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Difference between machine learning
and Al:

If it is written in Python, it's probably
machine learning.

If it is written in PowerPoint, it's
probably Al.

—Mat Velloso

i Mat Velloso

| think this joke is over fitting.
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Data Warehouse Data Discovery
modernization and Visualization
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N Intelligence =@

ata governance
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Define Business Goals

Specify aobjectives.

Determine ML goals.
Define success criteria.
Produce project plan.
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Deploy

=  Plan enterprise deployment.

+ Integrate models for business
nee

«  Monitor and maintain models.

- Report on model effectiveness

=S

Evaluate

Review business objectives.
Assess results against success
criteria.

Determine next steps.

Understand Data

Access and collect data.
Explore data.
Assess data guality.

Prepare Data

- Clean, join and select data.
» Transform data.
- Engineer new features.

Develop Models

Explore different algorithms.
Build, tune and evaluate
models
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Classification

»

Regression

SQL

Attribute
Importance

g e & e o ¢———— Predict likely

<«—— Predict numeric

Machine Learning lecnniques

categories

What do
you want
to do?

values

—_ . .
<— Determine important —

attributes

IS}
Discover groups ——>» @ ’

o
Clustering

Anomaly
Detection

4

Derive new ——>»
features
Feature
Extraction

Identify frequently
occurring patterns
and rules
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Association

Identify the most

influential rows

Row Importance

Forecast
sequential data

Time Series




IREISE

>

SHE

ik

ASSOCIATIO
N

IR TERINLAT 2], IRV SRR AR A AR SR £ B A Rl REE. CORIBOIEIDD

AR A - Apriorifik .

ATTRIBUTE_I
MPORTANCE

TR 22T, VRO R VEAE I 25 E 45 2R mh AR e 22

T /N IR K LV A CUR S B )i

CLASSIFICAT
ION

PPENLAS 2>, F D S B R I R 732K

FhER DU, A2, SRS, R, BENLARAR, SCRFmENL, BaiE X #rsiXGBoost, R
WE AR DU

FEEAIN T FRIRSVMEL LA 2 JrIR A THEOR- MUY B LA AL 35 5E 7 SR HL 3824 2

CLUSTERING

IR TERINLA 23], R BRI B R 4.

TR AT LU Hk -Means, O-ClusterzExpectation Maximization, ZkiA{E Nk -Means,

FEATURE_EX
TRACTION

FRVERINLES 2], G — AR R .

FEFIEFEE, FARE AR (BT DT R ) B 2G5 oo BRAME DN AR 7O FE 0 i«

REGRESSION

TEAENL, GLM[EIHEXGBoost, ERIAE I HIEHL.

TIME_SERIES

TVENL A>T, FO000 48 R AR 8] 2 11 P 2 IS T80 5y H1R 21 £ 1 S 8 (8 K00 Fe 31 K R RAE

TPENLAS 2>, A P SR R T 2 7 B E hr A
I 1A Fr I

FUREAE R BCP IR (ETS) o« BRIMENIRECEIE .




SEIRE

@ E
BkEYS Tl S MSET

€. miEsl, EE. NESSINECNEC: St
EHEES R, TS




RFM{EEY

ERREES

wIE—1XIH %% (Recency)
YH P AR (Frequency)
VH 441 (Monetary)



=ZRPEmRHRE

Acquisition Acqmsmon RHX%F
How do users find us?
Activation: & &EIX ¥

Do users have a great = Activation

2

Retention

first expenence?

Retention: 1E&RBEF
® Do users come back?

Revenue: 18HNUWA

How do you make

®
money?

Referral: {18 TF

® Do users tell others?
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e @Generalized Linear ° DecisionTree s sl
BiEA-SERR

Support Vector Machine

e * Explicit Semantic
Mode Analysis A TEFRTRBA IS
e Neural Network * Generalized Linear TH4E, BE
- Support Vector N5 Sl
PP ; * Mset EZ—E LR
Machine * Naive Bayes
« XGBoost ¢ Random Forest

i B s

« Exponential * Apriori
Smoothing » Expectation
o HiSel Maximization
« k-Means

O-Cluster
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https://docs.oracle.com/en/database/oracle/machine-learning/oml4sql/21/dmcon/xgboost.html#GUID-EC483612-5A6F-4B25-867F-562B0AFCD265
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https://docs.oracle.com/en/database/oracle/machine-learning/oml4sql/21/dmcon/mset-sprt.html#GUID-5555076B-7782-41F5-A994-4C74206DD4C8
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ALGO_MNAME value Aldgorithm Default? mMachine Learning Model
Function

ALCO_ AT MDL Minimmurm Description Length e Attribute iMmportance

ALGO APRIORIT ASSOCIATION RU Apriori — Association

LES

ALGDO CUR DECOMPOSITION CUR Matrix Decomposition —_— Attribute iImMmportance

ALGDO DECISION TREE Decision Tres —_— Classification

ALGO EXPECTATION MAXTMIZATI Expectation Maximization —_— Clustering

o™

ALGO EXPLICIT SEMAMNTIC AMAIL Explicit Semantic Analysis —_— Feature extraction and

S classification

ALGDO EXPOMNENTIAL SMOOTHIMNG Exponential Smoothing —_— Time series

ALGDO EXTENSIBLE LAMNG Language used for an extensible — All machine learning
algorithm functions are supported

ALGO GENERALIZED LINEAR MOD Generalized Limear Model —_— Classification and

EL regression

ALGD FMEANS k-Means wes Clustering

ATLGO MSET SPRT Multivariate State Estimation — Anomaly detection
Technique - Sequential Probalbility (classification with Nno target)
Ratico Test

ALCO MNAIVE_ BAYES MNaive Bayes wes Classification

ALGO NEURAL NETWORE MNeural MNetwork — Classification

ALGO NONNEGATIVE MATRIX FAC MNon-MNegative Matrix Factorization Wes Feature extraction

TOR

ATLGO O CLUSTER O-Cluster —_— Clustering

ALGO RAMNDOM FOREST Random Forest —_— Classification

AT.GO SINGULAR WVALUE DECOMP Singular Value Decomposition (can —_— Feature extraction
also be used for Principal
Component Analysis)

ALGO SUPPORT VECTOR MACHINE Support Wector Machine wes Default regression algorithim;

E=1

ATGO  XKGBOOST

HGBoost

regression, classification,
and anomaly detection
(classification with Nno target)

Classification and
r ression



Ehnth

¢




OMLIEIEFNFINIEDTR-2 2

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 column name => 'CUST ID',

target column name => 'BUY 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 5 [l Gk sou | AlRows Fetched: 1in 0.043 seconds

PREDICTION_PROBABILITY(BUY _IMSUR1,"YES'USING3500ASBAMK_FUMNDS,825A5CHEC
1 0.927695670595910801




Time series forecasting models

: Advanced Exponential

L

Dynamic
Linear

L

NNETAR,
BAGGED
MODEL

L

BATS,
BOX-COX,
TBATS

L

ETS, Holt-
winters

L
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AR, MA,
ARMA,
SARIMA

29
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20
100
80
® Using different models for different time horizons
50 ® Combining multiple forecasts (e.g. considering
the average prediction)
® Bootstrap Aggregating
40
20
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Testing Accuracy = 1- |[sum(Forecast)/sum(Sale) -1|
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Demo

Choose CSV File Separator uote
Header P Q

® Comm None
Browse..  acer.csv  Comma g

Upload complete Semicolon ® Double Quote

i Upload/L{&

Tab Single Quote
@ Forecast/TiAl  (dashboard
KU Oct, 16, 2016: SELLOUT: 84 mean: 85.31
1000 low: -283.57 high: 454.18

Jan2017 Apr 2017 Jul 2017 Oct 2017 Jan2018 Apr2018 Jul 2018 Oct 2018
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I Capabiliti I Mobile / I
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MSETSERI B

— Calibrate
Training Model
Data

A 4
N Online
MAE L Model
AL MR Y Training
Monitoring
Acquire Parameter
Data Estimation
SIS A I 9 £ 3
I T SO
Fault
Detection
MSET =2t
i -
Alarm or Yes
Control |«

Action
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Thanks!

Do you have any question?




