (v_sql ||': succeeded');

EXCEPTION

WHEN OTHERS THEN

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

-- drop any previous model.

BEGIN

v_sql := 'CALL DBMS_DATA_MINING.DROP_MODEL (' ‘'CUSTOMERS36@MODEL'"')";
EXECUTE IMMEDIATE v_sql;

DBMS_OUTPUT.PUT_LINE (v_sql ||': succeeded');

EXCEPTION

WHEN OTHERS THEN

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

-- Create a Build Setting table for Model Build

EXECUTE IMMEDIATE 'CREATE TABLE CUSTOMERS36@_SET (setting_name VARCHAR2(3@),setting_value VARCHAR2(4@e@))';

EXECUTE IMMEDIATE 'INSERT INTO CUSTOMERS36@_SET (setting_name, setting_value) VALUES (''ALGO_NAME'', ''ALGO_SUPPORT_VECTOR_MACHINES'')"';
EXECUTE IMMEDIATE ‘'INSERT INTO nl_build_settings (setting_name, setting_value) VALUES (''PREP_AUTO'', ''ON'')';

DBMS_OUTPUT.PUT_LINE ('Created model build settings table: CUSTOMERS36@_SET ');

-- Build the 1-Class SVM model.

EXECUTE IMMEDIATE 'CALL DBMS_DATA_MINING.CREATE_MODEL(''CUSTOMERS36@MODEL'', ''CLASSIFICATION'', ''CUSTOMERS36@'', ''CUST_ID '', null, ''CUSTOMERS36@_SET'')';
DBMS_OUTPUT.PUT_LINE ('Created model: CUSTOMERS36@_MODEL ');

End;

DROP TABLE CUSTOMERS36@_SET: succeeded 3
CALL DBMS_DATA_MINING.DROP_MODEL('CUSTOMERS36@OMODEL'): succeeded

Created model build settings table: CUSTOMERS36@_SET

Created model: CUSTOMERS360_MODEL

PL/SQL procedure successfully completed.

Trok 2 zar Ii il'i iliiiiiii II i'i III Ii iii i ii'n PM M
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(' @ & sic12gwb.us.orade.com:8080/oml/tenants/TENANT1/databases/PDB1/index.html?root=notebookedit&notebookeditor={"id"%3A831%2C type"%3A"notebook") ¢ Q Search

= ORACLE" Machine Learing
€ Back
Anomaly Detection > x@s8s me -

Display CUSTOMERS360 table
%sql

-- CUST_YEAR_OF_BIRTH vs. YRS_RESIDENCE grouped by CUST_MARITAL_STATUS

SELECT * from CUSTOMERS360;

.ﬂ -’I&” ¢ [ Y |~ &mv settings v

14

12

0 it R o |
1922 1925 1930 1935 1940

Took 0 sec. Last updated by CBERGER at February 08 2018, 5:17:48 PM. (outdated)

wE ¥ A9 & =
B Customer Analytics [Charlie Workspace] ¥ ‘.' CBERGER ~
~
® Connected

FINISHED D < B8 @&
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Build Anomaly Detection Model (1-Class SVM)

%script
-- Build Anomaly Detection Model (1-Class SVM) on SUPPLEMENTARY_DEMOGRAPHICS2 data

DECLARE
v_sql varchar2(1ee);

BEGIN

-- drop build settings

BEGIN

v_sql := 'DROP TABLE CUSTOMERS36@_SET';
EXECUTE IMMEDIATE v_sql;
DBMS_OUTPUT.PUT_LINE (v_sql ||': succeeded');
EXCEPTION

WHEN OTHERS THEN

DBMS_OUTPUT.PUT_LINE iv sil I': droi unneccessary - no table exists');

FINISHED D X 8 &
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(' DM sict 2gwb.us.oracle.com:8080/oml/tenants/TENANT1/databases/PDB1/index.html?root=notebookedit&notebookeditor={"id"%3A831%2C"type"%3A"notebook") c Q Search ﬁ \ E ‘. #® O 8 =
= ORACLE" Machine Learing B Customer Analytics [Charlie Workspace] ¥ & CBERGER ~
~
Rk ® Connected

Anomaly Detection >

Graph Customers and probability of being Anomalous

FINISHED D (BB &
B W e M

(58 ‘ \7& ‘-[ settings v

®Stacked QStream  QExpanded @®Widowed < Divorc. @Mabsent  Separ @Married © Mar-AF @ NeverM
24
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e

65 70 75.73

Took 0 sec Last updsted by CBERGER st February 06 2018, 9:05:47 AM. (outdated)

Display the Top 5 Most Anomalous Customers

%sql

select * from

(select CUST_ID, HOUSEHOLD_SIZE, YRS_RESIDENCE, CUST_GENDER, CUST_MARITAL_STATUS, round(prob_fraud*1€e,2) percent_fraud,
rank() over (order by prob_fraud desc) rnk from

(select CUST_ID, HOUSEHOLD_SIZE, YRS_RESIDENCE, CUST_GENDER, CUST_MARITAL_STATUS, prediction_probability(CUSTOMERS36@MODEL, '@' using *) prob_fraud
from CUSTOMERS360

))
where rnk <= 5
order by percent_fraud desc;

FINSHED D = B &

(@]w o m[uw]e][s]]

CUST_ID HOUSEHOLD_SIZE YRS_RESIDENCE CUST_GENDER CUST_MARITAL_STATUS PERCENT_FRAUD RNK
100,199 2 2 F Widowed 75.73 1
103,154 2 2 F Widowed 75.73 1
102,948 9+ 2 F Widowed 73.32 3
101,137 9+ 3 F Widowed 66.8 4

bt
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€  Og slc12gwhb.us.oracle.com:8080/oml/tenants/ TENANT1 /databases/PDB1/index.htmi?root=notebookedit&notebookeditor={"id"%3A441%2C"type"%3A" notebook"} c Q Search ﬁ' B ¥ # ﬁ
= ORACLE Mmachine Leaming £ Charlie Project [Charlie Workspace] + & CBERGER
4 Back

® Connected

Classification Prediction Model v xE~sss & defauit~

AAAAAA

Predicting Target Customers using Classification £ 0" o LR EedL
A

Example notebook to predict customers most likely to be positive responders to an Affinity Card loyalty program. This notebook ‘O
builds and applies classfication models (decision tree) using the SH schema data and processed inside the Oracle Autonomous
Data Warehouse Cloud (ADWC).

By Charlie Berger Took 1 sec Last updated by CBERGER st February 05 2018, 4:37:08 PM. (outdated

O .
OAB‘ 0000

For more information, check the Oracle ADWC Documentation https:f/docs.oracle.com/en/cloud/paas/autonomous-data-warehouse-cloud/index. html, Oracle Machine Learning folder on Oracle on Github https:/github.com/oracle, Oracle Advanced Analytics hitp:/faww.c EINSHER - 3
(databasefoptions/advanced-analytics/overview/index html and Oracle Machine Learning on Oracle Technology Network and Introducing Oracle Machine Learning blog post hitps://blogs. oracle com/datamining/introducing-oracle-machine-learning-sql-notebooks-for-the-oracle-autonomous-
data-warehouse-cloud on Oracle Machine Learning blog.

Display the SH.SUPPLEMENTARY_DEMOGRAPHICS data FINISHED

#sql
Select * from 5H.SUPPLEMENTARY_DEMOGRAPHICS,

B ol ¢ e 2 [ i~

CUST_ID EDUCATION OCCUPATION HOUSEHOLD_SIZE YRS_RESIDENCE AFFINITY_CARD EBULK _PACK_DISKETTES FLAT PANEL_MONITOR HOME_THEATER_PACKAGE BOOKKEEPING_APPLICATION PRINTER_SUPPLIES Y_BOX GAMES 0OS_DOC_SET_KANJI cc”

100,931 < Bach. Crafts 3 6 1 1 1 1 1 1 0 0 Sh
100,932 HS-grad Machine 1 5 0 0 0 0 1 1 0 0 lal
100,933 HS-grad Sales 3 7 1 1 1 1 1 1 0 0 ATt
100,934 Bach. ? 2 4 0 0 0 0 1 1 1 0 ATt
100,935 < Bach. Other 2 2 0 0 0 0 1 1 1 0 Gr
100,936 0Oth Crafis 3 3 0 0 0 1 0 1 0 0 lal
100,937 HS-grad Crafis 2 4 0 1 1 0 1 1 1 0 Aft
100,938 HS-grad Farming 1 1 0 1 1 1 1 1 0 0 e,
< >

X
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= ORACLE" Machine Learning 8 Charlie Project [Charlie Workspace] ¥ &, CBERGER
€ Back ® Connected

Classification Prediction Model bt :xe s s« & defaut~

Real-time prediction FIN

%sql
Select prediction_probability(N1_CLASS_MODEL, '1'

USING '3' as HOUSEHOLD_SIZE, 5 as YRS_RESIDENCE, 1 as Y_BOX_GAMES)
from dual;

B o ¢ M 2 £ -

PREDICTION_PROBABILITY(N1_CLASS_ MODEL,"1'USING'3'ASHOUSEHOLD_SIZE,5ASYRS_RESIDENCE,1ASY_BOX_GAMES)

0.45058

Interactive selection of likely Affinity_Card reponders selected by HOUSEHOLD_SIZE FIN Ha
#sql

SELECT A.*, B.* FROM N1_APPLY_RESULT A, N1_TEST_DATA B WHERE HOUSEHOLD_SIZE = ${HOUSEHOLD_SIZE='1','1'|'3'| '9+'} and a.CUST_ID = b.CUST_ID;

HOUSEHOLD_SIZE

s

CUST_ID PREDICTION PROBABILITY COST CUST_ID CUST_GENDER CUST_MARITAL_STATUS CUST_YEAR_OF BIRTH CUST_INCOME_LEVEL CUST_CREDIT_LIMIT EDUCATION AFFINITY_CARD HOUSEHOLD_SIZE OCCUPATION YRS_RESIDENCE Y_BOX GAM 2

100,302 0 0.5928 04072 100,302 M Married 1.975 J: 190,000 - 249,999 11.000 10th 0 3 Crafts 4 1
100,302 1 0.4072 0.5928 100302 M Married 1,975 J: 190,000 - 249,999 11,000 10th 0 3 Crafts 4 1
100,612 1 0.5375 04625 100612 M Married 1.974 H: 150,000 - 169,999 7.000 ASSOC-A 1 3 Sales 4 1
100612 O 0.4625 0.5375 100612 M Married 1.974 H: 150,000 - 169,999 7.000 ASSOC-A 1 3 Sales 4 1
100,950 0 0.5928 0.4072 100,950 M Married 1,958 G:130,000- 149,999 5,000 HS-grad 1 3 Sales 6 0
100,950 1 0.4072 0.5928 100950 M Married 1,958 G:130,000-149,999 5,000 HS-grad 1 3 Sales 6 0
101,203 1 0.5375 04625 101,203 M Married 1,968 I 170,000 - 189,999 9,000 Bach. 1 3 Sales 4 0
101,203 0 0.4625 0.5375 101,203 M Married 1,968 1:170,000 - 189,999 9.000 Bach. 1 3 Sales 4 0
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How to Get Started with Oracle Machine Learning
Here is how you can get started with Oracle Machine Learning.

1. Request access to Oracle Machine Learning. Contact your Service Administrator to provide access to your Oracle Machine
Learning account.

2. Access the Oracle Machine Learning account by using your credentials. In case you forget your password, then request the
Administrator to reset it.

# Note:

Once you receive your new password, you must change it immediately. Refer to the Oracle Machine Learning
password policy for more information.

3. Once you log in for the first time, a workspace and project will be created for you. You can start creating your notebook and
assign it to the default project and workspace. You can also create your own project and workspace.

Related Topics

® Password Policy

Accessing Oracle Machine Learning User Management Page

From Autonomous Data Warehouse Cloud you can access the Oracle Machine Learning Mange Oracle ML Users page.
To access Oracle Machine Learning Mange Oracle ML Users page:
1. Sign in to your Cloud Account and navigate to the My Services Dashboard.

2. Click the navigation menu icon = in the top corner of the My Services Dashboard and then click Autonomous Data
Warehouse Cloud.

3. Select a service and dlick the "= and select Service Console.

4. At the prompt, enter ADMIN for the username and enter the password for the ADMIN user.

Instances  Activity

As of Dec 15,2017 6:29.08 PMUTC (3
Summary 2 3 2 -
Databases CPUs T8

Services

adwe O,

i:v adwc11

!DateCreated: Dec 12,2017 10:32:116 PMUTC
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Creating Projects and Workspaces

A project is a container for your notebooks, and a workspace is a container for your projects. You can own multiple projects in a
workspace,

The initial workspace and the default project is created by the Oracle Machine Learning service automatically when you log in to Oracle
Machine Learning for the first time. To create a new project and a workspace:

—_

. On the top right corner of Oracle Machine Learning home page, click the project workspace drop-down list. The project name
and the workspace, in which the project resides, are displayed here. In this screenshot, the project name is Project A, and the
workspace name is Admin. If a default project exists, then the default project name is displayed here. To choose a different
project, click Select Project.

B Project A [Admin Workspace] v v v

W
Recent Projects >
g Resources
New Project...
Manage Workspaces... Notebook

Workspace Permissions...

Description of the illustration select_project.eps

# Note:
The last project that you have worked on is stored in the browser cache and is the default project. If you clear the
cache, then no default exists and you must select a project.

[\S}

. To create a new project, click New Project.
The Create Project dialog box opens.

w

. In the Name field, provide a name for your project.

4. In the Comments field, enter comments, if any.

wm

. In the Select Workspace field, select a workspace from the drop-down list. Your project is assigned to the selected workspace. If

you want to create a new workspace, then click | 4 |

6. In the Create Workspace dialog box, enter a name for the workspace in the Name field.

=~

. In the Comments field, enter comments, if any.

8. Click OK.
This creates your workspace, and navigates back to the Create Project dialog box. The project that you are creating is now
assigned to the newly created workspace.

O

. Click OK_



Oracle’s Machine Learning/Advanced Analytics Platforms
Machine Learning Algorithms Embedded in the Data Management Platforms

“Analytics Producers”
Data Scientists, R Users, Citizen Data Scientists
@ RStudio e ORACLE [ﬁﬁ::r b C)?_ACLE' Machine Learning New Zeppelin notebook

' ; R —————— - —="2| based Ul for data

e e scientists collaboratin g
and sharing ML
o analytical methodologies
kbt illy [ ™ Clouds

ORACLE Data Management + Advancec latform
Big Data SQL

ORACLE Database Cloud
‘Oracle Machine Learning” Database Edition

ORACLE Big Data Cloud Service
“Oracle Machine Learning” Big Data Cloud

Q. ORAAH—Machine Learning Algorithms ®u2e"® Machine Learning Algorithms, *ale”
WE  Statistical Functions + R Integration ‘ut Statistical Functions + R Integration kY

or Scalable, Parallel, Distributed, in-DB Executions e 'y

@ [ 1)
for Scalable, Parallel, Distributed Execution ® ® e

: ‘ CI_E Copyright © 2018, Oracle and/or its affiliates. All rights reserved. |



Oracle Machine Learning and Advanced Analytics
Strategy and Road Map

* Support multiple data platforms, analytical engines, languages, Uls and
deployment strategies

GUI SQL R, Python, etc.

Data Miner, RStudio
— ORACLE v - Notebooks

ML Algorithms

Common core, parallel, distributed

DWCS

Big Data / Big Data Cloud Relational Oracle Database Cloud
ORACI_EW Copyright © 2018, Oracle and/or its affiliates. All rights reserved. |



ORACLE

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




Oracle’s Machine Learning/Advanced Analytics :

Fastest Way to Deliver Scalable Enterprise-wide Predictive Analytics * c° &3 ==

Key Features

(] ORACLE ORACLE b s
L_é SOL DEVELOPER Data Miner o ——

"3
¥ B
L st 220 i
= Bz o
i . = o s
- - = /
P

= Parallel, scalable machine learning
algorithms and R integration

P,

= |n-Database + Hadoop—Don’t move the

Spo'."? data

= Data analysts, data scientists &
developers

= Drag and drop workflow, R and SQL APIs

= Extends data management into powerful
advanced/predictive analytics platform

= Enables enterprise predictive analytics
deployment + applications

ORACLE

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



Multiple Data Scientist User Roles Supported

Oracle’s Machine Learning/Advanced Analytics

Application Developers

] ORACLE ORACLE b
- SQL DEVELOPER Data Miner

—

B e
e

Data Analysts, Citizen Data Scientists

R Users, Data Scientists

ORACLE

Copyright © 2018, Oracle and/or its affiliates. All rights reserved. |



Multiple Data Scientist User Roles Supported

Oracle’s Machine Learning/Advanced Analytics

= Application Developers
ORACLE Machine Learning ; % [ﬁgﬁﬁi b

R Users, Data Scientists OML SQL Notebook Users Data Analyst Citizen Data Scientists

ORACLE

Copyright © 2018, Oracle and/or its affiliates. All rights reserved. |



Manage and Analyze All Your Data

Data Scientists, R User§, Citizen Data Scientists

6 RStudio 5_ ORACLE ORACLE b OR’ACLE Machine Learnlng
——— + SQLDEVELOPER  Data Miner e —
- — . I'% i @ & ‘“"‘“ s s o= A o "
Architecturally, | ‘ g LB - , =
Many Options LAl B
and Flexibility LakukhLbl ||||| |

“Engineered Features”
— Derived attributes
that reflect domain
knowledge—key to
best models e.g:

* Counts ..
* Totals Sl
3.~ ° Changes O - BT
over time

C)R’ACI_E

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



Oracle’s Machine Learning & Adv. Analytics Alg Hfhms

111111

CLASSIFICATION ‘
— Naive Bayes L0, 0000
— Logistic Regression (GLM)

— Decision Tree

— Random Forest

— Neural Network

— Support Vector Machine

— Explicit Semantic Analysis

CLUSTERING

— Hierarchical K-Means
— Hierarchical O-Cluster
— Expectation Maximization (EM)

ANOMALY DETECTION |= o7y
— One-Class SVM ’
H"“vﬂaﬂﬁ“fﬂ# ﬂL‘M

°+ +‘ ‘__,_,..---'A:
vQ. ,—%

®
.A.+ H++++

TIME SERIES
— Holt-Winters, Regular & Irregular,
with and w/o trends & seasonal

—Single, Double Exp Smoothing

7N

A
Q A
AL

REGRESSION

— Linear Model
— Generalized Linear Model

— Support Vector Machine (SVM)
— Stepwise Linear regression

— Neural Network A

— LASSO o4 ' |

* o_y
olA.-l- 00

ATTRIBUTE IMPORTANCE “*****¥
— Minimum Description Length
— Principal Comp Analysis (PCA)
— Unsupervised Pair-wise KL Div
— CUR decomposition for row & Al

ASSOCIATION RULES '
— A priori/ market basket **

AR
A °A

PREDICTIVE QUERIES
— Predict, cluster, detect, features

SQL ANALYTICS P |
—SQL Windows, SQL Patterns,

SQL Aggregates
* OAA (Oracle Data Mining + Oracle R Enterprise) and ORAAH combined

* OAA includes support for Partitioned Models, Transactional, Unstructured, Geo-s atlal Graph data.

ORACLE

Spar K oo G u'n

FEATURE EXTRACTION
— Principal Comp Analysis (PCA)
— Non-negative Matrix Factorization
— Singular Value Decomposition (SVD)
— Explicit Semantic Analysis (ESA)

TEXT MINING SUPPORT

— Algorithms support text type

— Tokenization and theme extraction

— Explicit Semantic Analysis (ESA) for
document similarity

STATISTICAL FUNCTIONS

— Basic statistics: min, max,
median, stdey, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

R PACKAGES R"

— CRAN R Algorithm Packages "=
through Embedded R Execution
— Spark MLIib algorithm integration

EXPORTABLE ML MODELS
— C and Java code for deployment

opyrlght © 2018, Oracle and/or its affiliates. All rlghts reserved |



Oracle’s Machine Learning/Advanced Analytics Hi

Fastest Way to Deliver Enterprise-wide Predictive Analytics oo il =

Major Benefits

o Data Mining
= Data remains in Database & Hadoop Model “Scoring”
= Model building and scoring occur in-database Data Prep. &
= Use R packages with data-parallel invocations Transformation
= Leverage investment in Oracle IT Data Mining
.. .. Model Building
= Eliminate data duplication
= Eliminate separate analytical servers Data Prep &
= Deliver enterprise-wide applications UL

= GUI for ML/Predictive Analytics & code gen

= Rinterface leverages database as HPC engine Data Ext<action Erbedded Data Prch
ORACLE

Model Building

Data Preparation

Secs, Mins or Hours
—

Hours, Days or Weeks
—_—

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




Oracle Advanced Analytics 12.2 Unofficial

Model Build Time Performance

T7-4 (Sparc & Solaris) X5-4 (Intel and Linux)

OAA 12.2 Algorithms Rows (Ms) Model Build Time (Secs / Degree of Parallelism)
Wow! That’s Fast!

Attributes Importance 640 28s /512 44s /72
K Means Clustering 640 268s /144
Expectation Maximization 159 588s /144
Naive Bayes Classification 320 23s /72
GLM Classification 640 363s /144

GLM Regressiot
In 24 hours, could build new predictive models for entire

Support Vector United States Population, for 400 attributes, 4 times!
Support Vector wviaciinic |dUU >ulvelr ) Uty wao 100D/ /2

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

degree of parallelism (dop). The data also has high cardinalipy{atagosicabeaivambonhisghitiensdpteai&Kaining attributes (when algorithms require explosion). There
are no comparisons to 12.1 and it is fair to say that the 12.1 algorithms could not run on data of this size.
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Fraud Prediction Demo
Automated In-DB Analytical Methodology

drop table CLAIMS_SET;
exec dboms_data_mining.drop_model('CLAIMSMODEL");
create table CLAIMS_SET (setting_name varchar2(30), setting_value varchar2(4000));

= seript output [ Query Result *

insert into CLAIMS_SET values (ALGO_NAME''/ALGO_SUPPORT_VECTOR_MACHINES"); 3 5 @) & sou | AlRows Fetched: 5in 0.064 seconds
insert into CLAIMS_SET values (PREP_AUTO','ON"); {} POLICYNUMBER |{} PERCENT_FRAUD |/} RNK |
commit; 1 654 61.87 1

- 2 11068 57.37 2
begin o 3 7435 55.47 3
dbms_data_mining.create_model('CLAIMSMODEL', 'CLASSIFICATION", s 3599 _— s

'‘CLAIMS', 'POLICYNUMBER', null, 'CLAIMS_SET"); : . -
14877 55.37 ]

end;
/

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

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

c )
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Oracle Advanced Analytics Oracle Cloud

Real-Time Scoring, Predictions and Recommendations

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

Select prediction probability (CLAS DT 1 15, 'Yes'

USING 7800 as bank funds, 125 as checking amount, 20 as
credit balance, 55 as age, 'Married' as marital status,
250 as"MONEY MONTLY OVERDRAWN, 1 as house ownership)

from dual;

& ' Mﬂeh

Likelihood to respond:

|c5"émch [ Suery Result
C)R’ACI_E Offlq
B gl B 5oL All Rows Fetched: 1 in 0 seconds

uy a

Call Ce
C mpla .
4
|
ﬂ"——‘ Rese””

ag¥
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Build Predictive Models on an Attribute

Oracle’s Machine Learning Accelerates New Possibilities

Machine Learning Model = Function(X,, X,, ....X) = Y (LTV_BIN); Probability
\ \’
CUST_ID  AGE SEX MARITAL_STATUS N_TRANS_ATM LTV CHECKING_AMOUNT BAMK_FUMDS |SALARY HOUSE_OWMERSHIP PROFESSION  LTV_BIN Probability
1 CUS617 46.0000 M MARRIED 2.0000 34,040.0000 25,0000 0.0000 63,760... 2.0000 Cashier VERYHIGH O
2 CU7115 27.0000 M DIVORCED 5.0000 20,343.2500 25,0000 0.0000 58,573... 1.0000 PROF-14  MEDIUM 77
3 CU7117 30.0000 F DIVORCED 5.0000 28,306.5000 349,0000  6,300.0000 65,226... 2.0000  Administrator HIGH 64
4 CU7118 33.0000 M DIVORCED 10000  26,480.2500 25,0000 0.0000 68,721... 1.0000 Nurse HIGH 78
5 CU7120 210000 M DIVORCED 3.0000 22,012.0000 25,0000 0.0000 57,648... 1.0000 Professor HIGH 572
6 CU7121 32,0000 F MARRIED 2.0000 20,904.5000 959,0000 201,000 60,818... 1.0000 PROF-33  MEDIUM O3
7 CU7123 350000 M MARRIED 2.0000 22,330.5000 92,0000  8,200.0000 61,322... 1.0000 Clerical HIGH 83
8 CU7124 440000 F DIVORCED 5.0000 23,085.5000 25,0000 2,000.0000 60,742... 1.0000 PROF-1 HIGH 54
9 CU7125 63.0000 M MARRIED 1.0000  25,383.0000 25,0000 0.0000 62,332... 1.0000 Waiter /Waitress HIGH .74
10 CU7127 58.0000 M WIDOWED 2.0000 29,106.0000 25,0000 0.0000 69,224,.. 1.0000 Nurse HIGH 68
11 CU7128 26.0000 M SINGLE 1.0000  15,084.7500 708.0000  1,100.0000 65,939... 0.0000 Programmerf...  MEDIUM 55
12 CU7129 28.0000 M MARRIED 0.0000 30,351.7500 25,0000 0.0000 66,207... 1.0000 Nurse VERYHIGH .78
13 CU7131 47.0000 F DIVORCED 4.0000 25,222.7500 1,186.0000  2,800.0000 68,091... 1.0000 School Teacher HIGH .93
14 CU7132 39.0000 M SINGLE 0.0000 32,064.7500 25,0000 0.0000 68,5659... 10000 Nurse VERYHIGH .98
15  CU7133 26.0000 F MARRIED 3.0000 15,425.2500 25,0000 0.0000 61,301... 1.0000 Fireman  MEDIULM 89
16 CU7134 38.0000 M SINGLE 10000  20,695.2500 25,0000 0.0000 63,581... 0.0000 Nurse  MEDIUM .90
17 CU7135 420000 M SINGLE 1.0000  21,900.7500 25,0000 0.0000 66,303... 0.0000 Nurse  MEDIUM .76
18 CU7136 360000 M SINGLE 10000 22,064.7500 25,0000 0.0000 69,859... 0.0000 Nurse HIGH .92
19 CU7137 23.0000 M SINGLE 0.0000 20,237.2500 25,0000 0.0000 67,74%... 0.0000 Nurse  MEDIUM .65
20 CU7138 33.0000 F MARRIED 5.0000 24,152,5000 25.0000  2,150,0000 57,410... 10000  Veterinarian HIGH .93
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Build Predictive Models on an Attribute

Oracle’s Machine Learning Accelerates New Possibilities

Machine Learning Model = Function(X,, X,, ....X) = Y (LTV_BIN); Probability
\ \’
CUST_ID  AGE SEX MARITAL_STATUS N_TRANS_ATM LTV CHECKING_AMOUNT BAMK_FUMDS |SALARY HOUSE_OWMERSHIP PROFESSION  LTV_BIN Probability
1 CUS617 46.0000 M MARRIED 2.0000 34,040.0000 25,0000 0.0000 63,760... 2.0000 Cashier VERYHIGH O
2 CU7115 27.0000 M DIVORCED 5.0000 20,343.2500 25,0000 0.0000 58,573... 1.0000 PROF-14  MEDIUM 77
3 CU7117 30.0000 F DIVORCED 5.0000 28,306.5000 349,0000  6,300.0000 65,226... 2.0000  Administrator HIGH 64
4 CU7118 33.0000 M DIVORCED 10000  26,480.2500 25,0000 0.0000 68,721... 1.0000 Nurse HIGH 78
5 CU7120 210000 M DIVORCED 3.0000 22,012.0000 25,0000 0.0000 57,648... 1.0000 Professor HIGH 572
6 CU7121 32,0000 F MARRIED 2.0000 20,904.5000 959,0000 201,000 60,818... 1.0000 PROF-33  MEDIUM O3
7 CU7123 350000 M MARRIED 2.0000 22,330.5000 92,0000  8,200.0000 61,322... 1.0000 Clerical HIGH 83
8 CU7124 440000 F DIVORCED 5.0000 23,085.5000 25,0000 2,000.0000 60,742... 1.0000 PROF-1 HIGH 54
9 CU7125 63.0000 M MARRIED 1.0000  25,383.0000 25,0000 0.0000 62,332... 1.0000 Waiter /Waitress HIGH .74
10 CU7127 58.0000 M WIDOWED 2.0000 29,106.0000 25,0000 0.0000 69,224,.. 1.0000 Nurse HIGH 68
11 CU7128 26.0000 M SINGLE 1.0000  15,084.7500 708.0000  1,100.0000 65,939... 0.0000 Programmerf...  MEDIUM 55
12 CU7129 28.0000 M MARRIED 0.0000 30,351.7500 25,0000 0.0000 66,207... 1.0000 Nurse VERYHIGH .78
13 CU7131 47.0000 F DIVORCED 4.0000 25,222.7500 1,186.0000  2,800.0000 68,091... 1.0000 School Teacher HIGH .93
14 CU7132 39.0000 M SINGLE 0.0000 32,064.7500 25,0000 0.0000 68,5659... 10000 Nurse VERYHIGH .98
15  CU7133 26.0000 F MARRIED 3.0000 15,425.2500 25,0000 0.0000 61,301... 1.0000 Fireman  MEDIULM 89
16 CU7134 38.0000 M SINGLE 10000  20,695.2500 25,0000 0.0000 63,581... 0.0000 Nurse  MEDIUM .90
17 CU7135 420000 M SINGLE 1.0000  21,900.7500 25,0000 0.0000 66,303... 0.0000 Nurse  MEDIUM .76
18 CU7136 360000 M SINGLE 10000 22,064.7500 25,0000 0.0000 69,859... 0.0000 Nurse HIGH .92
19 CU7137 23.0000 M SINGLE 0.0000 20,237.2500 25,0000 0.0000 67,74%... 0.0000 Nurse  MEDIUM .65
20 CU7138 33.0000 F MARRIED 5.0000 24,152,5000 25.0000  2,150,0000 57,410... 10000  Veterinarian HIGH .93
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Build Predictive Models on an Attribute

Oracle’s Machine Learning Accelerates New Possibilities

Machine Learning Models = Function(X,, X,, ....X) & Y2 (BankFunds 2 Y (LTV_BIN); Probability
| y )
CUST_ID  AGE SEX |MARITAL_STATUS N_TRANS_ATM LTV CHECKING_AMOUNT BANK_FUNDS P(BankFunds) —SALARY HOUSE_OWNERSHIP PROFESSION LTV _BIN Probability
1 CUS&17 46.0000 M MARRIED 2.0000  34,040,0000 25,0000 0.0000 4500000 @ 63,760... 2.0000 Cashier VERY HIGH O
2 CU7I15 27.0000 M DIVORCED 5.0000 20,843.2500 25,0000 0.0003 1.500 58,573... 1.0000 PROF-14  MEDIUM 77
3 CU7117 30,0000 F DIVORCED 5.0000 28,306.5000 349.0000  §,300.0000 35000000 @ 65.22... 2.0000  Administrator HIGH 64
4  CU7113 33.0000 M DIVORCED 1.0000  26,480.2500 25,0000 0.0003 150.000 @ 68,721... 1.0000 Murse HIGH 78
5  CU7120 21.0000 M DIVORCED 3.0000 22,012.0000 25,0000 0.0000 -5.000 57,648... 1.0000 Professor HIGH 52
& CU7121 320000 F MARRIED 2,0000  20,904.5000 999,0000 201.0007 210,000 = 60,818... 1.0000 PROF-38 MEDIUM O3
7 CU7123 350000 M MARRIED 2.0000  22,330,5000 92,0000 8,200.0000 8500000 @ 61,322.. 1.0000 Clerical HIGH 83
8 CU7124 440000 F DIVORCED 5.0000 23,085.5000 250000  2,000.0000 2500000 @ 60,74Z.. 1.0000 PROF-1 HIGH 54
9 CU7125 63.0000 M MARRIED 1.0000 25,383.0000 25,0000 0.0007 25000 @ &2,33Z.. 1.0000 Waiter \Waitress HIGH 74
10 CU7127 53.0000 M WIDOWED 2.0000  29,108.0000 25,0000 0.0003 11,000 @ 69,224... 1.0000 Murse HIGH 68
11 CU7128 26.0000 M SINGLE 1.0000  15,084.7500 708.0000  1,100.0000 1200000 @ 65,939... 0.0000 Programmer)... MEDIUM 55
12 CU7129  23.0000 M MARRIED 0.0000  30,351.7500 25,0000 0.0002 17.000 66,207... 1.0000 Murse WVERYHIGH .78
13 CU7131 47.0000 F DIVORCED 4.0000  25,222.7500 1,186.0000 2,800.0000 2750000 @ ©8,091... 1.0000 School Teacher HIGH .93
14 CU7132 390000 M SINGLE 0.0000 32,064, 7500 25,0000 0.0003 0 @ 68659... 1,0000 Murse VERYHIGH .98
15 CU7133 26.0000 F MARRIED 3.0000 15,425.2500 25,0000 0.0000 4500 | s&1,301.. 1.0000 Fireman MEDIUM .89
16 CU7134 33.0000 M SINGLE 1.0000  20,595.2500 25,0000 0.0003 9.000 | 63,581... 0.0000 Murse MEDIUM .90
17 CU7135 420000 M SINGLE 1.0000  21,900,7500 25,0000 0.0007 6500 @ 66,803... 0.0000 Murse MEDIUM .76
18 CU7136 360000 M SINGLE 1.0000  22,064.7500 25,0000 0.0003 12.000  ©89,854... 0.0000 Murse HIGH .92
19 CU7137 23.0000 M SINGLE 0.0000  20,237.2500 25,0000 0.0000 7500 @ &7,74%.. 0.0000 MNurse MEDILM .65
20 CU7138  33.0000 F MARRIED 5.0000 24,152,5000 25.0000 21500000 2,200,000 67,410... 10000  Veterinarian HIGH .93
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Build Predictive Models on an Attribute

Oracle’s Machine Learning Accelerates New Possibilities

Machine Learning Models = Function(X,, X,, ....X) & Y2 (BankFunds 2 Y (LTV_BIN); Probability
Voo | | V
CUSTID AGE  SEX MARITAL_STATUS N_TRANS_ATM LTV CHECMNG_AMDUNTE&E}_{F@WPI{BankFunds) SALARY HOUSE_OWMERSHIP PROFESSION LTV.BIN  Probability
1 CUBS17 46.0000 M MARRIED 2,0000  34,040.0000 25,0000 0.008300 4,500,000 = 63,760... 2,0000 Cashier VERYHIGH O
2 CU7TIIS 27.0000 M DIVORCED 5.0000 20,343.2500 25,0000 0.000045 1500 @ 58,573... 1.0000 PROF-14  MEDIUM 77
3 CU7I17 30.0000 F DIVORCED 5.0000  28,306.5000 349.0000  6,300.0080035 000,000 = ©5.226... 2,0000  Administrator HIGH 64
4  CU7118 33.0000 M DIVORCED 10000  26,480.2500 25.0000 0.000075 150000 @ 6872L.. 1.0000 Nurse HIGH 78
5 CU7I20 210000 M DIVORCED 3.0000 22,012,000 25,0000 0.8M00 5000 @ 57.64.. 1.0000 Professor HIGH 52
& CU7121 320000 F MARRIED 2,0000  20,904.5000 933.0000 2012000 210000 @ 60,813... 1.0000 PROF-33  MEDIUM O3
7 CU7123 350000 M MARRIED 2,0000 22,330,5000 92.0000 8,200.00833 §500.000 @ 61,322.. 1.0000 Clerical HIGH 83
8 CU7124 440000 F DIVORCED 5.0000 23,085.5000 25,0000  2,000.808300 2 500,000 @ 60,742.. 1.0000 PROF-1 HIGH 54
9 CU7125 63.0000 M MARRIED 1.0000  25,383.0000 25,0000 406300 25000 @ 62,332... 1.0000 Waiter,Waitress HIGH 74
10 CU7127 58.0000 M WIDOWED 2,0000 29,106.0000 25.0000 0.0000 3 11000 @ 69,224.. 1.0000 Nurse HIGH .68
11 CU7128 26.0000 M SINGLE 1.0000  15,084.7500 708.0000 1,100.000375 1200.000 = 65,939... 0.0000 Programmer/...  MEDIUM 55
12 CU7129 23.0000 M MARRIED 0.0000 30,351.7500 25.0000 0.006325 17000  66,207... 1.0000 Nurse VERYHIGH .78
13 CU7131 47.0000 F DIVORCED 4,0000 325,222,750 1,186.0000  2,800.008360 2750 000  68,091... 1.0000 School Teacher HIGH .93
14 CU7132 39.0000 M SINGLE 0.0000 32,064.7500 25,0000 0.000468 0  &8,659... 1.0000 Nurse VERYHIGH .98
15  CU7133 26.0000 F MARRIED 3.0000 15,425.2500 25,0000 olebd300 4500 @ &1,301... 1.0000 Fireman  MEDIULM 89
16 CU7134 38.0000 M SINGLE 10000 20,595.2500 25,0000 0000220 0.000 @ 63,581... 0.0000 Nurse  MEDIUM .90
17 CU7135 42.0000 M SINGLE 1.0000  21,500.7500 25.0000 0:0b5H00 6500 @ &6,303... 0.0000 Nurse  MEDIUM .76
18 CU7136 36.0000 M SINGLE 1.0000  22,064.7500 25,0000 0608300 12000  69,859... 0,0000 Nurse HIGH .92
19 CU7I37 23.0000 M SINGLE 0.0000 20,237.2500 25.0000 0.006233 7500 @ 67,749... 0.0000 Nurse  MEDIUM .65
20 CU7138 38.0000 F MARRIED 5.0000 24,152.5000 25.0000  2,150.000497 2200000 = 67,410... 1.0000  Veterinarian HiGH .93

ORACLE

Copyright © 2018, Oracle and/or its affiliates. All rights reserved. |




Or;.clelziloud

Oracle Data Miner “Workflow” Ul
Easy to use for “Citizen Data Scientist”; Fast to Deploy via SQL and PL/SQL Scripts

8 Oracle SQL Develoy

* SQL Developer  gm=mwmd Step 1. “Citizen Data Scientist” builds, tests, applies

Goag |

Extension == | ML methodologies using DS IDEs (ODMr, RStudio)
*Easytouseto | i3t .

# D{g 360 Degree Customer Vie
@ DE 4.2 Buy Insurance Workfi

define analytical
methodologies
that can be shared

[-ofg 4.2 Market Basket Analys
@ D{: Buy_Insurance DV

&3 BUY INSURANCE Workflo!
& -o{g ESA Explicit Semantic An,

o3 INSUR_CUST_LTV_SAfL

&-ofg R Extensble
[+ D[: SH Cust Demo Fur
& D[: Workflow fun

Thumbnail

* Workflow API
and generates SQU ¢+ = .
code for
deployment
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memeere| Step 2. 2 Insights & Predictions in Database for
OAC/DV user additional Viz/Analytics




- Targeting High Credit Customers - Oracle Data Visualization Desktop

ATTRIBUTE_NAME

ORACLE Data Visualization Desktop

'

CONSUMER_FINDEX_SCORE, WEALTH, +15

111 Columns

i= Rows

A ATTRIBUTE....

E3 values

IMPORTANC....

RANK

@ Color

A size

+$ Shape

|L-' Targeting High Credit Customers - Project

v

CONSUMER_FINDEX_SCORE
CUSTOMER_DMG_SEGMENT
CUSTOMER_LIFETIME_VALUE
CUSTOMER_VALUE_SEGMENT
DELINQUENCY_STATUS
EDUCATION_LEVEL
FAMILY_SIZE
HIGHEST_CREDIT_CARD_LIMIT
INCOME

MAX_CC_SPENT AMOUNT
MAX_CC_SPENT_AMOUNT_PREV
NEW_BANKRUPTCY
NUMBER_OF_COLLECTIONS
NUMBER_OF LIABLES

OCCUPATION

IMPORTANCE_VALUE, RANK by ATTRIBUTE_NAME

IMPORTANCE_VALUE
0.74
0.54
0.08
0.40
0.23
0.17
0.04
042
0.42
0.25
0.27
0.00
0.00
0.04

0.24

RANK
.
3

13
6
11
12
14
4
5
9
8
16
17
15

10

Exploratory Graphs of Credit Scores ¥

More Expl Graphs ¥

IMPORTANCE_VALUE by ATTRIBUTE_NAME

ATTRIBUTE_NAME

Key Factors of Good Credit Customers ¥

CONSUMER_FINDEX_...
WEALTH
CUSTOMER_DMG_SE...
HIGHEST_CREDIT_CA...
INCOME
CUSTOMER_VALUE_S...
RESIDENTAL_STATUS
MAX_CC_SPENT_AM...
MAX_CC_SPENT_AM...
OCCUPATION
DELINQUENCY_STATUS
EDUCATION_LEVEL
CUSTOMER_LIFETIME...
FAMILY_SIZE
NUMBER_OF_LIABLES
NEW_BANKRUPTCY
NUMBER_OF_COLLEC...

0.00

0.20

Profiles of Good Credit Customet

0.40 0.60

IMPORTANCE_VALUE

> ©

A

0.80

&
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— ORACLE Data Visualization Desktop

| Targeting High Credit Customers - Project

© Click here or drag data to add a filter

‘D Pie v 'PREDICTION_COUNT by PREDICTION, FULL_SIMPLE_RULE
T 1.07% FULL_SIMPLE_RULE
Trellis Columns 2.29% 3.98%
" 0.759; 2 2902 B (WEALTH in ("Average...

WEALTH in ("Average...
WEALTH in ("Average...
WEALTH in ("Average...
WEALTH in ("Average...
WEALTH in ("Average...
WEALTH in ("Average...
WEALTH in ("Average...

1.64%

(
(
s= Trellis Rows 5.41% (
0.14%
0.64% . (
E3 Values (Slice) 1.48% ( (
1.07% 17.91% ( (
PREDICTION... 0.86% ( (
14.02% ( (
(WEALTH in ("Average...
[N category ‘ B (WEALTH in (“Average...
1.68% (WEALTH in ("Average...
A PREDICTION 0.14% (WEALTH in (“Average...
2.13% / 15.41% 1.75% B (WEALTH in ("Average...
2.16% 0.61% (WEALTH in ("Average...
( (
( (
( (

@ Color 1.16% .
WEALTH A
1.00% in ("Average

WEALTH in ("Rich" "V...

A FULL_SIMPL... 4.66% S
3.20% 0.14% WEALTH in ("Rich" "V...
4.05% - _
0.45%
¥ Filtere
Exploratory Graphs of Credit Scores ¥ More Expl Graphs ¥ Key Factors of Good Credit Customers ¥ Profiles of Good Credit Customer > @ 4 <«
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— ORACLE Data Visualization Desktop

| Targeting High Credit Customers - Project

p)
A

© Click here or drag data to add a filter

"3 Pie v 'PREDICTION_COUNT by PREDICTION, FULL_SIMPLE_RULE @ th & =
e FULL_SIMPLE_RULE
j1g Trellis Columns
B (WEALTH in ("Average...
(WEALTH in ("Average...
i= Trellis Rows (WEALTH in ("Average...
B (WEALTH in ("Average...
E3 Values (Slice) (WEALTH in ("Average...
(WEALTH in ("Average...
PREDICTION... (WEALTH in (“Average...
(WEALTH in ("Average...
(WEALTH in (“Average...
I\ category 7.91 M (WEALTH in (“Average...
PREDICTION_COUNT 863 (15.41%) i
A PREDICTION FULL_SIMPLE_RULE (WEALTH in ("Average" "Poor" "Very Poor" )) AND (NO_OF_RECRUITERS_ON_LINKEDIN <= 1.95E+001) AND (PER... .
PREDICTION >= 3.0
ST - '
(WEALTH in ("Average...
@ Color (WEALTH in (“Average...
WEALTH in ("Rich" "V...
A FULL SIMPL... ( in ("Ric
(WEALTH in ("Rich” "V...
Y Filtere
Exploratory Graphs of Credit Scores ¥ More Expl Graphs ¥ Key Factors of Good Credit Customers ¥ Profiles of Good Credit Customer > @ 4 <«
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The Core Ingredients of Good Machine Learning

D%main Knowledge + Data Mach!ne Learning Algorithms Insights, Predictions
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Most Important Factor in Machine Learning? Deployment!!

Data + Domain Knowledge ML Algorithms Models, Insights, Predictions
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Oracle’s Machine Learning & Advanced Analytics H

Data Management Platforms
Summary

* Machine learning, predictive analytics & “Al” have become must-have
requirements

* Enterprises whose data science teams most rapidly extract predictions and
insights win

* Separate islands for data management and for data science don’t work

* Evolve towards combined data management + advanced analytics environ
that can analyze data, perform machine learning and essentially to “think”

» “Operationalize” ML methodologies and discovered insights & predictions
thru organizations for process automation and customer behavior
anticipation

ORACLE
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Getting Started—Oracle ML/AA Resources & Links

Welcome Charles

Oracle Advanced Analytics Overview Information PN oo 001 il Gy Commnies  lama. < i < Serch
* QOracle's Machine Learning and Advanced Analytics 12.2c and Oracle Data Miner 4.2 New Features preso Froducts Solufons Bounlosds Store Support Training Perine
* Oracle Advanced Analytics Public Customer References
* Oracle’s Machine Learning and Advanced Analytics Data Management Platforms white paper on OTN
* Oracle INTERNAL ONLY OAA Product Management Wiki and Beehive Workspace (contains latest
presentations, demos, product, etc. information)

Oracle Technology Network > Database > Opfions > Advanced Analytics > Overview

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

Oracle Advanced

Analytics °
. . . [ X ) oD
YouTube recorded Oracle Advanced Analytics Presentations and Demos, White Papers
° OraCIels MaCh|ne Learn|ng & Advanced Ana|VtICS 12.2 & OraCIe Data M|ner 4.2 New Features YOUTUbe V|deo :Z"r:“:::‘" Scalable enterprise-wide predictive analytics
* Library of YouTube Movies on Oracle Advanced Analytics, Data Mining, Machine Learning (7+ “live” Demos ...
e.g. Oracle Data Miner 4.0 New Features, Retail, Fraud, Loyalty, Overview, etc.) You D search re Overview
* OQOverview YouTube video of Oracle’s Advanced Analytics and Machine Learning - etz G sl o
ORACLE . L. . s - !”l,ﬂ ate predictive models and leverage R
owvesry | @etting Started/Training/Tutorials ; . o SR i e v nbvanced s
= . . . . OraC'e S MaChlne Learnlng “ ase to an sclable analytical platform that
* Link to OAA/Oracle Data Miner Workflow GUI Online (free) Tutorial Series on OTN and Advanced Analytics o
e Link to OAA/Oracle R Enterprise (free) Tutorial Series on OTN Release 12.2 and s !!“
e Link to Try the Oracle Cloud Now! Oracle Data Miner 4.2 New Features
e Link to Getting Started w/ ODM blog entry ..
e Link to New OAA/Oracle Data Mining 2-Day Instructor Led Oracle University course. il v (R o(Ormtion o
. . Advanced Analytics and Machine Learning
e Oracle Data Mining Sample Code Examples e brgrGoacon emmcie ¢

P bl ~o) 0:03/46:52

ORACLE Hepcenter Additional Resources, Documentation & OTN Discussion Forums " S—
* Oracle Advanced Analytics Option on OTN page Making Big Data and Analytics Simple
* OAA/Oracle Data Mining on OTN page, ODM Documentation & ODM Blog
* OAA/Oracle R Enterprise page on OTN page, ORE Documentation & OREBlog | evcmmmaimmn
* Oracle SQL based Basic Statistical functions on OTN
* Oracle R Advanced Analytics for Hadoop (ORAAH) on OTN I/
20

Analytics and Data Summit, All Analytics, All Data, No Nonsense. . ! 488§§30
March 12-14, 2019, Redwood Shores, CA Sgg%zgggm
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http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-customers-086483.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/oaa122whitepaperv2-3787080.pdf
https://stbeehive.oracle.com/teamcollab/wiki/Oracle+Advanced+Analytics+PM+Workspace
https://youtu.be/WoxXSCf0aeU
https://blogs.oracle.com/datamining/entry/oracle_advanced_analytics_and_data
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
https://www.youtube.com/watch?v=OvtoLJTbO-E&feature=youtu.be
http://www.oracle.com/technetwork/database/options/advanced-analytics/oracleaaml122otn-3703813.pdf
https://apexapps.oracle.com/pls/apex/f?p=44785:24:13318499153035::NO::P24_CONTENT_ID,P24_PREV_PAGE:11925,1
https://apexapps.oracle.com/pls/apex/f?p=44785:24:4786379229847:PRODUCT:NO::P24_CONTENT_ID,P24_PREV_PAGE,P24_PROD_SECTION_GRP_ID:8984,141,
https://shop.oracle.com/apex/f?p=cloud:free&intcmp=cloud-tryit
https://blogs.oracle.com/datamining/evaluating-oracle-data-mining-has-never-been-easier-evaluation-kit-available-%E2%80%A2-updated-for-oracle-database-122c-sqldev-42
http://education.oracle.com/pls/web_prod-plq-dad/db_pages.getpage?page_id=609&get_params=dc:D91316,clang:EN
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-samples-194497.html
http://www.oracle.com/technetwork/database/options/advanced-analytics/index.html
https://youtu.be/WoxXSCf0aeU
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/index.html
https://youtu.be/WoxXSCf0aeU
http://www.oracle.com/technetwork/database/options/advanced-analytics/odm/odm-documentation-170506.html
https://youtu.be/WoxXSCf0aeU
https://blogs.oracle.com/datamining/
http://www.oracle.com/technetwork/database/options/advanced-analytics/r-enterprise/index.html
https://youtu.be/WoxXSCf0aeU
http://www.oracle.com/technetwork/database/options/advanced-analytics/r-enterprise/r-enterprise-doc-1510100.html
https://youtu.be/WoxXSCf0aeU
https://blogs.oracle.com/R/
http://www.oracle.com/technetwork/middleware/bi-foundation/index-092760.html
https://youtu.be/WoxXSCf0aeU
http://www.oracle.com/technetwork/database/database-technologies/bdc/r-advanalytics-for-hadoop/overview/index.html
https://youtu.be/WoxXSCf0aeU
http://www.biwasummit.org/

SAVE THE DATE FOR
ANALYTICS AND DATA SUMMIT 2019

All Analytics. All Data. No Nonsense.

gl BIWA SIG March 12-14, 2019
’ www.analyticsanddatasummit.org ORACLE

ORACLE" nged our name! Formerly called the BIWA Summit with the Spatial and Graph Summit.
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