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Zwiekszanie wartosci analiz biznesowych
dzieki uczeniu maszynowemu (ML)

Michat Grochowski
Konsultant BI/DWH




Alan Turing, 1950:
“Can Machines Think?’’

Can A Machine Think
Like a Human Brain?

Al/ML101 with Oracle Dr.Pelin Ozbozkurt
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Machine learning uses

Teams, tools and techniques algorithms to parse data,
to use and deploy artificial learn from that data, and
intelligence make informed decisions

based on what it has learned

1 : 4
ARTIFICIAL INTELLIGENCE

Any technique which enables

computers to mimic human MACH'NE LEARN'NG

behavior

Can be more efficient than
other algorithms, but needs
lot training

Al techniques that give computers DEEP LEARNING

the ability to learn without being

) explicitly programmed to do so A subset of ML which make the
Q=0 ! computation of multi-layer neural
Q @ networks feasible

1950’s 1960’s 1970’s 1980’s 1990’s 2000’s 2010s

ORACLE"




CLASSIFICATION
Naive Bayes
| ogistic Regression (GLM)
Decision Tree
Random Forest
Neural Network
Support Vector Machine (SVM)
Explicit Semantic Analysis

CLUSTERING

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

ANOMALY DETECTION
One-Class SVM

TIME SERIES

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

Copyright © 2019 Oracle and/or its affiliates.

REGRESSION

Linear Model

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

LASSO

ATTRIBUTE IMPORTANCE

Minimum Description Length
Principal Component Analysis (PCA)
Unsupervised Pair-wise KL Div

CUR decomposition for row & Al

ASSOCIATION RULES
A priori/ market basket

PREDICTIVE QUERIES

Predict, cluster, detect, features

SQL ANALYTICS
SQL Windows
SQL Patterns
SQL Aggregates

Oracle Machine Learning Algorithms and Analytics

FEATURE EXTRACTION
Principal Comp Analysis (PCA)
Non-negative Matrix Factorization
Sin%ular Value Decomposition SSVD)
Explicit Semantic Analysis (ESA

TEXT MINING SUPPORT

Aliorithms support text columns

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-Sg, ANOVA, etc.

R AND PYTHON PACKAGES

Third-party R and Python Packages
through Embedded Execution
Spark MLIib algorithm integration




B R e S
Oracle ML Sample Use cases
()
= |dentify which patients are at risk of developing certain conditions ‘<>
= Forecast customer demand for a product or service @
/

= Detect fraud in customer transactions, insurance claims fg
= Target the right customer with the right offer

= Discover hidden customer segments

= Find most profitable selling opportunities Wmy

= Anticipate and preventing customer churn

= |dentify customers likely to churn and why 9'

= Security and suspicious activity detection [D:[I
= Understand sentiments in customer conversations

= Understand influencers in social networks ﬂ
= Predict credit risk

ORACLE"




Przyktady ML
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Customer Segmentation

Machine Learning - Clustering

ORACLE’




Customer Segmentation

Machine Learning - Clustering

ORACLE’




Predictive Maintenance

Machine Learning - Neural Networks

OilFlowR ate
. - |__
y B

PumpEfficiency

_______
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Image recognition & classification

Deep learning

ORACLE’
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Jaki interfejs wykorzystac?




* Sample Project - Oracle Data Visualization for Desktop

ORACL€E Data Visualization for Desktop

.. - - = 5
.. Sa m ple P rOJeC‘t - P rOJeC‘t Prepare  Visualize  Narrate
o2 X Customer Segment Product Category ) < =
All All
: -
250K : L
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200K ' .
I .C
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1
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* Untitled - Oracle Data Visualization for Desktop

= ORACLE Data Visualization for Desktop

0% Data
¥ # of Orders

Order Priority
Customer ID

# of Customers
Customer Name
Customer Segment
City

Product Category
Product Sub Category
Grouped Sub Category
Product Container

Product Name

|*¢ Discount, Sales by City

o

General

Title

Legend

|~ Untitled - Project

@ Click here or drag data to add a filter

:': Scatter

(L1 .
j11 Trellis Columns

=== Trellis Rows

E3 Vvalues (Y-Axis)

Sales

E3 values (X-Axis)

Discount

m Category (Points)

A City

Prepare

Visualize

Narrate

Discount, Sales by City

Sales

350.00K

300.00K

250.00K

200.00K

150.00K

100.00K

50.00K

0.00

0.00

3.00K

6.00K

9.00K
Discount

12.00K

15.00K

18.00K

133 Points
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O M
s




Untitled - Oracle Data Visualization for Desktop

= ORACLE Data Visualization for Desktop

0% Data
¥ # of Orders

Order Priority
Customer ID
# of Customers
Customer Name
Customer Segment

A city
Product Category
Product Sub Category
Grouped Sub Category
Product Container

Product Name

|*¢ Discount, Sales by City, Clusters

o

General

Title

Legend

|~ Untitled - Project

@ Click here or drag data to add a filter

:': Scatter

E3 values (Y-Axis)

Sales

3 Values (X-Axis)

Discount

m Category (Points)

A City

8 Color

Clusters

Canvas1 ¥

Prepare  Visualize

Narrate

Discount, Sales by City, Clusters

350.00K

300.00K

250.00K

200.00K

Sales

150.00K

100.00K

50.00K

0.00
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th & =

3.00K
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6.00K

M Cluster 1

M Cluster 2
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18.00K
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< Create Connection

* Naive Bayes Apply Model - Attrition Prediction - Oracle Data Visualization for Desktop

Select Connection Type

>

Oracle
Applications

(&d

Oracle Content
and Experience
Cloud

—
v

nia

Oracle Storage
Cloud Service

@\

Oracle
Autonomous Data
Warehouse Cloud

&

Oracle Eloqua

Actian Ingres

)

Qracle
Autonomous
Transaction
Processing

T

Oracle Essbase

Actian Matrix

(e

=

Oracle Big Data
Cloud

Oracle Service
Cloud

Actian Vector

g

Oracle Database

&

.
Y]

Oracle Talent
Acquisition Cloud

Amazon Aurora




Naive Bayes Apply Model - Attrition Prediction - Oracle Data Visualization for Desktop — X

= ORACLE Data Visualization for Desktop A ?2v

< M Naive Bayes Apply Model - Attrition Prediction - Data Flow

+ Show labels 100% v | - 4 ey

Data Flow Steps

Add Data

Merge Rows @ Y Z |'1'| ﬁ

Add Data Join Merge Rows Filter Aggregate  Save Data Create
. Essbase

Filter Cube

Add Data - o|m
Aggregate Attr " + ” Y E]] I Re T @ o|m

Add Columns Select Rename Transform Merge Bin Group
. Columns Columns Column Columns electi 37

Save Data Set Data Set  Attritior ielections (37) Q

Description  Uploadt -c |/ U' - Ty <l>
Create Essbase Cube . . . =

Branch Cumulative  Time Series Analyze  Apply Custo__.
Value Forecast Sentiment Script

When Run Prc

Add Columns
L] 0.0 + ]
[ Yy . .
# N & 4
Select Columns Train Nume... Train Multi- = Train Binary Train Train Custo... Apply Model v
Prediction Classifier Classifier Clustering Model
ab ID ab Firs 9 DailyRate ab Department 99 Distance
Rename Columns
1001 Benjamin Piper 52 Travel Rarely 258 Research & Development 8

Transform Column 10N72 Faliritv Riicseall 7 Travel Raralv 1 AR? Reeparrh & Nevelanmeant 11 v

Merge Columns ’




** Naive Bayes Apply - Attrition Analysis - Oracle Data Visualization for Desktop

ORACL€E Data Visualization for Desktop

|~ Naive Bayes Apply - Attrition Analysis - Project

Predicted Attrition

Yes
EmployeeCount EmployeeNumber, First Name, Last Name, Predicted Attrition, PredictionConfidence
EmployeeNumber First Name Last Name :["tar?tiicc:sd PredictionConfidence
1427 Brandon Mackenzie Yes 0.63
4 1 0 O 1433 Diana Dickens Yes 0.57
“ 1439 Julia Paterson Yes 0.76
1458 Dan Coleman Yes 0.56
1487 Austin Ross Yes 0.85

EmployeeCount by YearsInCurrentRole

74.00

YearsIinCurrentRole

000 500 1000 1500 2000 2500 3000 3500 4000 4500
EmployeeCount

Canvas1 ¥ Canvas2 ¥ Canvas3 ¥ @

EmployeeCount by JobSatisfaction

JobSatisfaction

0

7 £\ =
- X
a7
Prepare Visualize Narrate
EmployeeCount by JobRole, Department
21.95%
Vo 7.07%
N o= 0.44%
21.95% '
Department
B Human Resources Sales
M Research & Development
EmployeeCount by JobRole, OverTime ih ™ =
Healthcare Repre. ..
—
2 Laboratory Techn... —
o2
ﬁ Research Scientist I
E—
Sales Represent. . |

000 200 400 600 800 1000 1200
EmployeeCount

OverTime M No M Yes




a Connections

3] AAA Customer Analytics

-3 Market Basket Analysis
nl: New Buy Insurance WF

1(2'

af? Np)w Customer Analvtics
»

» 13

+7.-E BIWA DMUSER - Learn Predictive An
-3 CBERGER dbpm?23 Cloud instance Cc|_

nﬁ 360 View Star Schema Anal)

lits

\Scatter Box plots etc. 1 Explore Data

& —

CUST_INSUR_LTV1

Brl —

Filter Columns

Parallel Query Off 5

&

CUST_INSUR_LTV_APPLY1 1
Explore Data 1

N 7

Most leely Customers

—_—

Multiple Classification Models

& Maximum Target Values: 2 v

\mSaveRue

=

o 11
Fract e

O
Prascion o

Cordcuren 0
s 1me s by
30 ekl

S

'CLAIMS',
end;
/

BUY INSURANCE - Structure
(% Clustering Segmentation 1

& Multiple Classification Models
5 Filter Columns Details 1
|59 scatter Box plots etc. 1
-y CUST_INSUR _LTV1

{4 CUST_INSUR_LTV_APPLY1
% Most Likely Customers

DE)unls

[ e

»

Eselect * from

dbms_data_mining.create_model ('CLAIMSMODEL',
'POLICYNUMBER', null,

= (select POLICYNUMBER, round(prob_fraud*100,2) percent_fraud,

Thumbnail = ¥
Clustering Segmentation 1 Filter Columns Details 1 LIKELY_BUXINSHRANCE CHSTMRSY
1 & > »
_‘E. .@ mmmzzwtmm_m %
& i @ PEHBR-NA B8 BROEA o
TRy T T Worksheet | Query Buider
D @ = DEYIIT

'CLASSIFICATION',
'CLAIMS_SET');

—- Top 5 most suspicious fraud policy holder claims -

{8 LIKELY_BUY_INSURANCE_CUSTMRS @ Multiple Classification Models - Properties

@ From Filter Columns” to "Multipk .. | Build

AV

=3 [n‘l
o =l
CESETErEr
0 e izt
L
€
Surrogates  Target Values

Iif

Script Output X |[>Query Resuit * |

, & §) B& soL | AllRowsFetched: 5in 0.237 seconds

§} poLicyNUMBER [{} PERCENT_FRAUD [{} RNK |

1 654 61.87
2 11068 57.37
3 7435 55.47

o / Q Find

Models
Model Settings

PR

Charlie Database 12c laptop dmuser_dmuser/AAA Customer Analytics/BUY INSURANCE
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1
2
3

Then No

BANK_FUNDS > 246

And CHECKING_AMOUNT > 282

And MONEY MONTLY OVERDRAWN <= 54.215

IConfidence

0.8515671200473093

|Suppor:

0.1832863646217212

* X W oo @A Qlrone

Create Table Data Source
or View
& 5
Graph SQL Query
=| Transforms
Aggregate Filter
Columns
Filter Rows Join
@ 52
Sample Transform
-+ Text
= Models
Anomaly Assodation
Detection
Clustering Feature
Extraction
Model Details Regression
=| Predictive Queries
Anomaly Clustering
Detection Query
Query
Prediction
Query
) Evaluate and Apply
+] Linking Nodes

Explore Data

@

Update Table

JSON Query

@

Classification

<@

Model

Feature
Extraction
Query




OML4SQL: Model Build and Real-time Prediction
Simple SQL Syntax—Classification Model
Model build (PL/SQL)

BEGIN
DBMS DATA MINING.CREATE MODEL (
model name => 'BUY INSUR1',
mining function => dbms data _mining.classification,
data table name => 'CUST INSUR LTV',

case_id coiﬁmn name => 'CUST ID',
target column name => 'BUI_INSURANCE',

settings__ table name => 'CUST_ INSUR LTV _SET');
END;

Real-time scoring (SQL query)

SELECT prediction probability (BUY INSUR1l, 'Yes'

USING 3500 as bank funds, 825 as checking amount, 400 as credit balance, 22 as age,
'Married' as marital _status, 93 as MONEY MONTLY OVERDRAWN, 1 as “house _ownership)

FROM dual;

3 E E’ﬂ % S5QL | All Rows Fetched: 1in 0.043 seconds

i} PREDICTION_PROBABILITY(BUY _INSUR.1,"YES'USING3500ASBANK,_FUNDS,325ASCHEC
1 0.92769567095910801

Copyright © 2019 Oracle and/or its affiliates. E




FHEHHFHEH G ° —
# create demo data set c . s 5.
FHEHHFHEH G o < .
° ® ®% o
.-o.o :'ooa.“:.h'
set.seed(123) # enable repeatable results g, ey s
options(digits=4) # limit decimal output --.‘tf-y‘“ o,
oo O s e
e '... ..ﬁ. ‘.
#-- generate a data set with three clusters Ce o >

dat <- rbind(matrix(rnorm(1000, sd = ©0.3), ncol = 2), # cluster 1
matrix(rnorm(1000, mean = 1, sd = ©.3), ncol = 2), # cluster 2
matrix(rnorm(1000, mean = 2.5, sd = 0.4), ncol = 2)) # cluster 3

colnames(dat) <- c("x", "y")

dat <- data.frame(dat)

#-- view the clusters

plot(dat$x, datgy)

#-- create a temporary database table using ore.push - object deleted when db connection ends
X <- ore.push (data.frame(dat))

class(X)




File Edit Code View Plots  Session Budd Debug  Tesl:  Help

L+ - . B Project [Noneg) =
@) rquser login DRAFT.R = ©] Manual ORE Setup.R @) Mornick Short Dema Script QLR = m=["] | Environment History =]
SOURCE ON Save Q - “#Rum B S Spunce - T 5 #ToConsole | —daToSource @ 1“
L TTOFALTS T ] LT e LT L O LT T == - = — = —
E ‘||!b,-d,-;-,:'DREL A ] e e ProguciLs L UILFTPOmE_L5 K T dary " qcc(diameter[l:zﬁ,], type:"xbar"} F
3 hist(CARSTATEIMPG, col="red”, breaks=25)
4 ore.connect(“dmuser”, “oral2c”, " localhost *, “dmuser™, all=TRUE) =| plot{CARSTATS, col="red™)
3 hist{CARSTATSIMPG, col="red”, breaks=25)
& ore.ls0) . libPaths (“c:\\appy\ cherger\ productih12. 1. 0%\ dbhome_1% ="\ Tibrary™)
é help.start( 1ibrary(oORE)
. ore.connect (“dsuser”, “oral2c”, " localhost “, "dmuser”, all=TRUE)
9 nam ARSTAT
10 AMES LLARS : hist(CARSTATSIMPG, col="red”, breaks=25)
11  summary{(CARSTATS) ore. 1s(]
12 help.start()
13 hist{CARSTATSIMPG, col="red", breaks=25’ summary {CARSTATS)
14 plot(CARSTATS) -
15 plot{CARSTATS)
16 plot{CARSTATS, col="red"” Files Piots  Packages  Help  Viewer =]
17 . .
18 ] & zoom | EEpot~ @ 5 Clear Al
13 demo{odm_kmeans)
20
21 1.0 2.0 30 M 20 30 4« e ] L ] 200
22 [ | i L1 1
23 g"' LY L, z 5 o s
24 names(CLAIMS) ACCELERATION I gillglli! “ E I ™ I
25  summary{CLAIMS b =
1541 B Top Level) = R Scmpt = - - -
Console -] JORIGIN |00 D000 oo o0 TETE—— - LI
[25] "MNEW_360_VIEW_CUSTOMERS”  "ODMR_CARS_DATA™ "ODMR_SALES_JSON_DATA” F e B " a
[2B] "ONTIME_SCB™ "OUTPUT_L_24" “ouUTPUT_11_2" " - ]
[31] “ouvTPuT_13_2" “ouTPUT_2_22" “ouTPUT_2_23" j o B -
[34] “ouTPuUT_2_35" "QUTPUT_3_15" “OUTPUT_3_18" H | MODELYEAR G E &
[37] "oOuTPUT_3_3" "QUTPUT_3_40" “ouUTPUT_4_1" H a =]
[(40] "ouTPuT_5_1" "OUTPUT_5_15" “OUTPUT_9_18" 5
[43] "PAINT_MFG_DEFECTS" "TAX_DATAZ” “TEST_DF1" l o
[46] "TEST_DF2" “TITANIC_TEST" “TITANIC_TRAIN" E"iili MPG o ] s
= help.start() I
1f nothing happens, you should open o -
http://127.0.0.1:17896/doc,/hrml /index. html " yourself o a d ke sooosooos o PR o ede ™
> SUmMmary{(CARSTATS) L A 2 [ - ao o CYLINDERS LX) o w0 o o o
ACCELERATION ORIGIN MODEL _YEAR MPG CYLINDERS £ S £ ey amr o, - - =
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Oracle Machine Learning Key Attributes

Automated Scalable Production-ready

Get better results faster Handle big data volumes using Deploy and update data
with less effort — parallel, distributed algorithms — science solutions faster with

even non-expert users no data movement integrated ML platform

Increase productivity, Achieve enterprise goals, Innovate More




ORACLE
APPLICATIONS

Oracle DV

ad-hoc ML

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* OMLA4Spark
h, Python API Oracle R Advanced Analytics
| for Hadoop

bk’

OML Microservices*
Supporting Oracle Applications

ORACLE
FUSION APPLICATIONS

Image, Text, Scoring, Deployment,
Model Management

* Coming soon
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OML empowers Enterprise U

Data Scientists

Executives LI CIs ) Bueinessnd
Machine
Learning

Application /
Dashboard
Developers

DBA and IT

Professionals
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Data Scientists

Data Scientists

_ Business and
Executives 0 ra CI e Data Analysts

Machine
Learning

Application /

Dashboard DBA and IT

Professionals

Developers

Copyright © 2019 Oracle and/or its affiliates.

*Popular data science languages:
Python, R, SQL
«Augment with 39 party packages
Scalability and performance
* Automation-enhanced productivity
*Greater enterprise collaboration
Integrate and analyze data
across the enterprise




Business and Data Analysts

/7

: Business and
Oracle Data Analysts
Machine
\ Learning /
Application /
DBA and IT
Dashboard Professionals
Developers |

Copyright © 2019 Oracle and/or its affiliates.

*Expand analytical tool set with ML
*Enable non-ML experts with AutoML
L everage domain knowledge for
better results
Collaborate with Data Scientists
and IT




DBA and IT Protfessionals

Data Scientists

_ Business and
Executives 0 ra CI e Data Analysts

Machine

Lea rning *Even greater value from Oracle investment
*Support scalability and performance
«Simpler, streamlined infrastructure
*Maintain data security, backup, recovery

Application /

DBA and IT

Dashboard Professionals *Use SQL, expand to Python and R

Developers | everage Database and Big Data sources

Copyright © 2019 Oracle and/or its affiliates. E




Application and Dashboard Developers

Data Scientists
Executives Business and
Data Analysts

Oracle
Machine
*Realize intelligent solutions faster through -
Oracle stack integration Learnlng
Easily uptake data scientists’ R, Python, \

SQL scripts and rapidly deploy solutions Application /
Embed ML in applications and dashboards [F))gshboard DBA and IT
using SQL, REST, and SODA APlIs Developers | Professionals

Copyright © 2019 Oracle and/or its affiliates. E




X o at  TRRRYS L IRAYSRT
Executives

*Benefit from world-class data DRI SEIE B

management technology and support -—\ /
*Democratize ML across the enterprise

to enable better data-driven decisions
*Deploy solutions faster to realize ROI Executives

Business and

Oracle [ EoNaNEs

- Machine
A\ ﬁ Learning

Application /
N A\( . Dashboard
Developers

DBA and IT
Professionals

Copyright © 2019 Oracle and/or its affiliates.



Traditional Analytics and Data Source Interaction

Qo

Deployment
Ad hoc

cron job

Read/Write files using built-in tool capabilities

read Flat F]Ies extract / export
exeort a load a

Data source connectivity packages

Access latency

Paradigm shift: R/Python - Data Access Language = R/Python
Memory limitation — data size, in-memory processing
Single threaded

Issues for backup, recovery, security
Ad hoc production deployment E




Oracle Machine Learning for

SQL (OMIL4SQL)




Oracle Machine Learning for SQL

Component of Oracle Autonomous Database and
Oracle Advanced Analytics option to Oracle Database

SQL Interfaces OML Notebooks
SQL*Plus Y

Nn-database, parallel, distributed algorithms | soipeveroper - é
ML models as first class database objects - —
Export / import models across databases
Batch and real-time scoring

Explanatory predictive details

_everage ML across Oracle stack

Oracle Database Oracle
with OAA option Autonomous
Database

cle and/or its affiliates. E




OML4SQL: Model Build and Real-time Prediction
Simple SQL Syntax—Classification Model
Model build (PL/SQL)

BEGIN
DBMS DATA MINING.CREATE MODEL (
model name => 'BUY INSUR1',
mining function => dbms data _mining.classification,
data table name => 'CUST INSUR LTV',

case_id coiﬁmn name => 'CUST ID',
target column name => 'BUI_INSURANCE',

settings__ table name => 'CUST_ INSUR LTV _SET');
END;

Real-time scoring (SQL query)

SELECT prediction probability (BUY INSUR1l, 'Yes'

USING 3500 as bank funds, 825 as checking amount, 400 as credit balance, 22 as age,
'Married' as marital _status, 93 as MONEY MONTLY OVERDRAWN, 1 as “house _ownership)

FROM dual;

3 E E’ﬂ % S5QL | All Rows Fetched: 1in 0.043 seconds

i} PREDICTION_PROBABILITY(BUY _INSUR.1,"YES'USING3500ASBANK,_FUNDS,325ASCHEC
1 0.92769567095910801

Copyright © 2019 Oracle and/or its affiliates. E




Oracle Data Miner User Interface
Data

Create analytical workflows — supports “Citizen

SQL Developer Extension

Automates typical data
science steps

Easy to use drag-and-
drop interface

Analytical workflows
quickly defined and shared

Wide range of algorithms
and data transformations

Generate SQL code for
immediate deployment

Copyright © 2019 Oracle and/or its affiliates.
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E‘ . OAA Testdrive Solutions
& -efg Clustering EM
@ -ofy Market Basket Analysis
w-ofg Predicting LTV
5[0 ssmplerop
i -efg Customer Segmentation
a-efg LTV Bin Classification
ol Market Basket Analysis
@-ofj Predicting Sales
- of] Predictive Queries
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Model Details

4

B

PREDICTIONS

Class Build - Properties
o /Z Q Find

Messages - Log
ODMR_ENGINE SEC Compiled (with errors)

ODMR_ENGINE TRANSFORMS SEC Compiled (with errors)
ONMR ENGTNE MTNTNGE SEC Commiled (with errnrs)

Messages ||Logging Page * | Statements * Compiler *

argeting Best Customers
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Test Data
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() Use Spiit Build Data for Testing
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Create Split as:
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Oracle Machine Learning Notebooks o
Autonomous Database as a Data Science Platform

CO”aboratlve Ul = ORACLE" Machine Learning
Based on Apache Zeppelin

€ Back
Supports data scientists, data analysts, Credit Score Predictions R —
apphcat]on deve]opersr DBAS Review Data by Occupation FINISHED [> < B &

%sqgl

Easy sharing of notebooks and templates s shos o siternative presecation style - a pie . tote hat gyl
Permissions, versioning, and execution scheduling

create more more interesting perspectives.

select customer_id, age, income, tenure, loan_type, loan_amount, occupation,
marital status

|nCIUded W]th Autonomous Da‘ta base from credit_scoring_100k_v where rownum < 1008
Automatically provisioned, managed, backed up Tlaloln e B LR i e
In-database SQL algorithms and analytics functions OFrossnal [cienal @Famer Tiwanger @orker NN @amy
Soon to be augmented with Python and R

8 y Workeé‘

‘Cerica
Manager armer
Copyright © 2019 Oracle and/or its affiliates. E
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& Oracle Machine Learning X / & Oracle Machine Learning X \\ \

(CharlicBE

& e ‘@ https://adwc.uscom-west-1.oraclecloud.com/oml/tenants/OCID1.TENANCY.OC1.. AAAAAAAAFCUE47PQMRF4VIGNEEBGBCMMOY5R7XVOYPICJQQGE32... o Y% | QO *

— ORACLE" Machine Learning

€ Back

Credit Score Predictions Simplified ... [c3<@/ 28/«

STEP 9: Enough with Simple Charting; LAt's Run Some OML Machine Learning Algorithms!

Create Attribute Importance Machine Learning Model ¢sqep > 32 59 @
Good Credit Customers

kscript

-- Find the importance of attributes that independently impact the target attribute:
CREDIT_SCORE_BIN

DECLARE
v_sql varchar2(1ee);

BEGIN
BEGIN EXECUTE IMMEDIATE 'DROP TABLE ai_explain_output credit score bin';
EXCEPTION WHEN OTHERS THEN NULL;

END;
BEGIN )
DBMS_PREDICTIVE ANALYTICS.EXPLAIN( Attribute Importance Model
data_table_name => 'CREDIT_SCORING_1@@K V',

explain_column_name => 'CREDIT_SCORE_BIN',
result table name => 'AI EXPLAIN OUTPUT CREDIT SCORE BIN');
END;

End;

22 Charlie Project [Charlie Workspace] ¥ ‘., CHARLIE ¥

® Connected

£  default~

FINISHED [ 23 ] &

Display the Top N Attributes for Good Credit Custom ¢ jsqep > 22 59 @

%sql

-- Display those attributes that most influence the target field (Good Credit
customers)

Select * from ai_explain output CREDIT_SCORE_BIN where rownum < 7;

E i ¢ | |~ & |~ settings~

@Grouped O Stacked @ EXPLANATORY_VALUE

0.64
0.5
0

CUSTOMER_DMG_SEGMENTGHEST_CREDIT_CARD_LIMIT RESIDENTAL_STATUS

Took 1 sec. Last updated by CHARLIE at July 30 2018, 3:42:43 PM. (outdated)




= ORACLE machine Learning

Shared Templates

== Create Notebook | # Edit || X Delete

Anomaly Detection

Author: USERDT7

Date Added: 8/13/19 11:31 PM

*olikes Ao Eo

Credit Score Predictions W...

Author: USEROT

Date Added: 8/14/19 7:31 PM

*olkes S0 Eo

SQL Query Scratchpad

Author: USEROT

Date Added: 8/13/19 11:51 PM

*oLkes Ao Ko

Copyright © 2019 Oracle and/or its affiliates.

Association Rules

Author: USERDT

Date Added: 8/13/19 11:32 PM

* otikes A1 B

Credit Score Predictions W...

10k version

Author: USERDT

Date Added: 8/16/19 8:03 PM

*otikes Ao K

SQL Script Scratchpad

Author: USERDT

Date Added: 8/13/19 11:35 PM

*olikes Ao Ko

Attribute Importance

Author: USERO7

Date Added: 8/14/19 6:00 PM

* 1Lkes A3 Ea

Credit Score Predictions W...

10k version

Author: USERO7

Date Added: 8/16/19 7:55 PM

*otkes Ao E:

SQL Statistical Functions

Author: USERO7

Date Added: 8/13/19 11:36 PM

*olikes Ao Ko

Classification Prediction M...

Author: USEROT7

Date Added: 8/13/19 11:32 PM

*1likes Ao Eo

My First Notebook

Author: USEROT

Date Added: 8/13/19 11:37 PM

*oLkes A2 Es

Targeting Top Customers 1...

100K version

Author: USEROT

Date Added: 8/15/19 9:46 PM

*oltkes Ao Eo

% USERO7 Project [USERO7 Workspa... ¥ o MARK ~

Clustering

Author: USERDT

Date Added: 8/13/19 11:33 PM

*1kes Ao Ko

Regression

Author: USEROT

Date Added: 8/13/19 11:34 PM

*otkes A1 Eo

Time Series Forecasting

Author: USEROT

Date Added: 8/13/19 11:35 PM
Tags: ‘Time Series Forecasting'

*olikes Ao Ko
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. - = y "V 4 Jd & 975 / S
2 = o "‘w‘f POV OIT= " 4 /S KA

<« cC o ® # https://adb.eu-frankfurt-1.oraclecloud.com/oml/tenants 80% vee *Q python IDE -> a1\ MO =
= ORACLE machine Learning £55 DEMO Project [DEMO Workspace] ¥ «y DEMO ~ ~
N
® Connected

Energy Consumption dla Data Scientist > x®ss = - 4 & detaut -

%sql FINISHED ax BB &
/* pokaz model */

SELECT * FROM DM$VPENERGY MODEL_1

B o ¢ M |~ & |~ | settings ~

@ VALUE PREDICTION
12,604.772

60,000

N\
50,000 ~ (
40,000 '\\/
30,000

20,000
12,343.084
2006-12-01 00:00:00  2007-05-01 00:00:00  2007-10-01 00:00:00  2008-03-01 00:00:00  2008-08-01 00:00:00  2009-01-01 00:00:00  2009-06-01 00:00:00  2009-11-01 00:00:00  2010-04-01 00:00:00  2010-09-01 00:00:00 2011-03-01 0C
A
Took 5 sec. Last updated by DEMO at September 16 2018, 12:24:40 AM.
Tworzenie modelu 2 (Holt-Winters z sezonowoscia) READY “2 @
%script FINISHED ax BB @&

/* ustaw model */ v




ORACLE Data Visualization Desktop

@G re

111 Trellis Columns

s== Trellis Rows
-

E3 Values (Slice)

PREDICTION...

[N category

A PREDICTION

@ Color

A FULL_SIMPL...

Y rcitere

Exploratory Graphs of Credit Scores ¥ More Expl Graphs ¥ Key Factors of Good Credit Customers ¥ Profiles of Good Credit Customer

v

PREDICTION_COUNT by PREDICTION, FULL_SIMPLE_RULE

1.07%
2.29% 3.98%
0.75% 2.29%
1.64%

5.41%
0.14%
0.64%
1.48%
1.07% 17.91%
0.86%
14.02% .

1.68%
0.14%
2.13% e 1.75%
2.16% 0.61%
1.16%
1.00%
4.66%
3.20%

.14%
4.05% 014%
0.45%

FULL_SIMPLE_RULE
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(WEALTH in ("Average...
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(WEALTH in ("Average...
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(WEALTH in ("Average...
(WEALTH in ("Average...
(WEALTH in ("Average...
(WEALTH in ("Average...
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Oracle Machine Learning for
R (OML4R)
Python (OML4Py)




Oracle is a founding member of :‘R: -consortium

R Consortium mission

Work with and provide support to key organizations that develop, maintain, distribute and use
R software through the identification, development and implementation of infrastructure
projects

Promotes the growth and development of R as a leading platform for data science and
statistical computing

Supports and collaborates with the , the governing body of the R Project
Funding projects to enhance R and support its users

Fostering the continued growth of R community and the data science ecosystem
Enables the use of R in commercial environments, and fostering collaboration between
companies investing in R

See

Copyright © 2019 Oracle and/or its affiliates.
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Mean 115,52 Mean 11,569 Mean 1792 Mean 123.49 Mean 15.47% = o] i '
3rd Qu.:17.18 3rd Qu. :2.000 3rd Qu. :79.00 ird Qu. :29.00 3rd Qu. :B.000 g
Max, 24,80 mMax, P3.000 0 mMax, (B2, 00 mMax, 46,60 mMax, B 000 gl . a L
1 Kok L1 [ |
DISPLACEMENT WETGHT HORSEPOWER NAME I §
Min. : 68.0 Min. 11613 Min. 1 46,00 ford pinto : B -
15T Qu. :105.0 15T Qu.:2226 15t Qu.: 75.75  amc matador -1 L A a
Median :151.0 Median :2822 Median : 95.00 ford maverick : 5§ I I ilillc‘" o s l HORSEPOWER
Mean :194.8  Mean 129740 Mean :105.08  toyota corolla: 5 ! I I l £
I3rd Qu.:302.0 3rd Qu.:3618 3rd Qu.:130.00 amc gremlin : 4 F S - . -
Max. :455.0 Max. 15140  Max. 1230.00 amc hornet : 4 E E i EHITHE e o F =
NA's 16 (other} 1377 3 b MAME %
» plot (CARSTATS) ] : ' £ . e
warning message: T 74 7B &2 345678 1500 3000 4500 0 100 200 300

ORE object has no unigque key - using random order

-




Oracle Machine Learning for R and Python

Components of Oracle Advanced Analytics option to Oracle Database
Transparency layer
Leverage proxy objects so data remain in database

: : : : : th
Overload native functions translating functionality to SOL PR SQL Interfaces

SQL*Plus o
SQLDevelopel t"o

Client

Use familiar R / Python syntax on database data

Parallel, distributed algorithms
Scalability and performance

Exposes in-database algorithms available from OML4SQL

Embedded execution Database

Manage and invoke R or Python scripts in Oracle Database “ fﬂervﬁ_r
‘ acnine

Data-parallel, task-parallel, and non-parallel execution
Use open source packages to augment functionality Fﬁm Fﬁm Fﬁm

OML4Py AutoML

Model selection, feature selection, hyper-parameter tuning

Copyright © 2019 Oracle and/or its affiliates. E




Proxy objects

Sepal.Length Sepal.Width Petal.Length Petal. Width Species
1 51 35 14 0.2 | setosa
. . 2 4.9 3.0 14 0.2 | setosa
Example using OMLA4R interface I I ) ) B
4 46 3.1 1.5 0.2 setosa
5 5.0 3.6 14 0.2 setosa
R 54 349 17 N4 =etnsa
= str{iris)
‘data.frame’: 150 obs. of 5 variables:
% sepal.Length: num 5.1 4.9 4.7 4.6 5 5.4 4.6 5 4.4 4.9
data frame $ sepal.width : num 3.5 3 3.2 3.1 3.6 3.9 3.4 3.4 2.9 3.1 ...
= % petal.Length: num 1.4 1.4 1.2 1.51.41.7 1.4 1.51.41.5.
% petal.width : num 0.2 0.2 0.2 0.2 0.2 0.4 0.3 0.2 0.2 0.1 ...
$ Species Factor w/ 3 levels "setosa","versicolor",..: 111 1111111...
> str(IRIS) '
! ‘data.frame’: 150 obs. of 5 variables:
Inher’ts from Formal class 'ore.frame' [package "OREbase"] with 12 slots
..® .Data : Tist()
- ..@ datagry : Named chr "( select /*+ no_merge(t) */ ""Sepal.Length%" wvaL00l,%"sepal.wid
th'" waL00Z,""Petal.Length"” vaL003,""Petal.width\" vaLOO4 "5p"| _truncated__
PrOXy — — attrl* "noames™i= che '"2529 1"

data.frame

"{ select /*+ no_merge(t) */ *'"sepal.Length” wALOOLl,%"Sepal.width'"” waL
002,%"Petal.Length” vaL003,""Petal.width"” vaL004,%"Species’” wvaLQ0O05 fro

Copyright © 2019 Oracle and/or its affiliates.

m % RQUSERM".MV'IRISYT T )
..@ sglName : chr
..@ sglvalue : chr "“"sepal.Length'"" "% '"sepal.width"" "% '"Petal.Length'"" " "Petal.width
WL,
..@ sglTable : chr "\ "RQUSER"".'"IRIS"""
..@ sgqlpred : chr ""
.. @ extref o Tist()
@ names : chr
& row.names: int
@ .53Class : chr "data.frame"




Mampulatmg Data — SS%}LL equivalent

Column selection Column selection
df <- ONTIME S[,c("YEAR", "DEST",6 "ARRDELAY") ] create view df as
head (df) select YEAR, DEST, ARRDELAY
head (ONTIME S[,c(1,4,23)]) from ONTIME S;
head (ONTIME S[,-(1:22)]) -- cannot do next two in SQL,
_ e.g., column selection by number & exclusion

dfl <- df[df$DEST=="SFO", ]
df2 <- df[df$DEST=="SFO",c(1,3)]
df3 <- df[df$DEST=="SFO" | df$DEST=="BOS",1:3]

create view dfl as
select * from df where DEST=‘'SFO’ ;

create view df2 as

Benefits of ORE transparency: select YEAR, ARRDELAY from df where DEST='SFO’
In-database execution

Deferred execution create view df3 as

Leverage indexes, partitioning, query optimization, parallelism select YEAR, DEST, ARRDELAY from df

where DEST='SFO’ or DEST=‘BOS’
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ODM Sample Co: X . Using Oracle Dat X Using Oracle Dat X *. Ravello

& G (® 129.213.200.104:8787
File Edit Code View Plots Session Build Debug Profile Tools Help
Q .- = Go to file/function » Addins «
@ OAA Vignette — Accessing Data fro... @  OAA Vignette - Variable Selection.R — |
[ ]Source on Save Q 7o~ % Run | ®% 9 Source -
11 #~- WVdlI'ldUlc ¥iT_I'elnuvdileu LUURDS SUSplLliuus, Ldil We SAapiure f TLx:
122 2
123 summary(HOUSE%yr_renovated) # this is supposed to be a year, so mean not meaningful
124
125 unique(HOUSE$yr renovated) # some entries use B for not renovated, let's fix that
126
127 HOUSE#yr_renovated <- ifelse(HOUSEfyr_renovated!=8, HOUSE$yr_renovated, NA) # replace 8 with NA for
128
129  summary(HOUSE%yr_renovated)  # check summary again
130
131 pairs(HOUSE[samplel®pct,c(3,13:16)]) # plots involving yr renovated now makes more sense
132
133 #-- Define new variable derived from date and explore histogram
134
135 HOUSE%age <- as.numeric(substr(HOUSE¢date,1,4))-HOUSE$yr built # create new variable for house age
136
137 hist(HOUSE¢price, col="red") # default histogram
138  hist(HOUSE$price, breaks=100, col="red") # see finer granularity with breaks argument
139
140  #-- Explore variable yr _built as it relates to price
141 v
142 ¢ >
138:1 E (Untitled) * R Script =
Console ~/0ORE/ =[]

SampleAppv60

X

€) Rstudio x |+

X @ Why do we use

L+ UOALTON LTDSU LTD5%S 1D 13090 LD50
[28] 1964 1965 1967 1968 1969 1976 1971
[39] 1984 1985 1986 1987 1988 1989 1990
[58] 2083 2604 2085 2006 2007 2008 2009
> HOUSES$yr renovated <- ifelse(HOUSE$yr_
ng

> summary (HOUSE$yr renovated) # check
Min. 1st Qu. Median Mean 3rd Qu.
1934 1987 2000 1996 20087

> pairs(HOUSE[samplel@pct,c(3,13:16)])

> HOUSE$age <- as.numeric(substr(HOUSE$d
me of sale

> hist(HOUSE$price, col="red")

>

ATUY LTuE 1LTIUD
1981 1982 1983 ~
2000 2001 2002

AT LT AT ATs 1T 0x ATV AT A0 AT
1972 1973 1974 1975 1976 1977 1978 1979 1980
1991 1992 1993 1994 1995 1996 1997 1998 1999
2010 2011 2812 20613 2814 2015

renovated!=0, HOUSE$yr_renovated, NA) # replace @ with NA for missi

summary again

Max. NA"s

2015 20708
# plots involving yr_renovated now makes more sense
ate,1,4))-HOUSE$yr_built # create new variable for house age at ti

# default histogram

e @ ¥ O tor why to use them? = a1\ O =
oracle | - ©
R| Project: (None) «
Environment History Connections —=
=" = 7* Import Dataset - _\}’ List ~
7} Global Environment ~
Data
() house 21613 obs. of 21 variables
() HOUSE Oracle R frame: ( select /*+ no_merge(t) */ "id" NAMEBS1, "..
() HOUSE1 Oracle R frame: "HOUSEL1"
Values
samplel@pct int [1:2161] 3758 15461 12845 4169 9380 14169 6554 14836 12354..
Files Plots Packages Help Viewer =1
= /® Zoom -Z Export~ © _?’ “s, Publish ~
Histogram of HOUSE$price
>
[&]
S o
= o
D' O
0 {o
-
LL
o
| | | | |
0 2000000 4000000 6000000 8000000
HOUSES$price




e

ODM Sample C

X ’ Using Oracle Dat X

C @

Using Oracle Dat X . Ravello

SampleAppv60

() 129.213.200.104:8787

File Edit Code View Plots Session Build Debug Profile Tools Help
S ./ Or ¢ T~ Go to file/function ~ Addins -
@ OAA Vignette — Accessing Data fro... @  OAA Vignette - Variable Selection.R — |
2 [ ]Source on Save Q PoRdl % Run | ®% 9 Source -

10z R T

170 2

171 #-- Bin the target 'price’

172

173  HOUSE¢priceBin <- cut(HOUSE¢price, breaks=100)

174

175 _d#—_ Compute attribute importance model

17

17 resl <- ore.odmAI(price~., HOUSE[,-23]) Compute as a regression problem

17 head(resl$importance) Note that zipcode ranks high to predict price

17

18 res2 <- ore.odmAl(priceBin~., HOUSE[,-3]) invoke in-database attribute importance algoprtihm to

18 head(res2%importance) Note that zipcode ranks high to predict priceBin

18

183 #-- Plot the importance values for visual assessment

184

185 old.par <- par(mar=c(5,8,4,2.1)) # sets bottom, left, top and right margins, respectively

186 barplot(resl¢importance$importance, names.arg=row.names(resl%¢importance),

187 cex.names=.75,col="red",main=paste("Attribute Importance for HOUSE dataset™),

188 xlab="Importance Value",las=1,horiz=TRUE)

189 par(old.par) v

199 ¢ >

101
216:1  E3 (Untitled) = R Script =
Console ~/ORE/ =[]

bbbt b4 | LULrL LT e E L LT e L AFE PLT LuLr LS L ey
e

N A A I s

xlab(label = " ") +
coord_flip() +

scale _alpha(guide =

"none") +

theme(legend.position="none") +
geom_text(aes(x=aiplot$label,
y=as.numeric(as.character(aiplot$importance)),

label=aiplot$importance,
hjust=-0.2),

position = position_dodge(width=1)) +
theme(plot.title = element_text(size = 14, colour = "blue"),
axis.title=element_text(size = 12, colour = "blue™))+

scale y continuous(limit =

c(-8.1, ©.55))

@ ¢ Q. tor why to use them? =

Pl €) Rstudio

X @ Why do we use = X

_|_

¥

I\ @ =

oracle | -

R| Project: (None) «

Environment History Connections —=
=" = 7* Import Dataset - _?’ List ~
7} Global Environment ~
() aiplot 21 obs. of 2 variables 2
) house 21613 obs. of 21 variables
(3 HOUSE Oracle R frame: ( select /*+ no_merge(t) */ "id" NAME@@1, "..
() HOUSE .split.yr_built List of 116
() HOUSE1 Oracle R frame: "HOUSE1"
() old.par List of 1
©pl List of 9 Y
Files Plots Packages Help Viewer =1
= /® Zoom -Z Export~ © _&' “s, Publish -
HOUSE PRICING ANALYSIS
Variable Importance
zipcogle, - 7 *0.51
saft |'i"1|ri1"gr1%§t5 o) w5 0565
%%Wﬁ%c?n"if o LAl I
e il i
wate onr{: o.;& ?
R -
gz
beclrognz}: - «20.007 . .
0.0 0.2 0.4

Variable importance
Computed from 21613 rows




Automatic Data Preparation
Automatically performs transformations required by each algorithm

Supported transtormations

« Binning: applies a supervised transformation to numeric data to generate categorical bins
» Normalization: normalizes numeric data to fit required range, e.g., 0.1

« Missing value treatment: algorithm-dependent, replaces missing at random numeric values with
the mean and categorical values with the mode, or handles missing at random data natively

 Qutlier treatment: removes values that deviate significantly from most other values in the
column, which can affect normalization and binning

Transformation “instructions” embedded in model for automatic
application during scoring

Can turn off automatic data preparation it user needs more
control over preparation stages




Oracle Data Visualization and ML




14:26 ®

Oracle Synopsis s 14120
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. Smart summaries

- Automatic chart generation 21 @ O %

- Ability to filter, sort, and zoom lendarz  Gmail  YouTube  Mapy
iIn on data e

- Fingerprint lock
- 100% on-device analytics

- Works with 10S and Android
d@V]CES Yanosik - ~Air

. Works with Excel and CSV files
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- Automatic chart generation
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- 100% on-device analytics
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. Works with Excel and CSV files
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— ORACLE' Analytics ?

A Strona startowa

Szukaj wszystkiego
Projekty i raporty

Projekty
HoteliName (3)
P ] Av Restaurant Distance by Restaurant

Hotel to Restaurant Dista. ..
Zbiory danych

-

I_EIJ SampleApp

r[jl

i MtM_Campaign20...

}_xd :g HR-Leave?2

Dane

CUSTOMERID, GC_GEOMETRY_:  CUSTOMERD )

e
ﬁ' B’ 3 | - 40,490,088

L CUSTOMERNAME
CUSTOMERNAME

Aengal Heee

Customer Assets - Hurric...
2

‘I__h Healthcare

i

LD.I SampleApp Payme...

)\ g Financial2

Ostatnie zbiory danych

Ulubione projekty
‘H P =

Vanilla Advanced Analytics
[D} Taxi NYC
:G] Student Analytics

E@ T&E2

Fillae

Machine Learning

4,010 629 145 16.0¢

#of Sessions  #of Lopical Quer  # of Logical Querier

>

UsageTracking_Sample

ED: Retail
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E] T&E2 Predicted

Sample Project SA Based

[D} NFL Stats
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»

e =

Sample Project DB Based

[D:: Spatial Demo
(x| Tae
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—

Sample Project
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s
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Ej RESTAURANTS




%MiEht © 2019 Oracle and/or its affiliates.

&« c ® o0ac910virtualappli-portalvd10c22aemea-rhcnhetb.srv.ravclou

— ORACLE Analytics

< | Bez tytutu

02 Dane

T&E2

A Year
(® Month
® Rok

® Kwartat
(® Kwartat roku
® Miesiac

Mie
® Tydzien
@ Tydzien roku
(® Dzien tygodnia

@ Dzien

/ o W o Vs S N

Prosze wybra¢ dane lub wizualizacje do
wyswietlenia wiasciwosci

© Aby dodac filtr, prosze tutaj klikng¢ albo przeciggna¢ dane

Aby wyswietli¢ szczegoty,
prosze wybrac
wizualizacje

Wyjasnienie: Out-of-Policy Expense ¥

Kanwa 2

v

o

oo @ ¢ | Q Szukaj

Przygotowanie

Prosze tutaj przeciggng¢ wizualizacje lub dane

Wizualizacja

vy IN @ @ =

Narracja

' @




Podsumowanie
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Cross-Platform Machine Learning

Multiple user interfaces and APIs
Deployed in cloud and on-premises
From database to entire data management ecosystem

Reach broader
Data Sources

Select API Cloud or
User Interface, e.g. Options On-premises

OML Notebooks OoOML4SQL

SQL Developer OML4R

Oracle Cloud SQL

o o

Popular R
IDEs

Popular Python
IDEs

OML4Python

Oracle Big Data SQL

REST

OCI Data Science OMLA4Spark

Copyright © 2019 Oracle and/or its affiliates.
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Oracle Database

Oracle Object
Storage

Amazon
S3

Azure Blob
Storage

NoSQL
Databases

Kafka
Streams

Big Data
Service (HDFS)
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