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Our mission is to help people
see data in new ways, discover insights,
unlock endless possibilities.
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Oracle Database is a Converged Database
Key Benefits for Developers, Analysts, and Ops

* The richness of Data Driven Apps can make them

ultra complex to implement

- By integrating the new data types and paradigms,
Oracle makes it dramatically easier and faster to
develop Data Driven Apps

« Open Standard SQL across all data plus popular APls:
« Transactions across all data

« Consistent, Queryable View of all data

« Common Reliability, Scalability, Security
« Common Management

« Harvest more information, discover new insights and make
predictions




Oracle Machine Learning

_ . ORACLE ORACLE
OraCIe MaChlne Lea rnlng FUSION APPLICATIONS ORACLE ANALYTICS CLOUD
extends Oracle Database(s) and WAl
enables users to build “Al” Yl ¥ &

. . . OML4SQL OML Notebooks
applications and analytics sal AP with Apache Zeppel or
d as h boa I‘d S OML4R 5 IOsrgcle Da:ta Miner

R API racle SQL Developer extension
OML delivers powerful in- OML4Py: OMLySpark
Python API R APlion Big Data

database machine learning

. OML Services*
algorithms, automated ML T
functionality via SQL APIs and =
Integration with open source u@ £

Python“an Oracle Makes Machine Learning Simple
*Coming this Fa/a



Move the Algorithms, Not the Data! @

In-Database Processing
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An "Al Database”? A “"Thinking Database”? It Changes
Everything! E
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Oracle Machine Learning Algorithms

CLASSIFICATION
Naive Bayes 2
Logistic Regression (GLI\%C‘AOA\OOOOO
Decision Tree Y
Random Forest

Neural Network
Suplport Vector Machine
)E(x

Ay A AAAAAA
A0 A A7 Akkdad

icit Semantic Analysis
Boost* nlhe

CLUSTERING T
Hierarchical K-Means

Hierarchical O-Cluster

Expectation Maximization (EM)

ANOMALY DETECTION L

One-Class SVM %'

MSET-SPRT* =

TIME SERIES M

Forecasting - Exponential
Smoothing

Includes popular models

olt-Winters with trends,

REGRESSION $
Linear Model Sy
Generalized Linear Model °
Support Vector Machine (SVM)
Stepwise Linear regression
Neural Network

XGBoost*

ATTRIBUTE IMPORTANCE
Minimum Description Lengt
Principal Comp ,fnalysis (PgCA)
Unsupervised Pair-wise KL Div
CUR decomposition for row & Al

ASSOCIATION RULES W

A priori/ market basket =~ d#* % — s
- At

PREDICTIVE QUERIES

Predict, cluster, detect, features

SQL ANALYTICS saL>_

SQL Windows -

SQL Patterns

SQL Aggregates

e.g. Holt-Wir N trends,
//é%%é}%@@Uﬁﬂ5ﬁ%¢ﬂ§ynﬂa&§fé%\/]0de/s Iransactional data and
aggrega

tions, Unstructured data, Geo-spatial data, Graph data. etteéW in 20c

o

o

(>

FEATURE EXTRACTION

Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Sin?.ul.ar Value Decomposition (SVD)
Explicit Semantic Analysis (ESA) o

~
TEXT MINING SUPPORT B

A
0 3 Algori.thms support text N, =
,*:@: +e0 JOkenization and theme extraction
wweevs Explicit Semantic Analysis (ESA) for

document similarity

STATISTICAL FUNCTIONS

Basic statistics: min, max, A:“'
median, stdev, t-test, F-test,
Pearson’s, Chi-Sq, ANOVA, etc.

R & PYTHON  *Coming this Fall
Third-party R & Python Packagigyms

through Embedded Execution
Spark MLlIib algorithm integrati

MODEL DEPLOYMENT & MONITORI,

SQL—1st Class ’Qb{?@ﬁ $his Fall

Oracle RESTful APl (ORDS)
OML Services
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Oracle Machine Learning

Oracle Machine Learning Notebooks included in Autonomous Database

Key Features:

« Collaborative Ul for
data

scientists & analysts

« Packaged with
Autonomous
Databases

 Easy access to shared
notebooks,
templates,
permissions,
scheduler, etc.

« Example notebooks
- OML4SQL

« OML4Py coming this
Fall

= ORACLE Machine Learning

Targeting Customers Who Buy Insurance » 8= s - a

Let's explore the CUST_INSUR_LTV data FIMISHED [> & Let's explore the CUST_INSUR_LTV data FINISHED

= €| @ || | &|c sefings~ D ¢ m |l | & sefings~
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Let's explore the CUST_INSUR_LTV data FINISHED [> 3% B Build a Random Forest model to predicts who will purchase FINISHED

insurance

E €| e 4 |+ seftings~

b

g T

°

[script

¥_INSURANCE_CLASS_MODEL_RF');

AV,

BI Charlie V2 New Notebooks [Char... ¥ ".’, CHARLIE
® Connected

= ¢ defauh~

Compare the models FINISHED [> 4

M @ & |- | seftingsw

@ALGO_GENERALIZED_LIN...
@ ALGO_NAIVE_BAYES.GAI

@ALGO_SUPPORT_VECTOR_
@ALGO_RANDOM_FORESTG:

ALGO_GENERALIZED_LIN...
ALGO_NAIVE_BAYESRAN...
ALGO_SUPPORT_VECTOR_
ALGO_RANDOM_FORESTR.




OML to Predict Customer Behavior

Intuitive SQL API—OML4SQL

-- Build and train ML model to determine which customers will buy Travel Insurance

END;

DECLARE

v_setlst DBMS_DATA_MINING.SETTING_LIST;

BEGIN

v_setlst('ALGO_NAME')
V_setlst('PREP_AUTO')

"ALGO_SUPPORT_VECTOR_MACHINES';
loNl;

DBMS_DATA_MINING.CREATE_MODEL2(

MODEL_NAME =>
MINING_FUNCTION =>
DATA_QUERY =>
SET_LIST =>

CASE_ID COLUMN_NAME =>
TARGET_COLUMN_NAME =>

"BUY_TRVL_INSUR',
"CLASSIFICATION',

‘select * from CUSTOMERS',
v_setlst,

"CUST_ID',
BUY_TRAVEL_INSURANCE');




OML to Predict Customer Behavior

Intuitive SQL API—OML4SQL

-- Build and train ML model to determine which customers will buy Travel Insurance

DECLARE
v_setlst DBMS_DATA_MINING.SETTING LIST;
BEGIN
v_setlst('ALGO_NAME') := 'ALGO_SUPPORT_VECTOR_MACHINES';
V_setlst('PREP_AUTO') := 'ON';
DBMS_DATA_MINING.CREATE_MODEL2(
MODEL_NAME => 'BUY_TRVL_INSUR',
MINING_FUNCTION => "CLASSIFICATION',
DATA_QUERY => 'select * from CUSTOMERS',
SET_LIST => v_setlst,

CASE_ID COLUMN_NAME => 'CUST_ID',
TARGET_COLUMN_NAME => BUY_TRAVEL_INSURANCE');
END;

-- Apply ML model to sales to predict which customers are likely to buy

SELECT prediction_probability (BUY_TRVL_INSUR, 'Yes'

FROM dual;

USING 3500 as bank_funds, 37 as age, 'Married' as marital_status, 2 as num_previous_cruises)

| 3 5, i By sou | Al Rows Fetched: 1in 0,043 seconds
‘ {? PREDICTION_PROBABILITY(BUY _INSUR 1,"YES'USING3500ASBANK_FUNDS,825ASCHECKING _AMOUNT ,400ASCREDIT_BALANCE

10.9276956708510801




Goal: Manage and Analyze All Your Dat

~ - S
) ORACLE ORACLE o
| Secie e .. ORACLE Vachine Leaming BRO) | |2 ORACLE Vachine Lea

rning

‘Engineered Features”
— Derived attributes that
reflect domain
knowledge—key to best
models e.qg.:
« Counts
 Totals
» Changes
over time
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Oracle Machine Learning @

What's Coming....
Autonomous Database

Oracle Machine Learning for Python (OML4Py) — Target Fall 202
« OML4Py, Embedded Python execution, Python & REST APIs, SQL API afterwards
« AutoML functionality
« Support for 3rd party Python packages - H2 FY27

AutoML Ul — Target Fall 2020
« Code-free interface with OML Notebooks
« Time series, anomaly detection — Target H2 FY21

: Tl
OML Services — Target Fall 2020
« REST API for model management, deployment, ONNX and cognitive text { REST ]

Oracle Machine Learning for R (OML4R) —Target CY2020 Q
« OML4R, Embedded R execution will also support a REST API followed by a SQL A

Oracle Database 20c+ DBCS A )

AAAAAAAAA
AMA Y LadAAA

20c: New Algorithms: XGBoost, MSET-SPRT S5 oo ke
OMLA4Py — Target Fall 2020 (18c >) 'g E




Coming in 20c | New OML Algorithms

New Algorithms

AAAAAA

Gradient Boosted Trees (XGBoost) {)3@3‘: XGBOOSt

Highly popular and powerful algorithm — Kaggle winregs: %
Classification, regression, ranking, survival analysis

MSET-SPRT T
Multivariate State Estimation Technique - Sequential _RgDe
Probability Ratio Test (MSET-SPRT) e ,

Nonlinear, nonparametric anomaly detection algorithm designed to monitor critical
processes.

Detects subtle anomalies while also producing minimal false alarms

Calibrates expected behavior from historical normal operational sequence of
monitored signals

Re-implemented and sped up in-DB and based on original Oracle Labs algorithm




Oracle Machine Learning for R / Python “"*~

Integration with Open Source ML
R

Transpa el 'aYer o . oracie SQL Interfaces
- Leverage proxy objects so data remain in database Client SQL*Plus

- Overload native functions translating functionality to Sl e
- Use familiar R/Python syntax to manipulate database

Parallel, distributed algorithms
- Scalability and performance
- Exposes in-database algorithms available from OML4SQL

Embedded execution
- Manage and invoke R or Python scripts in Oracle Database

Data bascl

s Server
I

- Data-parallel, task-parallel, and non-parallel execution A da
- Use open source packages to augment functionality
OML4Py, Automated Machine Learning - AutoML

- Algorithm selection, feature selection, auto tune hyperparameters




Oracle Machine Learning for R / Python =~

Preinstalled and supported Python Packages

OML4Py details and supported packages 'g : R SQL Interfaces
- Python 3.8.2 - pyparsing 2.4.0 Client SQL*Plus e
- CX Oracle 730 - python_dateut|| 281 SQLDeveloper
- cycler 0.10.0 - pytz 2019.3
- joblib 0.14.0 - scikit-learn 0.22.1
- kiwisolver 1.1.0 - scipy 1.4.1
- matplotlib 3.1.2 -six 1.13.0 .

- numpy 1.18.1 - pyreadline 2.1* - windows
P only

- pandas 0.25.3 - setuptools 41.2.0




— new with OML4Py  python

Increase data scientist productivity — reduce overall compute time

a Algorithm Selection AutoTune

- Data - Selection - De-noise data and - Significant accuracy

Tabl Much faster than reduce # of improvement
exhaustive search features

Auto Auto Feature

Auto Algorithm Selection Auto Feature Auto Tune
- Iollentl in- ﬂatab?]se Selection Hyperparameters
algorithm that achieves — Reduce # of features b — Significantly improve
hlghest model quallty identifying most y model accuracy
— Find bQSt al Ol’lthm faster predictive — Avoid manual or
than with exhaustive search — Improve performance exhaustive search
and accuracy techniques

Enables non-expert users to leverage Machine Learning

Copyright © 2020 Oracle and/or its affiliates.




Oracle Machine Learning

racle Machine Learning Notebooks included in Autonomous Database

= ORACLE wvachine Learning

Key F e at u re S: _Compute pairwise correlation

° Using only numeric columns, we Can compute a comrelation matrix ¢n the proxy cbject for the database table IRIS using the overloaded ¢orr function. Here we see that petal length and width are highly correlated
 Collaborative Ul for
data
corr_res = IRIS.corr(}

corr_res

Template Notebooks [Template N... = & CHARLIE

- EXEEE
- Packaged with R
AU tO NOMOUS Overloaded data visualization fu nc‘:.tic.).n; ‘-

OML4Py overioads select graphics functions. .title('Sepal Length variation in IRIS data set')

D 't b e oml,graphics boxplot(IRIS(:, :4], notch=True, showseans = True, xlabel( Sepal Length')
El E. El S S labels=1815. columns(:4]) label('# of iris instances’)
hoxplot 1t.title(*Distrivution of IRIS Attributes')

@ t
plt.ylabel('cm'); plt.show()

Keython

Xoython FINIS! b 3

oml.graphics. hist(IRIS["
linest

EPAL_LENGTH'],
o0lig’, edgecolo

color="red’,
black')

Here, we use the overloaded boxplot function to show the distribution of the IRIS table

‘length’ and ‘width' columns. The statistical computations take place in-database - avoiding Text(72.625, 9.5, 'cn')
. a S a C C e S S O S a re data movement. The function returns only the summary statistics needed to produce the plot, Sepal Length variation in (RIS data set
which enables scalability. No overhead is incurred for moving the data to the client for
Distribution of IRIS Attributes

t processing, whether 150 rows (as in IRIS) or 150 million rows. . b
I IO ebOOI(S histogram
I g ; »
Similarly, we use the overloaded hist function, where the siatistics are computed in-database. " H)
m Only the summary statistics needed for the plot are retumed to the client. H
I Ee R
. . y 3
B
pPermissions ’ °
’ 1
5

scheduler, etc. e e e
« Example notebooks
- OML4SQL

« OML4Py coming this
Fall




Oracle Machine Learning
OML4Py Python Integration Added to OML on Autonomous Database

ORACLE 1izchine Learning

Targeting Customers OML4Py

¥python
z.show({DEMO_DF.head())
H o ¢ M 2 & ~| settings~
CUST ID ~ AFFINITY CARD +~ BOOKKEEPING APPLICATIO..r BUL
102547 0 0
101050 0 0
100040 0 0

Graph HOUSEHOLD_SIZE grouped by AFFINITY_CARD
responders
¥python

z.show(DEMO. crosstab([ "HOUSEHOLD_SIZE', 'AFFINITY_CARD']))

B ol @ w2 X - | settings~
QOGrouped @ Stacked @0 1
1,787
1,500
1,000

500

2 9+ 6-8

Copyright © 2020 Oracle and/or Its atfiliates.
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’ACK_DISKETTE.». EDUCATION
10t
10t

"

Build a Decision Tree Model
%python

setting = dict()
dt_mod = oml.dt(**setting)

dt_mod.fit(TRAIN_X, TRAIN_Y, case_id = "CUST_ID")

Algorithm Mame: Decision Tree

Mining Function: CLASSIFICATION

Target: AFFINITY_CARD

Settings:
setting name
ALGO_NAME
CLAS_MAX_SUP_BINS
CLAS WEIGHTS_BALANCED
ODMS_DETAILS
ODMS_MISSING VALUE_TREATMENT
0DMS_SAMPLING
PREP_AUTO
TREE_IMPURITY_METRIC

TOEF TEDM MAY NEOTH

R R T ]

Took 2 s&

non

T PANEL MONITO.x.

setting value
ALGO_DECISION_TREE

32

OFF

0DMS_ENABLE
ODM5_MISSING_WALUE_AUTO
ODMS_SAMPLING_DISABLE
oM

TREE_TMPURITY_GINI

£ Template Notebooks [Template N... v :' CHARLIE +
® Connected
o £ default =
FINSHED [> 3 B & FINISHED
Ay A AAAAAA
Pl ¥ Tl YYVVVY
A
?é“; €)=
CAa Too
HOME_THEATER_PACKA. HOUSEHOL = Oa O 4 000
0 1 =
0 1 Took S—
0 1 -
»
Display confusion matrix, lift chart and ROC curve FINISHED
B o @ W[ & |~ | settings~
CONFUSION MATRIX = ~ PREDICTED 0 ~ PREDICTED 1 v =

ACTUAL O True Negative: 1288 (72.56%) False Positive: 52 (2.93%)

ACTUAL 1 False Negative: 259 (14.59%) Trug Positive: 176 (9.92%)

Accuracy: 82.4789%

Mods! Evaluation for Decision Tree
L v DRIBuTOn of Frestin mOC Curve
Bgethin. Do Tren i ST
Agthm_setteg e
™™ 1288

gt »

Wl

Frobability of 1

True Posstees Agte

Took 1 min 22 sec




Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

I r i g ° . 3 [ ORACLE 1achine mina B MSPIVAK Project [MSPIVAK Works.., »
Enables Citizen Data Scientists e —
l \u to I I I a te p rOd u Cti O I I a I I d .Uw?u‘,‘;',w% e f «««««««« o Crcal‘c No\q‘ qqqqqq : rw‘A rrrrr Manf chchchch issions '_frr It :

Enhance Data Scientist productivity
and user-experience . .

Enable non-expert users to leverage ML |
Unify model deployment and
monitoring 0
Support model management e

Features .
Minimal user input: data, target i e
Model leaderboard

Model deployment via REST
Model monitoring
Cognitive features for image and text

Accuracy

__—_—-..-
e




oming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

°
N AN 1 A~

ORACLE achine Learning

4 How Do I?

Use AutoML
How to creats AutoML
Experiments

o

Get Started
Get started with Oracle
Machine Learning

o

Create Notehooks
How to create a

notebook

o

Create Jobs
How to create a job

o

Manage Permissions
How to manage
collaborative

i

Try It
Follow along with a
hands on workshop

“ MSPIVAK +

MSPIVAK Project [MSPIVAK Works... v Y

4 Recent Notebooks

Nathing te Display

permissions in
workspaces

4 Quick Actions

& = I 38 in

AutoML Scratchpad Notebooks Jobs Examples
Create and run Aut Run Scratchpad The place for data Schedule notebooks to Chack out some
Experiments discovery and analytics run at certain times examples

AutoML 5

Recent Activities
4 last Monday

.‘1=| MSPIVAK created test1_2 notebook in MSPIVAK Project [MSPIVAK Workspace]

IVAK created test1_1 notebook in MSPIVAK Project [MSPIVAK Workspace]

01116 PM

=] M5PIVAK created test1 notebook in MSPIVAK Project [MSPIVAK Workspace]

115 P




Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

| E AE-_‘C)R;/&CLE Machine Learning £ MSPIVAK Project [MSPIVAK Works... :, MSPIVAK +
Create Experiment PSatv  Lsae | Cance
Name * \
Targeting Customers .
Create an Experiment

— Select Data Source

» Additional Settings

4 Features
@ Refresh

Mame Type Percent NULLs Distinct Values Min Max Mean 5td Dev

No data to display.
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Coming Soon! | AutoML User Interface

ode-free” user interface supporting automated end-to-end machine

11




Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

| E — ORACLE machine Leaming £ MSPIVAK Project [MSPIVAK Works... v & MSPIVAK .
Create Experiment P Sart v+ | fiswe | Cance
Name *

Targeting Customers

i Select T; t Attribut
Data Source ™ Predict *
SH.SUPPLEMENTA O\ Select Prediction Target v
Prediction Type * CUST ID =
Select Prediction Type NuMEER
EDUCATION
" . VARCHARZ
» Additional Settings
OCCUPATION
VARCHARZ
4 Features
HOUSEHOLD_SIZE
VARCHARZ
(3 Refresh Soarch
YRS_RESIDENCE
MName Type Percent NULLs NumEER Std Dev
AFFINITY_CARD -
v AFFINITY_CARD NUMBER 0 Risia 6
v BOOKKEEPING_APPLICATION NUMBER 0 SULK PACK DISKETTES 45
NUMBER
ol BULK_PACK_DISKETTES NUMBER 0 .68
FLAT_PAMEL_MOMNITOR
v COMMENTS VARCHAR?2 4.772991850989523 fiumsEs
v CUST_ID MUMBER 0 HOME_THEATER_PACKAGE 1306.44

MUMBER -




“Code-free” user mterface supporting automated end-to-end machlne

h = ORACI_E Machine Learning f MSPIVAK Project [MSPIVAK Works.. v & MSPIVAK ~

Create Experiment = . d poeey | || [
Name *
Targeting Customers
Comments
Data Source ™ Predict *
SH.SUPPLEMENTARY _DEMOGRAPHICS o} AFFINITY_CARD v
Prediction Type * Case ID
Classification v CUST_ID v
® Additional Settings
Data profil
4 Features p \
(3 Refresh Search..
Name Type Percent NULLs Distinct Values Min Max Mean Std Dev
AFFINITY_CARD NUMBER 0 2 0 1 24 6
v BOOKKEEPING_APPLICATION NUMBER 0 2 0 1 89 45
v BULK_PACK_DISKETTES NUMEER 0 2 0 1 64 68
v COMMENTS VARCHAR2 4.772991850989523 43

CUST_ID NUMEBER 0 4500 100001 104500 102250.76 1306.44




Coming Soon!.

“Code-free” user mterface supporting automated end-to-end machine

IZAdd|t|onaI Settmgs

3 Reset

Maximum Top Models i

5 v A

g . N *
Limit Run Duration (Hours)

8 v | A

Model Metric *

Accuracy w
Algorithms
v Mame
v Decision Tres
od Generalized Linear Model
v Generalized Linear Model (Ridge Regression)
v MNeural Network
o Random Forest
v Support Veector Machine (Gaussian)
4 Features
(3 Refrash
Name Type
AFFINITY_CARD NUMEER

" BOOKKFFPING APPIICATION MIIMEBER

P

Percent MULLs

Distinct Values Min Max

Additional Settings

Mean
0 1 24

N 1 aq

Search...

Std Dev

6

AL

-




Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

|e.:rninm

Targeting Customers b

T T SN

Comments

*

Data Source Predict *

SH.SUPPLEMENTARY DEMOGRAPHICS Q, AFFIMITY_CARD v
Prediction Type * Case ID

Classification v CUST_ID v

4 Additional Settings

(3 Reset
Maximum Top Models *

5 v | A

Aae - *
Limit Run Duration (Hours)

a8 v | A

Model Metric *

| — Select model metric

Accuracy

Balanced Accuracy

ROC AUC =
F1 -

vl Generalized Linear Model (Ridge Regression)

v Meural Network

v Random Forest

n o aimr e il T e e o Bhaa 'l B W snd bt ey



Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

| e = ORACLE Machine Learning £ MSPIVAK Project [MSPIVAK Works... ¥ & MSPIVAK ~

Create Experiment fiswe || Cance

Faster Results

Better Accuracy

Data Source ™ Predict *
SH.SUPPLEMENTARY_DEMOGRAPHICS o, AFFIMITY_CARD
Prediction Type * Case ID
Classification v CUST_ID

4 Additional Settings

(3 Reset

‘\laximum Top Models * — —_— M O re S etti n g S

WA

g . " *
Limit Run Duration (Hours)

a8 ' ~

Model Metric *

Acc Y
Algorithm
v Nam
o Dec T




Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

| ArninA
Leader Board —

Leader board

Deploy Create Notebook Metrics

Algorithm MName Accuracy -
Naive Bayes nb_f8637b9359 0.4282

Random Forest rf_aed7a58923 0.3624

Decision Tree dt_bcd748831e 0.3624

Neural Network nn_26b0b368e1 0.3529

Support Vector Machine (Linear) svml_b3954f73b4 0.3224

+Features Attribute importance

(3 Refresh Search
Name Importance v Type Percent NULLs Distinct Values Min Max Mean Std Dev
OCCUPATION - WARCHAR2 0 15 =
YRS_RESIDENCE - NUMEBER 0 15 0 14 4.02 1.97
BOOKKEEPING_APPLICATION . NUMEER 0 2 0 1 89 45
COMMENTS ' WARCHAR2 4.772991850989523 43

AFFIMITY_CARD ' NUMBER 0 2 0 1 24 )
HOME_THEATER_PACKAGE ' NUMEBER 0 2 0 1 .56 T
Y_BOX_GAMES ' NUMEER 0 2 0 1 31 65
FLAT_PAMEL_MONITOR ' NUMEBER 0 2 0 1 .58 7
BULK_PACK_DISKETTES ' NUMBER 0 2 0 1 B4 .68




Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

|€ = ORACLE wachine Learning 558 MSPIVAK Project [MSPIVAK Works... v & MSPIVAK v

<- Experiments

= p Start v

test 4

b Experiment Settings  # Edit M Od el S u m m a ri es

Run Summary >

Algorithm Selection

. Completed
Metric Chart
100 Acdaptive Sampling
Completed
a0
__,_———-'-—-__
60 Feature Selection
a0 Completed
20
Hyperparameter Tuning
0 Completed
MNaive Bayes
Lead er Board Completed
Deploy Create Notebook Metrics Random Forest
Completed
Algarithm Name Accuracy
MNeural Network
Maive Bayes nb_f8637h9359 0.4282 Completed
Random Forest rf_aed7a58923 0.3624 .
Decision Tres
Completed
Decision Tree dt_bcd748831e 0.3624
Neural Network nn_86b0b368eT 0.3529 Support Vector Machine
(Linear)
Completed
Support Vector Machine (Linear) svml_b3954f73b4 0.3224
Maive Bayes nb_f8637b9359 0.4282
Random Forest rf_asd 7358923 0.3624




°
ou mmansa = nem oma

= ORACLE wuachine Learning

Models

Models

=]

MName

DTO002806B97TAFBA

DT0002838F1834DAF

DT000283CDCC4A876

DT000285826B2E12B

DT000288600A0B1C7

DT00028B2DB3EDF11

DT00028BA251ADEBT

DTOD028BES495A368

DTO002BCEDBB17784

DTO0028D9C1C130FC

DTOOD28FSBEOESAFD

DTO0028FDEEACOT3C

DT000251083913DBD

DT0002521C11AFCAT

DT000292633F36586

Deployments

e

Cwner

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

MSPIVAK

Algorithm

Decision Tres

Decision Tree

Decision Tree

Decision Tree

Decision Tree

Decision Tree

Decision Tree

Decision Tree

Decision Tree

Decision Tree

Decision Tres

Decision Tres

Decision Tree

Decision Tree

Decision Tree

2 R—
'{,{7‘65'//;4)

Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine

E55 MSPIVAK Project [MSPIVAK Works... v

— Models & deployment

Creation Date

2020-08-23

2020-08-22

2020-08-22

2020-08-23

2020-08-18

2020-08-22

2020-08-24

2020-08-18

2020-08-18

2020-08-22

2020-08-22

2020-08-14

2020-08-24

2020-08-22

2020-08-24

“_ MSPIVAK +

Search o,

Target

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION

EDUCATION
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Coming Soon! | AutoML User Interface
“Code-free” user interface supporting automated end-to-end machine

|enrninm

& > C @ Notsecure | slc10yrb.us.oracle.com/oml/tenants/TENANT1/databases/ADWP/index.htmi?root=models % € 0 B8 (e BN C I ‘ :
325 Apps OTN © ADWC4PM Oracle... & Oracle Machine Lea... @& ADWC4PM Charlie... Application Express... # Oracle Analytics E OML PM Content a... E Oracle Machine Lea... o + Paper.li » Other bookmarks

Deploy Model

Enter a unique, alphanumeric Name (max 50
Name * characters)
DT0002806B977AFB4

Model deployme

*
Version

Namespace




Coming Soon! | AutoML User Interface

“Code-free” user interface supporting automated end-to-end machine
| :

Model metadata for DT000281545B55889

{
"miningFunction”: "CLASSIFICATION™,
"algorithm™: "DECISION_TREE",
"attributes": [

::narrue'_‘;J "#\FFINZIIIZTY:CN?D", ) MOde
metadata &
mode

"name”: "BOOKKEEPING_APPLICATION",
"attributeType": "NUMERICAL"

"name™: "OCCUPATION",

, “attributeType": "CATEGORICAL" d e p | Oy m e nt

"name™: "Y_BOX_GAMES",
"attributeType": "NUMERICAL"

1s
"output™: {
"name"”: "EDUCATION",
"attributeType”: "CATEGORICAL"
T
"labels™: [
"18th",
"11th",
"12th",

A—r aslm

Copyright © 2020 Oracle and/or its affiliates.
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Coming Soon! | OML Services

Supports model deployment and lifecycle management beyond Database

Support model deployment and model
lifecycle management for both in-databa =
OML and third-party classification for S
regression models via REST APIs

Supports ONNX (Open Neural Networks
eXchange) format including Scikit-learn
and TensorFlow and others

Supports OML cognitive text capabilities,
with capabilities for topic discovery,
keywords, summary, sentiment, and

feature extraction (English, Spanish, and French
initially).

Cognitive image supports ONNX format
third-party model scoring for images or
tensors E




Coming Soon! | OML Services

Supports model deployment and lifecycle management beyond Database
- import [Fronner] PEiv 52 MyWorkspace v & Invite

posT Get User Token

» List All Models
u Import  Runner 88 MyWorkspace v & Invite

ertiomimoi

History Collections

® New Collection

oMLMOD
9

OML Cognitive Text #*

posT Get User Token List All Models POST Score OML Model (Classificati... X

Params Authorization Headers History Collections » Score OML Model (Classification)

Examples 0 ¥

OML Model Manage...

) New Collection

{omImodserver}ifomimod/v1/deployment/{{uri}}/score Send
List All Models Gt , OML Cognitive Text %
4re ts

Body Cookies Headers Test Results

OML M : Params Authorization Headers Body Pre-request Script Tests Settings
OML Model

-~ OML Model Manage...

12 requests

Get Model details Pretty Raw Praview Visualize none form-data x-www-form-urlencoded @ raw binary GraphQL

Get Model Metadata
Get Model Content (RAW B. verston mOdeIType i "inputRecords™: [
POST Store OML Model 1
Delete OML A “AGE":41,
Get Model details i ""BOOKKEEPING_APPLICATION": 1,
€ "CUST_GENDER" : "M",
"CUST_MARITAL_STATUS": "NeverM"
et Model Content (RAW B... "EDUCATION":"HS-grad",
"HOME_THEATER_PACKAGE":1,
elete OML M 1 "HOUSEHOLD_SIZE":"4",
Remove AL Scoring Endp <

"OCCUPATION":"Crafts", 1
Create OML Scoring Endpoi...

el (C

Mode! ment
Get OML Scoring REST API Body Cookies Headers Test Results Status ne: Size Save Response ¥
Madel deployment c Is ONNX_IMG &

Score OML Model (Classific.. ) )
OML Services Admin * Pretty Raw Preview Visualize

. Remove OML Scoring E
2req s i

=

Model deployment

2 Model deployn

Open AP Specif y

Q, Find and Replace [ console . = OML Services Admin * proba
" 2requests

0.9268013862686383

Metadata Description
API Specification

Q. Find and Replace ] Console Bootcamp
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Oracle Machine Learning + Oracle Analytics Cloud

= ORACLE Machine Leaming

Employee Attrition Prediction Model Development_Final_1 v w~s +- o

Predict Employees that will Leave the Company

We will use our employee data set to create a model that will help us predict which employees are most likely to leave the

compai

ny.

Retail attrition rates are an important topic in the retail industry as leadership seeks to determine ways that will lower labor costs to increase total company revenue
Turnover in the retail industry is exceptionally high and affects company profitability by requiring companies to spend more time recruiting, hiring, and training new
employees. Constant turmover also disrupts the work environment, as other employees must fil the gap left by those leaving. This can disrupt not only the working
environment for the employees but aliso the perceptions of the customers if their needs are not met. Developing solutions to mitigate turnover intentions of employees is
increasingly important and some leaders believe turnover is tied to the training and development of the employees

Created and last updated June 2020 by: Derrick Cameron

Let's explore the data - age attribute

L™

5t

€ w2 -

OGrouped  @Stacked

Employee Attrition Prediction Model Dev... 3@ 2 &+ |a By
600
400
) -
» I e s—
PGNT_10 PGNT_20 PONT_30 PGNT_40 PONT_50 PONT_50 PONT_70 PONT_50 PONT_50 PONT_100
For each employee what are the factors that determine whether they stay or leave, and what weight do these factors have? FINISHED D> 3%
sa1 N
select a.employeenumber, b.ottrition prediction, a.nane, 3.actual_value, a.ueight, a.rank
preciction_details y a, new_smplojess v b
= 2.enployeznunber - b, ceploycenuber
onder by 3.employesnumber, 3.ran -
= W ¢ & e & - sefingse
EMPLOYEENUMBER v ATTRITION_PREDICTION ~ ~ NAME v ACTUAL_VALUE ¥ WEIGHT ¥ RANK v =
1 Yes OVERTIME Yes 0.421 1 =
1 Yes MARITALSTATUS Single 0217 2
1 Yes NUMCOMPANIESWORKED 8 0201 3
1 Yes WORKLIFEBALANCE 1 0.188 4
1 Yes RELATIONSHIPSATISFAC 1 0.103 5
2 No AGE 4 0.013 1
2 No RELATIONSHIPSATISFAC 4

>3 Show the distribution of employee attrition risk - count of employe -

atrisk of leaving by percent risk
LI I & |- setings~
@ves No

@Grouped  O'Stacked

ORACLE Machine Learning

Copyright © 2019 Oracle and/or its affiliates.

,Il---———_
PONT_2X PONT_40 ™60 FONT_80

@vaues

PONT_100

B Charlie V2 New Notebooks [Char... ¥

We have five models. Which is best for predicting attrition? Lets
‘compare the models using a cumulative gains chart.
NE

T oW e w2 settings

& CHARUE ¥

= ORACLE Analytics ?

@ Connected

= oty

Search Everything

Projects and Reports Data Recent Data Sets Favorite Projects

DMSVLWINE_CLASS_M.

Machine Learning

Wine2 Project DMSVXWINE_CLASS_. DMSVLWINE_CLASS_M. Picking a Good Wine WINEREVIEWS130KTEXT CUST_INSUR_LTV_Like.

cum G

@ Geneaized Linear M. ® Generaized Linear M.

Decision Tree RANDOM

B8 Chariie V2 New Notebooks [Char... ¥

® Connected

0.008 2

@ Decision Tree GAIN_C.

e v
& CHARLE

il

CLAIMS_SUSPICIOUS

Oc e

Claims Fraud CLAIMS CUST_INSUR_LIKELY_... = BUY_INSURANCE_CLA..  CUST_INSURLTV_AP..  CUST_INSUR_LTV

Projects View all

¢ |
= ‘ -I
> @

<]

= ORACLE' Analytics 00K_Pr._.

Type Model

Projects and Reports Data Recent Data Sets Favorite Projects Machine Learning

Sortby Modified v E

This Month

®) &) G © ® &)

BUY_INSURANCE_CLA WINE_CLASS_MODEL_ WINE_CLASS_MODEL N1_CLASS_MODEL_DE. N1_CLASS_MODEL ATTRITION_MODEL_RF

&) &

N1_CLASS_MODEL_SVM ATTRITION_MODEL_SVM




= ORACLE Analytics

Search Everything

Projects and Reports Data Recent Data Sets Favorite Projects Machine Learning

DMEVLWINE_CLASS_M...

Wine2 Project DMSVLWINE_CLASS_M... DMSVXWINE_CLASS_...

CUST_INSUR_LTV Like... Claims Fraud CLAIMS_SUSPICIOUS

Projects
IIII!!!-!! "
Wine2 Project Picking a Good Wine CUST_INSUR_LTV_Like... Claims Fraud
Data Sets

Copyright © 2019 Oracle and/or its affiliates.

Register OML model

Import Project/Flow...

Diata Set Management

Open Data Modeler

Register ML Model

Open Classic Home

Customize Home Page. ..

&

Picking a Good Wine WINEREVIEWS130KTEXT

&)

BUY_INSURANCE_CLA...

CUST_INSUR_LIKELY_...

View all

CUST_INSUR_LTVZ

e

Affinity_Card_Project

Wiew all




Select a Model to Register

Register an OML model

Type Name Last M Name ATTRITION_MODEL_RF

Description

ATTRITION_MODEL DT
- - » Model Info

ATTRITION_MODEL_GLM b Input Columns
» Cutput Columns

ATTRITION_MODEL_NB Aug 4, 2020 4 Parameters

target ATTRITION

ALGO_NAME ALGC_RANDOM_FCOREST
ATTRITION_MODEL_SVM Aug 4, 2020 PREF_AUTO ON
TREE_TERM_MINPCT_NODE .05
TREE_TERM_MINREC_SPLIT 20
ODMS_RANDOM_SEED 0

ATTRITION_MODEL_RF Aug 4, 2020

ATTRITION_MODEL_SVM2  May 20, 2020

TREE_IMPURITY_METRIC TREE_IMPURITY_GINI
CLAS_MAX_SUP_BINS 32
CLAS_WEIGHTS_BALANCED QFF

Copyright © 2019 Oracle and/or its affiliates.
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Define a Data Flow using

= ORACLE Analytics

< W Untitled

Data Flow Steps

Add Data

Join

Union Rows

Filter

Aggregate

Save Data Set

Create Ess

Add Columns

Columns

Rename Columns

Transform Column

Merge Columns

Split Columns

Bin

Group

O

Add Data
Add Data - EMI

JIC

Data Set  EMPLQC Add Columns

Description Externa

When Run Pr¢  Group

.2
e
Train
Numeric
Prediction

Pick an OML model

T < W

Aggregate  Save Data Create
Eszshase
Cube
(- o I ] ] T3
=0 | & : it
Select Rename Transfor Merge Split Columns Bin
Columns Columns Column Columns

< L @ \9 B8
Branch Cumulative Time Series Analyze Database
Value Forecast Sentiment Analyfics
Z:‘T‘:Z n'!'n :' -'
Trainul'\.’lulti- Tra iﬁ ETna ry Train Apply Model
Classifier Claszsifier Clustering| AVEL

v DAILYRATE

v DEPARTMENT

Query Error
More Deta

| Show labels

elections (35)

100%

OML in-DB Model

v

@
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Define a Data Flow using OML in-DB Model

= ORACLE Analytics ? @
» Untitied
Data Flow Steps +| Showlabels  100% v | - iy

Add Data

e Sewpov. | spleRl ) _
™ OAC runs OML model in ADW

Union Rows

Group

T

Foer Save Data Set
Aggregate i~
Data Set | At_Risk_Employees Columns
Mame Database Name TreatAs Default Aggregation
PR Description  At_Risk_Employees
AGE AGE Measure - Sum -
§ Create E
Save data to ATTRITION ATTRITION Attribute =
Add Columns
Caonnection ¢a2 adwedpm_3 BUSINESSTRAVEL BUSINESSTRAVEL Aftribute  «
i Table | At_Risk_Employees
g SR DAILYRATE DAILYRATE Measure - Sum -
Rename Columns When run  Replace existing data -
DEPARTMENT DEPARTMENT Aftribute  ~
Transform Column When Run Prompt to specify Data I
DISTANCEFROMHOME DISTANCEFROMHOME Measure = Sum b -
Merge Columns 5 AGE a0 ATTRITION o BUSINESSTRA .. o0 DAILYRATE DEPARTMENT o DISTANCEFR... o EDUCATION i EDUCATIONF
26 Yas Travel_Rarely 1357 Rezearch & Development 25 3 Life Sciences
Split Columns 27 No Travel_Freguenily 904 Sales 8 3 Life Sciences
30 No Travel_Freguently 721 Research & Development 1 2 Medical
Bin 41 Yes Travel_Rarely 1360 Research & Development 12 3 Technical Degree
34 Mo MNon-Travel 1065 Sales 23 4 Marketing
M Traual Rarahi Ang Raocoarrh £ Navalnnmant 410 2 | ifa Qrionrac

g m o




= ORACLE Analytics ? @

Data Sets Connections DataFlows Sequences Data Replications Search Data Q Sort By Modified - =

= QML's Predictions

At_Risk_Employees EMPLOYEE_DATA DMBVLWINE_CLASS_M. ..

Yesterday

(&>

DMBVXWINE_CLASS_.. DMEVLWINE_CLASS_M. ..

This Month

DMBVAGOOD_WINE_AI WINEREVIEWS130KTEXT price_bin_UnitedStates Best_Wines CLAIMS_SUSPICIOUS CLAIMS
I
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Investigate OML Insights and Predictions

= ORACLE Ay Interactive Filters
I£ A’[_Risk_EmponeeS Prepare Visualize Narate

DEPARTMENT BUSINESSTRAVEL JOBLEVEL YEARSINCURRENTROLE PERCENTSALARYH > £y
# EDUCATION All All All Full Range Full Range
# TRAININGTIMESLA--- — Range I:l Value Distribution for PERCENTSALARYHIKE by BUSINESSTRAVEL, DE..
oog Table hd EMPLOYEENUMBH m m
3 MONTHLYRATE Start i !
EMPLOYEENUMBER i i
% YEA COMPANY — | |
i= Rows 19 End Maximum i i
# JOBSATISFACTION _ i I I I I BER i
22 H H = !
A JOBROLE EMPLOYEEN... 0 By BUSINESSTRAVEL, DEPAR.. P d . t‘
# WORKLIFEBALANC.-. " 14 18 21 25 re I C I 0 n S
AGE 33
# STOCKOPTIONLEV.-. DEPARTMENT 137 20 Research & Development Female Single 067  Yes
ENVIRONMENTSA. -- 167 19 Zales Mals Single 077 | Yes
YEARSINCURREN.- -- GEMDER 235 19 Sales Female Single 054 Yes
PERCENTSALARY --- 243 13 Research & Development Ihale Single 057  Yes
MONTHLYINCOME MARITALSTA. . 405 13 Research & Development Male Single 063 Yes
A JOBLEVEL PREDICTION. . 41 18 Sales Female Single 0.51 Yes
# JOBINVOLVEMENT 482 33 Sales Female Single 054 Yes
A ATTRITION PREDICTION 493 3 Research & Development Male Single 0.55 Yes
A EU"I;‘\I TRAVEL 494 21 Sales Female Single 0.53 Yes
A N ) 3 Color 502 34 Sales IMale Single 0.53 Yes
NEPARTMENT
514 30 Research & Development Male Single 0.52 Yes
# PERCENTSALARYHIKE ‘I s 566 13 Human Resources Iale Single 0.51 Yes
1Ze
: 514 18 Sales Male Single 0.67 Yes
622 26 Research & Development IMale Single 074 Yes
+2 shape - _ i B )
PERCENTSALARY 701 20 Research & Development Male Single 0.62 Yes
81 23 Research & Development Male Married 0.59 Yes
e =] Tooltip 91 32 Research & Development Male Single 0.62 Yes
952 25 Sales Male Married 0.55 fes
Data Type Number Y Filters 959 18 Sales Male Single 078 Yes
-

Aggregation Sum

Canvas1 1001+ Rows, 7 Colu... A O m




B e | | P e
Investigate OML Insights and Predictions

= ORACLE Analyics Interactive Filters )
I~ At Risk Employees Prepare  Visualize  Narrate

PREDICTION DEPARTMENT (3) STOCKOPTIONLEVEL £y h @ =
# YEARSATCOMPANY Yes Human Resources, Research & Developme.. Full Range
# JOBSATISFACTION
A JOBROLE |& Bar v PREDICTIONPROBABILITY by YEARSATCOMPANY (Grouped), DEPARTMENT
A JC 0
# WORKLIFEBALANC .. 08
# STOCKOPTIONLEV.--- o
$# ENVIRONMENTSA. -- B 0.7
. I= Trellis Rows
Y CURREN---
# PERCENTSALARY .-
A 06
H MONTHLYINCOME Ea o :
A JOBLEVEL PREDICTION..
# JOBINVOLVEMENT £ os B | | | | i
A A N o
A ATTRITION ﬂ Category (X-Axis) :_;
A BUSINESSTRAVEL b T | | | | u
A YEARSATCO... z
A DEPARTMENT g
A EDUCATIONFIELD é’
0.3 | | | | || |
$# EMPLOYEECOUNT @& Ccolor =
A EMPLOYEENUMEE- -
X = A DEPARTMENT
ik PREDICTIONPROBABILITY ... o2 | | | | i
& Al Size (Width)
D ‘ 1 1 E 1 i
Title Tooltip
00 £ B | | .. i S - =
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Y Filters

Legend Title Font
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Investigate OML Insights and Predictions

= ORACLE Analytics ? @

IL" At RlSk Employees Prepare  Visualize  Narrate

© Click here or drag data to add a filter
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OML + APEX

Interactively Explore Data and OML Insights and Predictions

Employee_Attrition 8, charlie_apex v

Home

Employee_Attrition

Key Factors

Employee Attrition

More Employee Attrition Grap...

ER

Administration

Employee Attrition

=
Created By: Charlie Berger, Dhvani Seth, Siddesh Ujjni, Rosy Parmar

ﬁh Home Z Application 104 @ Edit Page 1 @ Session 7|'—_| View Debug ﬂ Debug @ Page Info [F Quick Edit ‘—? Theme Roller E@}




OML + APEX

Interactively Explore Data and OML Insights and Predictions
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TR} Quick Ec
A’ Quick Edit 8, charlie_apex v

i Application 104 [ EditPage6 ® 7 ViewDebug XX Debug (@) Pageinfo
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Interactively Explore Data and OML Insights and Predictions
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The Changing Role of the
DBA:

From Oracle Data
Professional to Oracle Data
Scientist

In 6 Weeks!

https://www.datacamp.com/community/blog/data-scientist-vs-data-engir

https://www.kdnuggets.com/2020/02/poll-automl-replace-data-scientists.f

‘ D{\TA
Scientist




Data Professional to Data Scientist Journey
You are Likely Already Doing Much of The Work!

Data extraction B

Data wrangling Typically 80% of the work!
:)eriving new attributes Most data scientists spend only 20 percent of their
(feature engineering’) me on gctual datganlysioan 80 percent ofther

— amounts of data, which is an inefficient data

] Where the Machine Learning “Magic” ﬁ?ﬁ%@@\)
Import predictions & insights— g

Translate and deploy ML models Eliminated or minimized w/
Oracle Data Management platform becomes

_J combined/hybrid data management + machine
Automate learning platform

1 - https://www.infoworld.com/article/3228245/data-science/the-80-20-data-science-dilemma.html




CRISP_DM Methodology DATA UNDERSTANDING

Six Major Steps

BUSINESS UNDERSTANDING

Understanding Understanding

DEPLOYMENT
Data
Preparation
EVALUATION MODELING

Copyright © 2020 Oracleand/orits affiliarchttps://en.wikipedia.org/wiki/Cross-industry standard process for data mining
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CRISP-DM Methodology

Six Major Steps

BUSINESS UNDERSTANDING

Well-defined
business problem

Data
Understanding
Data
Preparation
Modeling

Business
Understanding

DEPLOYMENT

In-DB ML model apply
* Real-time ML apply

* In-database, REST
Embed methodology
* Applications

* Dashboards

Deployment

EVALUATION
Model evaluation
Model comparison
Model selection

https://en.wikipedia.org/wiki/Cross-industry standard process for data_mining

DATAUNDERSTANDING

Assemble the “right data”
Data profiling

* Data visualization

* Univariate statistics/group by
* Bi-variate statistics

DATA PREPARATION

Sampling/Stratified

Algorithm req'd transforms

* Auto Data Preparation

* Missing Values, Binning, Normalization,
etc.

* Unstructured data

* Aggregations

Domain specific transforms

* “Engineered Features”

Features Selection

MODELING

Algorithm settings/defaults
* Stratified sampling

* Feature selection

* Build model(s)




CRISP-DM Methodology e he T e
Six Major Steps osa profing

* Univariate statistics/group by
* Bi-variate statistics

Understanding Understanding Sampling/Stratified

Algorithm req'd transforms
* Auto Data Preparation
* Missing Values, Binning, Normalization,

BUSINESS UNDERSTANDING

Well-defined
business problem

DEPLOYMENT —
In-DB ML model apply Preparation etc.
* Real-time ML apply * Unstructured data

* In-database, REST * Aggregations
Domain specific transforms

Embed methodology

* Applications * “Engineered Features”
* Dashboards Features Selection
MODELING

Algorithm settings/defaults
* Stratified sampling

» Feature selection

* Build model(s)

EVALUATION
Model evaluation
Model comparison
Model selection

* Automated and/or system defaults

Copyright © 2020 Oracleand/orits affiliarchttps://en.wikipedia.org/wiki/Cross-industry standard process for data mining
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Oracle Machine Learning N
SQL Developer Extension: Oracle Data Miner Ul =0

Business Understanding: Target customers most likely to Buy Insurance

= =
Wi |#y — pata Understanding &
Scatter Box plots 16,  Eypiore/Profile Data \ g CUST_INSUR_LTV_APPLY
/ /UNSUPER |SE!E%}E Selection KLD MOdeIIng (ML) \
- e \ N —
=) ; Br — & — B — B

SUPERVISED Feature Selection Buy Insurance Multiple Classification ML Models Predicted Likely Insurance Buyers Likely Buyers table for OAC

DataPreparm X_Exaluation N
B =

) Deploymen

Transform Filter Columns Details Model Details
I—
& | g .
Clust Build || | Eﬁ% ! ‘ _!.11.1" |
Sy Attribute Im pEﬂDE table MﬂdE;E?tEt—E—i{; table
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Example Templates

== Create Notebook

Anomaly Detection

This notebook shows how to detect...

Author:

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

Tags: ‘Anomaly Detection® "Machine...

7 5 Likes @, 1601 E s

My First Notebook

Oracle Macl‘jipe Learning example ...

Author:

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

M 4 Likes D, 914 E >

Oracle Data Mining 17... @B Oracle Cloud Infrastru...

ORACLE Machine Learning

Association Rules

Notebook to show the use of Assoc...

Author:

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

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

* 2likes AN772 B 106

Regression

This notebook shows how to predic...

Author:

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

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

* 1likes Aae B

& Autonomous Data Wa...

& Oracle Machine Learni...

Attribute Importance
Notebook to identify key attributes...

Author;

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

* 2tikes sz B 2o

Statistical Function
Oracle Machine Learning example ...

Author:

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

* 2likes Az B

Classification Prediction M...

Example notebook to predict custo...

Author:

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

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

* 3tikes & 1024 o

Time Series Forecasting

Oracle Machine Learning supports ...

Author:

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

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

7¢ 0 Likes e, 1 Eo

m E 0O &

4

USERO7 Project [USERO7 Workspa... ~ USERQ7

Search by... ™\

W

Clustering

This notebook shows how to identi...

Author:

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

7 1 Likes @, 59 E s
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More Info, Quick Starts, HOLs, Docs and Tutorlals

www.oracle.com/MachinelLearning

https://twitter.com/CharlieDataMine

OML demos on YouTube Channel:
https://www.youtube.com/channel/UCtjWZqgDAssJ)5sMi48AI85Q

Customer References:

https://www.oracle.com/database/technologies/datawarehouse-bigdata/oml- omacie i
customers.html

Changli(ng Role of the DBA: From Oracle Database Professional to Data Scientistin -
6 Weeks! :

- YouTube: https://youtu.be/jFBMhOapGL8 e s

.......

- Blog Series: https://blogs.oracle.com/machinelearning/the-changing-role-of-the- ~ =.n = . ... e | AT T
dba%3a-from-database-developer-to-data-scientist-in-six-weeks 0 =

Hands-on Labs | ik Lo .|[!||l|l|||

OML + Wine + ADW + OAC + APEX + REST HOL Workshop
https://blogs.oracle.com/machinelearning/hands-0n-lab%3a-how-to-pick-a-good-
wine-for-30%3c-using-oracle-autonomous-database%?2c-oracle-machine-
learning%2c-apex%2c-oracle-analytics-cloud-and-rest-services

OML Oracle Data Miner HOL Workshop

https://blogs.oracle.com/machinelearning/learn-how-to-use-oracle-data-miner-ui- in-7 oy
45-minutes :

Oracle Machine Learning Notebooks + ADW HOL Workshop
https://blogs.oracle.com/machinelearning/learn-to-use-oracle-machine-learning-

..-.l.-l.-- L




Congratulations!

You are an Oracle Data
Scientist!

/AN

ORACLE
Data Scientist
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Obtain a signed certificate. Obtaining a signed certificate involves creating a certificate signing request (CSR) and
sending it to a CA in accordance with the CA's enrollment process. After conducting some checks on your company,
the CA signs your request, encrypts it with a private key, and sends you a validated certificate. See the instructions

provided by the CA for more information.
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Thank You

Charlie Berger

Senior Director, Product Management
Machine Learning, Al and Cognitive Analytics
Charlie.berger@oracle.com.co
CharlieDataMiney
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