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o OAC
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eBecome a Data Scientist



Oracle Analytics Cloud

* Platform Services (PaaS)

* Delivered entirely in the cloud:
*No infrastructure footprint

*Flexibility

«Simplified, metered licensing

Eaghe Vimion Vel Reality

Wl[lu'i |

* Several options to suit your needs:
BYOL

*Functionality bundled into 2 editions

* Professional

* Enterprise




FUNCtions

OAC supports Every type of analytics

Modern

Classic

ORACLE Anaiytics Cloud Search Al v Q Advewed Admristrston  Help v SignOut i

Sales Analysis
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ORACLE' Data Visualization
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Classic Enterprise Bl

* Similar to OBIEE 12c

 Centrally maintained & governed
« Semantic model

* Interactive Dashboards

* KPI measurement & monitoring
* Guided navigation paths

* Bl Publisher
* Highly formatted, burst outputs

* Action Framework

* Navigation actions
* Scheduled agents

Select Product Category:
(Al Column Values) v

Select Geography:
(Al Column Values) v

Reset v

ORACLE Analytics Cloud
Sales Analysis

Performance Indicators

13M
Revenue

This measure represents
enterprise revenue for the
selocted yoar.

24M
2.0M
1.6M
1.2M

0.8M
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0.0M
2 &
Sales Metrics
Products Calendar Month

» All Products January

SAREEE

Quantity
365,894
337,622
367,718
345,068
355373
363,242
401,545

417,875

1M

Percentage change since
last month,

Target M Revenue

Revenue  Discount (%)

1,081,578
942,519
1,027,203
963,247
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1,123,263

1,178,114
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3.0%

3.0%
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2119%

Comp %

The measure
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percent complete as it

the
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target.
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Month
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Modern Data Discovery

* Data Preparation
* Acquire data
*Clean/Enrich
e [ransform

*Repeatable Flows

* Data Visualisation

*Create visual insights rapidly
«Construct narrated storyboards
*Share findings

[ Untitled
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2015
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Analytics

Centralised . Free
Reporting i Discovery

e Data
Enrichment
and

Cleaning
Ravv Data
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-I https //speakerdeck Com/ft|3|ot/become -an- eqwhbrlsta flnd the nght balance in-the-analytics-tech-ecosystem



Augmented Analytics

Data Enrichment

Suggestions One-Click
Advanced
L anguage
Processing Advar
= Machine
EXxplain L earning
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OAC and Data Sc




Basic Operations

Based on my Experience

m <LI can Guess....

)

What are the R B
Drivers for My

0 <LSaIes’?

Statistically Significant
<L Drivers for Sales Are ...

T
Augmented

Analytics



Basic Operations

YES/NO
s this Client

0/

J 50%
going to accept

the Offer?

n Basic ML

Model

760/0




Before Starting.... Define the Problem!




Problem Definition:
Predicting Wine Quality



Rule Based

taly or France -> Good
Rest of the World -> Bad

Price >= 10 Euros -> Good
Price < 10 Euros -> Bad

Price > 30 & Production Zone = Veneto & .... -> 6.5



TeP

Task Experience Performanee

Estimate Wine Corpus of Wines

Good/Bad Descriptions with Ratings Accuracy



AcCcuracy

Predicted Value

Good | Bad
S Gooo S
— 00,
= .
S Bad Y
A
Accuracy = ©% /(¢ + ¢

Icons made by Smashicons from www.flaticon.com



https://www.flaticon.com/authors/smashicons
http://www.flaticon.com

Dataset

(®© Dataset '# Released Under CC BY-NC-SA 4.0

Wine Reviews

130k wine reviews with variety, location, winery, price, and description

E‘ﬁ zackthoutt - updated a year ago (Version 4)
T »

Overview Kernels

Data Sources

winemag-data-130k...
winemag-data_first15...

winemag-data-130k-v2.json

Discussion Activity

About this file

Here is a CSV version of the data |
scraped. This dataset has three new fields

--Title (which you can parse the vintage
from), Taster Name, and Taster Twitter
Handle. This should also fix the duplicate
entries problem in the first version of the
dataset and add ~25k unique reviews to
play with.

Downioad (51 M) |

Columns

country

description

designation

points

https://www.kaggle.com/zynicide/wine-reviews



Id E country
0 Uus

1 Spain
2 US
3 US
4 France
5 Spain
6 Spain
7 Spain
8 US
9 US
10 Italy
11 US
12 US
13 France
14 US
15 US
16 US
17 Spain
18 France
19 US

'+ | description

C D

'+ | designation

This tremendous 1009 Martha's Vineyard
Ripe aromas of fig, bla Carodorum Seleccivz
Mac Watson honors tl Special Selected Laté
This spent 20 months Reserve

This is the top wine frcLa Brv2lade

Deep, dense and pure Numanthia

Slightly gritty black-fri San Romv°n

Lush cedary black-frui Carodorum vénico C
This re-named vineyat Silice

The producer sources Gap's Crown Vineyar
Elegance, complexity Ronco della Chiesa
From 18-year-old vine Estate Vineyard Wac
A standout even in thi Weber Vineyard
This wine is in peak co ChvCteau Montus P
With its sophisticated Grace Vineyard

First made in 2006, th Sigrid

This blockbuster, pow: Rainin Vineyard
Nicely oaked blackber 6 Avtos Reserva Pre
Coming from a seven- Le Pigeonnier

This fresh and lively m Gap's Crown Vineyar}

G

EJ province
235 California
110 Northern Spain
90 California
65 Oregon
66 Provence
73 Northern Spain
65 Northern Spain
110 Northern Spain
65 Oregon
60 California
80 Northeastern Italy
48 Oregon
48 Oregon
90 Southwest France
185 Oregon
90 Oregon
325 California
80 Northern Spain
290 Southwest France
75 California

H |
EI region_1 EJ region_2
Napa Valley Napa
Toro
Knights Valley Sonoma

Willamette Valley  Willamette Valley

Bandol

Toro

Toro

Toro

Chehalem Mountains Willamette Valley
Sonoma Coast Sonoma

Collio

Ribbon Ridge Willamette Valley
Dundee Hills Willamette Valley
Madiran

Dundee Hills Willamette Valley

Willamette Valley Willamette Valley
Diamond Mountain D Napa

Ribera del Duero

Cahors

Sonoma Coast Sonoma

J K
B variety B winery E
Cabernet Sauvignon Heitz
Tinta de Toro Bodega Carmen Rodrvzguez
Sauvignon Blanc Macauley
Pinot Noir Ponzi

Provence red blend
Tinta de Toro

Tinta de Toro

Tinta de Toro

Pinot Noir

Pinot Noir

Friulano

Pinot Noir

Pinot Noir

Tannat

Pinot Noir
Chardonnay
Cabernet Sauvignon
Tempranillo
Malbec

Pinot Noir

Domaine de la Bv©gude
Numanthia

Maurodos

Bodega Carmen Rodrvzguez
Bergstrvom

Blue Farm

Borgo del Tiglio

Patricia Green Cellars
Patricia Green Cellars
Vignobles Brumont
Domaine Serene
Bergstrvom

Hall

Valduero

Chv(teau Lagrv©zette
Gary Farrell
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Connection Options in OAC

Create Connection

Select Connection Type

S & & & @

a = (@)

@ .” 0s @ AE

O A
Oracle Oracle Oracle Oracle Big Data Oracle Database Oracle Content Oracle Essbase Oracle Service Oracle Talent Amazon EMR
Applications Autonomous Data Autonomous Cloud and Experience Cloud Acquisition Cloud L]
Warehouse Cloud Transaction Cloud |/]
Prxess‘ng re - e | e
AR DB Dr GA Gr Hw IB Im
Amazon Redshift Apache Hive DB2 Dropbox Google Analytics Google Drive Greenplum Hortonworks Hive IBM Biginsights Impala D t M
h a a O d e S
In MR Mo My Pi Po Sf Sn Sp SS
Informix MapR Hive MongoDB MySQL Pivotal HD Hive PostgreSQL Salesforce Snowflake Data Spark SQL Server
Wareh: -_-_—_—-—— s_ s
arenouse File Edit View Manage Tools Diagram Window Help
Deddw eBE KRB0 B R b B G EE|H
SA Sl oD Presentation Physical
ﬁﬁ A - Sample Sales 7% ] 01 - Sample App £ 01 - Sample App Data (ORCL)
Sybase ASE Sybase IQ OData @ B - Sample Sales Exa @@ 01- Sample App Exa [ 02- Sample App Exa Data (ESSB)
@ C - Sample Costs 02 - Flat XML files Sample £ 02- Sample App Exa Data (ORCL)
D - Sample Federated 03 - Essbase GL Ei 03 - Essbase Bl Acceleration
@ E - Sample Essbase 03 - Essbase Integration 03 - Essbase GL Basic

External
Data Sources

F - Essbase Interaction
G - Sample Essbase GL
H - Sample Olap

K - Sample Flat Files

L - Geo Loc

M - Big Data Movie

N - Big Data Log Analysis
O - OAA Integration

R - ORE Sample

U - Usage Tracking

X- Functional Sources
X - Aifines Delay

X - Aidines Traffic

X1 - Db Structure

X2 - Scheduled Jobs
X3 - Sample BPM

X5 - OLTP (Fusion Order)
X6 - Wamanty Claims
Y10 - Movies Demo
Y11 - Other Demos
Y12 - Donations

Y13 - Sports Demo

eeeee000eeeneeeeeeeeeeee

[ [ [ [ [ ) [ ) [

03 - Essbase Sample

04 - Olap Sample

06 - Federated Sources

07 - Spatial Samples

08 - ORE Sample

10 - Usage Tracking

11 - OAA Integration

12 - Big Data Movie

13 - Big Data Log Analysis

X - Functional Examples

X0 - Aifines
- Db Structure
- Scheduled Jobs
- Bus Process Monitoring (BPM)
- OLTP Source (Fusion Order)
- Wamanty Claims

Y10 - Movie Demo (ORCL)

Y11 - Other Demos

Y12 - Donations

Y13 - Sports Demo

OEOOOO
~! W www

BREB=E88

) [ [ [ [ ) [ [ ([ () [ [
N}
=~

N
w

=}

XéXX

g

B

- Essbase GL Sample Flat

- Essbase GL Sample Hierarchical
- Essbase Sample E1 Flat

- Essbase Sample E2 (Default Import)
- Sample OLAP AW

- ORE Sample

- Sample App Xml Target Data

- Sample Geo Data (ORCL)

- Bl Publisher Audit

- System DB (ORCL)

- Big Data Movie (Hive)

- Big Data Movie (Impala)

- Big Data Movie (BDSQL)

- Big Data Movie (Spark)

- Big Data Movie (AGGS)

- Big Data Log Analysis

- Functional Sources Examples ——
- Aidines Demo Dbs (ESSB)

- Aidines Demo Dbs (ORCL)

- ORCL Database Admin

- Scheduled Jobs (ORCL)

- BPM Data (ORCL)

- Wamanty Claims Data

QOODDDEYDDDDDDDDDCDEEEEE

01 - Custom Demo Datasets
B Y10 - Movies Demo (ORCL)
B Y12- Donations Project

B Y13 - Sports Demo

[ [ [ ) [ ) [

Business Model : "01 - Sample App"




Cleaning What?

Automated
COLUMN
G RENAME & FILTER? Automated

Labelling Columns Handling Outliers

Automated

COUNT

Aggregation




-eature Engineering

Additional

Data Sources”
Data Flow




Data Preparation Recommendations

Preparation Script Enrichme... e #" Formatted data ¥ ) 22 Create Project A country (16) v

- .. ) AdA Winemag-aata_ir... Ald A country A country_country_name A country_iso3 A descriptill (77> Enrich country with iso2

Uploaded from
1020 Germany Germany DEU Pretty floral

Enrichment &7y, Enrich country with iso_numeric

Envich cc 4971 France France FRA The chalk su

1511 Austria Austria AUT lvy leaf and 1§ <775 Enrich country with fips

Enrichment Insert
Enrich country with ... 4055 us United States USA You'll taste t
&y Enrich country with capital
I 3641 us United States USA Intense aron '

Res

3852 us United States USA From young ¢y Enrich country with square_km

Apply Script

6 Spain Spain ESP Slightly gritty
&7y Enrich country with population
A country 1013 France France FRA A dry wine wi W/

1122 us United States USA Winemakers <7y Enrich country with continent

o

9 UsS United States USA The produce

Name &y Enrich country with tid

2368 us United States USA This densely

i) US United States USA From 18-yee} oo Enrich country with currency_abbr

Text 4838 Portugal Portugal PRT This is a pov

) <y, Enrich country with currency_name¢
3814 Greece Greece GRC Grapefruit, le§} \\//

Co

Aggregation None




All Filter Combine Transform Measure
Add a buffer of a specified
distance

SDO_GEOM.SDO_BUFFER

More information

Create the smallest circle that
encloses a shape

SDO_GEOM.SDO_MBC

More information

Spatial Enrichment

Search X
Create point in the middle of a Create the area defined by the
shape "rubber band" envelope of a shape
SDO_GEOM.SDO_CENTROID SDO_GEOM.SDO_CONVEXHULL
More information More information

Create the smallest box that
encloses a shape
@ TEST_CUSTOMERS

SDO_GEOM.SDO_MBR
More information ) TEST_SHOPS
[OJ TEST_SHOPS BUFFER

)
)

TEST_CUSTOMERS WIT...

Oracle Spatial Studio

http://ritt. md/spatial-studio

-

© OpenMapTiles  © OpenStreetMap contributors



Data Overview

Results = Metadata v
Data Element Data Type Treat As Aggregation Sample Values

Id varchar(80) A Attribute none 1470; 817; 1028; 632, 3689, 4148, 2576, 963, 4979, 281

country varchar(137) A Attribute none US; France; Italy; Spain; Portugal; Germany; Argentina; Chile; Austria; Greece
country_continent varchar(4000) A Attribute none NA; EU

country_fips varchar(4000) A Attribute none US; IT; FR

country_iso3 varchar(4000) A Attribute none USA; FRA; ITA

country_iso_numeric number ¥ Measure sum 840; 380; 250

country_iso2 varchar(4000) A Attribute none US; IT; FR

description varchar(1247) A Attribute none This elegant wine combines subtle nutmeg and cardamom aromas with crisp app...
designation varchar(122) A Attribute none Reserve; Estate; Reserva; Riserva; Estate Bottled; Vieilles Vignes; Crianza; Classic...
points number ¥ Measure sum 90; 89; 88; 87; 91, 86; 92; 93, 85; 94

price varchar(15) A Attribute none 25; 20; 40; 18; 60; 30; 28; 35; 50; 15

province varchar(53) A Attribute none California; Oregon; Bordeaux; Tuscany; Piedmont; Washington; Northern Spain; M...
region_1 varchar(75) A Attribute none Willamette Valley; Napa Valley; Barolo; Brunello di Montalcino; Russian River Valle...
region_2 varchar(35) A Attribute none Central Coast; Sonoma; Willamette Valley; Napa; Columbia Valley; Mendocino/La...
variety varchar(53) A Attribute none Pinot Noir; Chardonnay; Bordeaux-style Red Blend; Cabernet Sauvignon; Red Ble...
winery varchar(84) A Attribute none Tarara; Heron Hill; Byron; Bergstr,/om; Herdade do Rocim; Rusack; Sarah's Viney...



Explain points x

Basic Facts about points Basic facts about points

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

20K

Key Drivers of points

What elements in this data best explain 16K

the values of points?
points is a Numeric Measure, whose average across 150,935 rows is
87.00. The values of points on each row range from 0.00 to 100.00 and
I I I is 87.00 on average.
0 I I I I I
s
4

1

Count
[~}
)

@©
S

sy
=

© w < o« o~ - g @« ~ ©0 w 8 5
88%38%;%858;%
s © w3 o %5 9 @ 5 ¢ O g
=2 8§ 8 3 8 = 2 8 8 & v 5
o
o o
The charts below summarize the values of points by the measures in this data set. Click the checkmarks above any of the visuals to add them to
your project when done.
E
100.00
100
80.00 80.00
» 60.00
@ g 60.00
g “ 4000 2
40.00
20.00
0.00 20.00
2288868 :288¢¢
F2NReIT 5823258 8305§5§5£§§ 22
B2RBABcIhHBISI8aR <5 g0 8=:=235 v g 0.00
ggggee"Teegss58¢e & J 2 & 5 '
2=F2 22t AF AS EU NA OC SA
Id country country_continent
80.00 80.00 80.00
60.00 ~ 60.00 60.00
40.00 40.00 40.00
20.00 20.00 20.00
0.00
0.00 0 =< Jdw oo ZoOog<CWOH Zaw 0.00
2230UF2-UEYLHRS 2283508828843 55% 2530052559525 58




Explain - Key Drivers

Key Drivers of Good or Bad Wine

Based on Good or Bad Wine: Good the 2 attributes that are most strongly correlated are: PnceBm, reglon 2

The charts below show the distribution of Good or Bad Wine values across each of the key drivers. Click the checkmarks above any of the visuals to add
them to your project when done.

California Other —
_—
1 . Central Valley =
_
Finger Lakes —_—
—
Mendocino/L... —_—
c 2 o~ _——
o < Napa-Sonoma ——
3 o —
E 8’ North Coast _—
oy S
JE Siera Foothils —
——
South Coast —
=
= ————
I

0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%

{Row Count} {Row Count}

Good or Bad Wine: Good . Other M Good Good or Bad Wine: Good . Other M Good



Train - What Problem are we Trying to Solve’?

Supervised

‘I want to predict the value of Y,
here are some examples”

Regression

Classification

Unsupervised

“Here Is a dataset,
make sense out of it!”

Clustering




Model Training - Easy Models

.'0: Scatter - Stamina, Crossing by ID, Name, Clusters

100
111 Trellis Columns

s= Trellis Rows 80 | -
-
Q
E3 Values (Y-Axis) .
60 |
i Crossing =
’
O
E3 Values (X-Axis) 40 |
i Stamina
20 |

I Category (Points)

A ID
0
0 20 40 60 80 100 120
A Name
Stamina
Clusters
Clusters |l Cluster1 M Cluster 2 Cluster3 M Cluster4 M Cluster5

L A,

K-Means




DataFlow Train Model

o Q040 +
o e ~ _
s 040\0 of\o 5):'3 ‘ﬁ)
Train Nume,,, Train Multi- Train Binary Train Train Custo,,,
Prediction Classifier Classifier Clustering Model

Select Train Numeric Prediction Model Script

* Linear Regression for model training
“ Elastic Net Linear Regression for model training
“ Random Forest for Numeric model training

# CART for Numeric Prediction training




Which Model - Parameters To Pick?

Select Train Numeric Prediction Model Script

Linear Regression for model training
Elastic Net Linear Regression for model training
Random Forest for Numeric model training

CART for Numeric Prediction training

Train Numeric Prediction

Model Training Script

* Target

Regression Method

Regularization Weight

Categorical Column Imputation

Numerical Column Imputation

Categorical Encoding Method

Maximum Null Value Percent

Train Partition Percent

Linear Regression for model training

Select a column
target, the target(label) to learn/predict

Lasso v

Method for linear regression training.

1 v A

Regularization Weight(L1 Ratio or L2 Ratio). Please
enter 0 if it is Ordinary Least Squares linear regression.

Most Frequent v

The mode method for categorical features to fill NA.
Two options: most frequent and least frequent. Default
is most frequent.

Mean v

The mode method for numeric features to fill NA. Four
options: mean, max, min, median. Default is mean.

Indexer v

Encoding method.

80 v A

Maximum Null Value Percent

80 v A



Select, Try, Save, Change, Try, Save .....

- Select

3 &2 Train Nu..
% Columns

IG) WineMag ... f———— || & Predictio...

Train Numeric Prediction

Model Training Script Elastic Net Linear Regression for model tr|

* Target points
target, the target(label) to learn/predict

L1 Ratio 0.5 v
L1 Ratio

L2 Ratio 0.5 v
L2 Ratio

Categorical Column Imputation Most Frequent

The mode method for categorical features to fill N/
Two options: most frequent and least frequent. De
is most frequent

Save
. £J Model

Linear Regression
for model training

e
v

Elastic Net Linear
Regression for
model training

Random Forest for
Numeric model
training

Select Train Numeric Prediction Model Script

.,
o
LN

CART for Numeric
Prediction training

Data Sets

Type

»
»
),

Connections

Name

ELN1

LR2

LR1

® Machine Learning

Scripts

Data Flows

Models

Sequences



Compare

LR1

Numeric Prediction Model

General Count by Residual Value Number of bins | 25 v
. 15K
Quality Mean Absolute Error (MAE) 2.60
Median Absolute Error 2.24
Related 12K
CRoot Mean Squared Error 3.22 )
9K Relative Absolute Error (RAE) 1.00
€
3
8 Relative Squared Error (RSE) 1.00
6K
Coefficient of Determination (R%) 0%
3 LR2
Numeric Prediction Model
0
5 -5 -4 -3 -2 - 1 2 3 4 5 6 7 General Count by Residual Value Number of bins | 25 v
Residual Value |
. 10K .
Quality : Mean Absolute Error (MAE) 2.56

Median Absolute Error 2.32

( Root Mean Squared Error 3.16 )

Relative Absolute Error (RAE) 0.98

Related

Count

Relative Squared Error (RSE) 0.96

Coefficient of Determination (R?) 4%

Residual Value



Compare - Classification

Predicted Values

0.0 1.0 Total
2
g o0 N ooeon
=
S 10 - 866 4627 (10%)
)
<

Total 44200 (97%) 1337 (3%) 45537 (100%)



Use On the Fly or with a Dataflow

Name

BinaryCart2
BinaryCart1
BinaryLogistic1
ELN1

LR2

LR1

Edit Scenario - Map Your Data

Select which Data Set you want to use with the Model

Data Set

FootballEvents

v

For each model input listed on the left, select a corresponding data element from your

project

Model Input

bodypart

location

player

situation

is_goal

* Required Fields

Map To

*

-

*

bodypart
location
player
situation

is_goal

== Horizontel Stecked
fii Trelis Columns
IS Tralls Rows

E3 values (X-Axs)

id_event

[} Catogory (¥-Axis}

A is_goal

& Color

A is_goal Prediction
A Size (Width)
EZ) Teoltp

22z Detail

Y Fiters

A event_type

id_event by is_goal, is_geal Prediction © th

event_type: 1

mco W10






Congratulations!
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...YOU are now a Data Scientist!
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ORACLE

APPLICATIONS

ORACLE
FUSION APPLICATIONS

Oracle Machine Learning
OML4SQL OML Notebooks

‘ Oracle Advanced Analytics with Apache Zeppelin on

SQL AP Autonomous Database

OML4R Oracle Data Miner

Oracle R Enterprise Oracle SQL Developer extension
R API
OML4Py* OML4Spark
. Python API Oracle R Advanced Analytics
| for Hadoop

f"(‘z OML Microservices*

Sp Q Supporting Oracle Applications
Image, Text, Scoring, Deployment,
Model Management

* Coming soon



Oracle Machine Learning Algorithms

CLASSIFICATION <‘>° Q‘)q/ it
Naive Bayes LY
Logistic Regression (GLM) Qg s 00000

Decision Tree

Random Forest

Neural Network

Support Vector Machine
Explicit Semantic Analysis

CLUSTERING rlite -
Hierarchical K-Means
Hierarchical O-Cluster
Expectation Maximization (EM)

ANOMALY DETECTION » 2. o
One-Class SVM :ﬁ‘%-.
TIME SERIES w
Forecasting - Exponential Smacothing

Includes popular models
e.g. Holt-Winters with trends,
seasonality, irregularity, missing data

*Includes support for Partitioned Models, Transactional, Unstructured, Geo-spatial, Graph data. etc,

REGRESSION e
Linear Model

Generalized Linear Model
Support Vector Machine (SVM)
Stepwise Linear regression
Neural Network

LASSO

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 A 3 /u

,_‘aA\“

>>>

x o) Ag n+ee

PREDICTIVE QUERIES
Predict, cluster, detect, features

SQL ANALYTICS

SQL Windows saL >
SQL Patterns
SQL Aggregates

98
FEATURE EXTRACTION

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

TEXT MINING SUPPORT _

Algorithms support text

Tokenization and theme extraction

Explicit Semantic Analysis (ESA) for
document similarity

STATISTICAL FUNCTIONS
Basic statistics: min, max,
median, stdev, ttest Ftest Pearsons

Chi-Sq, 'ANOVA, etc.

R PACKAGES
Third-party R Packages

through Embedded Execution
Spark MLIib algorithm integration

MODEL DEPLOYMENT
SQL—1st Class Objects
Oracle RESTful APl (ORDS)
OML Microservices (for Apps)
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Oracle Machine Learning

Machine Learning Notebook for Autonomous Data Warehouse Cloud

= ORACLE" Machine Learning Machine Learning Lab Projects [Machine Learning Lab Workspace] + <, CHBERGER
A
K F t u € Bec ® Connected
ey ea u reS . Customer Analytics Notebook b @7 s =g st
" = = :s?l * “rom Supplementary_Demographic FINISHED D> < 18 4 H O ¢ M 2 F & |~ | seftings~ FINISHED D> &3 B8 &
O a Ora IV‘ ’ Or a a SCIeI l IS S H O € M~ |F e @ HS-grad Bach. @ Master < Bach. @ Assoc-A 12th @ Profsc Assoc-V
@ PhD 10th .mh Sth-6th @ Tth-8th Sth @ 1st-4th Presch.
@ Grouped (Q Stacked @ HOUSEHOLD_SIZE

=]

100

Packaged with Autonomous Data = - \
Warehouse Cloud Easy access to . =\
shared notebooks, ol Il

templates, permissions, scheduler, etc. '~ ——

SQL ML algorithms API

I t - Perform attribute importance analysis FINISHED [ 2 6 Display key attributes that affect best affinity card custome =0 > 22 2 2
I l “plzal ettings v
a a y I CS -‘-’ B:ild an attribute importance model to find key factors that influence best sffinity card il el el Bl B L seftings

ssssss

N = N FINISHED pre & Pl <|1 FINISHED »x
Perform attribute importance analysis to find key factors th... .....“.Ev ge any previous outp >
insurance purchases. EGI\J EXECUTE IM EDI TE anop TABLE Supplementary_Demographics_AI_output’;
EXCEPTION WHEN OTHERS THEN NULL; END;

@Grouped O Stacked @ EXPLANATORY_VALUE
0.487
BEGIN
DEMS_PREDICTIVE_ANALYTICS . EXPLAIN( 0.4
data_table_name => 'Supplementary_Demographics’,
explain_column_name => 'Affinity_Card’,
result_table_name => 'Supplementary_Demographics_AI_output'); 0.3
END;
0.2
) .
: HEEE_
YRS_RESIDENCE EDUCATION 0S_DOC_SET_KANBULK_PACK_DISKETTES




File Edit View History Bookmarks Tools Help

& Oracle Machine Learning | Exar X <+

<« c ® ® & https://adb.us-ashburn-1.oraclecloud.com/oml/tenants/OCID1.TENANC) 90% oo @ % | Q search W E O s =
£+ Most Visited Oracle Data Mining 17... @ Oracle Cloud Infrastru... @ Autonomous Data Wa... @ Oracle Machine Learni...
— OIRACLE Machine Learning %= USERO7 Project [USERO7 Workspa... ¥ USERO7 ¥

Example Templates
Search by... S E‘Y

«}= Create Notebook

Anomaly Detection

This notebook shows how to detect...

Author:

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

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

¥ 5 Likes S ‘ E -/

My First Notebook

Oracle Mach\ne Learning example ...

Author:

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

* 4 Likes & 914 E

Association Rules

Notebook to show the use of Assoc...

Author:

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

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

* 2Likes A 77 E

Regression

This notebook shows how to predic...

Author:

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

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

* 1Likes A E

Attribute Importance

Notebook to identify key attributes...

Author:

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

Tags: 'SQL" "Attribute Importance' 'K...

* 2 Likes A E

Statistical Function

Oracle Machine Learning example ...

Author:

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

» 2 Likes O} E

Classification Prediction M...

Example notebook to predict custo...

Author:

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

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

* 3Likes A 1024 E o/

Time Series Forecasting

Oracle Machine Learning supports ...

Author:

Date Added: 9/5/19 4:14 AM
Tags: 'Prediction’ ‘'Time Series' 'ESM’

* 0 Likes O} E

Clustering

This notebook shows how to identi...

Author:

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

Tags: ‘Clustering’ 'K-Means' 'Expect...

» 1 Likes O E
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A DATA AND ANALYTICS COMPANY

Insights Lab

https://www.rittmanmead.com/insight-lab/
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|_earning Predictions with OAC

Francesco Tisiot - @Ftisiot mead {.

Analytics Tech Lead - Rittman Mead - A DATA AND ANALYTICS COMPANY



