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Agenda

o OAC
eData Scientist
eBecome a Data Scientist



Oracle Analytics Cloud

* Platform Services (PaaS)

* Delivered entirely in the cloud: P
*No infrastructure footprint

*Flexibility

«Simplified, metered licensing

AP VNS Y ey

* Several options to suit your needs: il |
*BYOL |

*Functionality bundled into 2 editions

* Professional

* Enterprise




FUNCtions

OAC supports Every type of analytics
Classic Modern
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Classic Enterprise Bl

* Similar to OBIEE 12c

CIRALC | acayses cod T M v G ANV ACTEETIXN WD P SOROR W

 Centrally maintained & governed R e e e e e s
* Semantic model vt 1m MK T e

* Interactive Dashboards B o .
H . - ‘,tl moEmeam = l
* KPI measurement & monitoring EEERREEEN N
LI | K T 2 p 3 3
* Guided navigation paths —
* Bl Publisher = DIonnonm
* Highly formatted, burst outputs T :Z;:“ -

* Action Framework

* Navigation actions
* Scheduled agents



Modern Data Discovery

L= Untitled - Project

* Data Preparation

* Acquire data
*Clean/Enrich
e [ransform

*Repeatable Flows

* Data Visualisation

*Create visual insights rapidly
Construct narrated storyboards .
*Share findings e




Analytics

Free
Discovery

Centralised

Reporting s

& Wnique™ - Data
" Sougce Of ma | Enrichment
Truth~ &% and
W ,.'" Cleaning
~ Raw Data

TO In3|ghts

e https //speake deck Com/ftsot/become -an-equilibr sta fnd the-r ght balance-in-the-analytics-tech-ecosystem
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Augmented Analytics

Data Enrichment

Suggestions One-Click
Advanced
L anguage
Processing Advanced
| Machine
EXpaain L earning



Data Scientist
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Data Scientist

Is a person who has the knowledge
and skills to conduct sophisticated
and systematic analyses of data.

A data scientist extracts insights
from data sets, and evaluates and

identifies strategic opportunities.



ata Scientist

s a Data Analyst
who lives In
California!




Data Scientist Skills




Data Science Is Multidisciplinary
Business ~ Domain |

Strategy Knowledge

Presentation

Data Mining

\ Inquisitiveness

Brendan Tierney
Oracle Ace Director

https://www.oralytics.com/2012/06/data-science-is-multidisciplinary.html
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Democratise
Data Science



Basic Operations

Based on my Experience

A <LI can Guess....
a

What are the ‘ '

Drivers for My ' ’

n <L8a|es?

Statistically Significant
<L Drivers for Sales Are ...

Augmented
Analytics




Basic Operations
YES/NO
s this Client

, 0/

J 50%
going to accept

the Offer?

n | Basic ML

Model

760/0







Before Starting.... Define the Problem!




Problem Definition:
Predicting Wine Quality



TeP

Task Experience Performanee
Ggfcj/SEiaz . Corpus of Wine Descriptions Accuracy

Wine with Rating
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Create Connectian

Connection Options in OAC
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Select Relevant Columns and Apply Filters
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Become a Data Scientist withiOAC

Connect



a Data Scientist Does

» \
[ ‘ " | ‘ ‘l

What Everybody Thinks What He Really Does




IDG CONTRIBUTOR NETWORK Wwant to Join?

THE COGNITIVE CODER

By Armand Ruiz, Contributor, InfoWorld

Opinions expressed by ICN authors are their own.

The 80/20 data science dilemma

Most data scientists spend only 20 percent of their time on actual data analysis
and 80 percent of their time finding, cleaning, and reorganizing huge amounts
of data, which is an inefficient data strategy

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



Cleaning What" -

N/ A Mark <> MArk “Rome”

Missing Values Wrong Values Irrelevant Observations

Role: CIO 0-200k
Salary:500 K9 0-1

Labelling Columns Handling Outliers Feature Scaling

. Train: 80%
Ot Clicks Test: 20%

Aggregation Train/Test Set Split

Col1l -> Name




Cleaning How"?
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Filter
Add Data Join Merge Rows Filter Aggregate  Save Data Create

- Aggregate ‘, S

Nz s = 3] FE <

' Add Columns  Select Rename Merge Bin Branch
- Ol n Columns Columns Columns

v 7o 0\
I / \J: .'. ((lf"'\ )
N/
Cumulative Time Series Analyze
Value Forecast Sentiment

.:‘.'. 02?o..o vo E:' ' &; ‘yb

Train Nume... Train Multi- Train Binary Train Train Custo... Apply Model
Prediction Classifier Classifier Clustering Model



Cleaning What?

Automated
COLUMN
G RENAME & FILTER? Automated

Labelling Columns Handling Outliers

Automated

COUNT

Aggregation




Why Removing an Outlier?

Salary by Years Experience
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How To Find Outliers? One Dimension

Basic lacls atzoul poinlts

@

noints is a Numersic Measure, whose sum across 130,696 rows is
11,477,024.00. The valuas of pmm cn each ow range from 0.00 to 100.00
a"ldIS Bz .00 on averaga o D

Min- A4 N4 - A0 an-<0 N-9? 92 - N

(24}

L

L

unl

~
L
w

ra

-

o

pan: (Grouped)

204

B

m Il|||
.

8 10 25 & 8l &2 83 é1 85 86 87 83 &2 20 9 92 23 ™ @3 96 @7 28 9¢ 100




How To Find Outliers? Two Dimensions

LesFrarngee = 0 1

2004
ALE RS

I - REY

Undo (Ctrl+2)

‘ 0 ® ' < ¢ Add Clusters
0

22C rac s ¢ s
otFsovoge Add Outllefs

Add Reference Line

Add Trend Line
Use as Filter

Duplicate Visual

LK
. Copy Visual
jJ— Copy Data to Clipboard
80K Delete Visual
“a X 4 a Canvas Layout 13
‘ o
. o ORI " o, | |
D EN «ac 15D o = 00

Othcmace

Outlicrs Il Man Qudiz- Bl Outlier
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-eature Engineering

Additional

Data Sources”
Data Flow




Data Preparation Recommendations

Preparation Script Enrichme... e M Formattad data v o) B Craate Project A country (16€) =
- ’\,) AUU Wiremag=dasa_lir... A Id A country A couniry_country_name A country_iso3 A cescripti§ (775 Enrich country with isn2
Uploaded ‘rom winem... V
1020 Germany Germany DEU Pretly floral
Errchment Irsert ¢¥F Enrich country with iso_numeric
Enrich count 4971 Franca France FRA The chak st v
N Austria Avustria AUT iy leaf and § & Enrich country with fips
Errchme 1hsert N
Enrich country W 40£8 us Unitec S:ates USA You'll taste t
<77y  Enrich country with capital
3641 us Unitec Siates USA Intense arcnf
Resuits
: 3882 us Unitec S:ates USA From young § &y Enrich country with square_km
Apply Script A\
6 Spain Spain ESP Slightly gritt
&7y Enrich country with population
A country 1018 Franca France FRA Acrywine vl W/
d’ 1z2 usS Unitec S:atas USA Winemakers oo Enrich country with continent
9 Us United Siates USA The produce
country &7y Enrich country with tid
2368 us Unitea S:ates USA This dersealyf \\/
Atribute 1 US Unitec S’.ate; USA Frem 18—ye= A Enrich country with cumrency abbr
Data Type SO 4558 Portugal Porwugal PRT This is a pov
- ) 277, Enrich country with currency_nam¢
3814 Greece Grezce GRC Grapefruit, W \\/
Aggregation None

Ce
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Flhar

Cambine Tanshrm

Mrazire

Add a buffer of a spacified
distance

S00_GEON SO0 BLTMER

NYQI o es

Creatas the smallest circle that

— . encloses a shape

1
1§ S0O_JBON 00 _MSC

NYn s eree es

Spatial Enrichment

o
O

Spatial Analysis Operations

Search

Create polrt in the middle of 2 Create the area delined by the
enape ‘rubbar band® envelops of 8 shape
300 _GECN 3S0O_TEATRID $OC_GEONIDO COMEDW.L

NI " Ye NOY MM

Creats the smalles! box 1hat

eNcioses a shage k

] - @® TEST_CUSTOMERS ™
300 _GEOW 300 VN |
[T — ® TCST_SHOPS (_/ V.

[ TEST_SHOPSRILIEFER "

o
e oW
TEST_CUSTOMERS WIT... o e o

@ tQ

Oracle Spatial Studio

https://www.rittmanmead.com/blog/2019/07/oracle-spatial-studio/

@ OpenMagTilas © OpenStreetMap contributors
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Data Overview

Results i= Metadzta v
Data Element Data Type Treat As Aggregation Samgle Valuse

Id varchar(80) A Attribute nong 14/0; 81/7; 1028; 632; 3€8Y; 4148, 25/6; 963, 49/¢; 28"

country varchar(137) A Attribute nongs US; France; tay; Spain; Portugal; Germany; Argzntina; Chile; Austra; Greece
country_contirert varchar(4000) A Attribute nona NA; EU

country_fips varchar(4000) A Attribute nong US; IT, FR

country_iso3 varchar(4000) A Attribute nongs USA; FRA ITA

country_iso_numeric numoer T Measure sum 840; 380; 250

country_iso2 varchar(4000) A Attribute nongs US, IT, FR

description varchar(1247) A Attribute nonz This elegant wine combines subtle nutmeg and cardamom aromas with crisp app...
designation varchar(122) A Attribute nona Reserve; Fstate; Reseva; Riserva; Fstate Botlled; Vieilles Vignes; Crianza; Classic. ..
points numoer “ Measure sum 90; 89; 88 87; 91, 86; 9z; 93, 85; 94

price varchar(15) A Attribute nong 25; 20, 40: 13; 30; 30; 2€&; 35, 50; 15

provinca varchar(53) A Attribute non2 Califarnia; Oraegon; Bardeaux; Tuscany; Piedmort; Washington: Northern Spzin; M.
region_1 varchar(75) A Attribute nongs Willamette Valley; Napa Valey; Barolo; Brurello di Montalcino; Russian River Valle...
region_2 varchar(35) A Attribute nong Central Coast; Sonoma; Willametts Valey; Napa Columbia Valey; Mendocino/La...
variety varchar(53) A Attribute nong Pinot Noir; Chardonnay: Borceaux-style Red Blend; Cabernet Sauvgnon; Red Ble...
winery varchar(84) A Attribute nong Tarara; Heron Hill; Byron: Bergsiryom; Herdad= do Rocim; Rusack; Sarah's Viney...
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Explain - Key Drivers

Key Drivers of Good or Bad Wine

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

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

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

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

{Row Count} {Row Count}

Good or Bad Wine: Good . Other M Good Good or Bad Wine: Good . Other M Good
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What Problem are we Trying to Solve?

Supervised

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

Regression

Classification

Unsupervised

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

Clustering




o0

... Scattel'

111 Trellis Columns
s= Trellis Rows

E:3 Values (Y-Axis)

¥+ Crossing

E3 Values (X-Axis)

1% Stamina

I Category (Points)

A ID

A Name

Fasy Models

Stamina, Crossing by ID, Name, Clusters

Crossing

100

40 |

20 |

9 .
)
)

20

Clusters

40

B Cluster 1

B Cluster 2

60 80

Stamina

Cluster3 M Cluster4 M Cluster5

100

Clusters

120

K-Means




Language
Narrative

[T ] -
— Attributes

A Name

E3 values
i Stamna

¥ Crossing

Y Filters

Stamina, Crossing by Name

The data compares the S:amina with the Crossing for a total of 997 Names.

Focus on Stamina

¢ When taken together, the 997 Names reach a total value of 66,234, an average of 6€.43. The most frequent value is 68 and
appears 35 times.

e The data was able to be divided into 4 distinct categories.

o A. Conzalez is ths biggest, with a Stamina of 313.

o A. Baand A. Correa are the next two in terms of Stamina, with 289 on average (0.78% of the total Stamina, about 0.39%
2ach).

o A, Al Khaibari, A. Majrashi and A. Castro are the next three in terms of Stamina, with 206.67 cn average (0.€4% of the
total Stamina, about 0.31% sach).

e A. Mosquera, A. Diallo, A. Davies and 988 others finish the list. wth 65.37 on average. This last group makes up the
majority of Names (97 .81% of the tofal Stzmina, about 0.1% each).

Focus on Crossing

* When taken together, the 997 Names amourt to a tolal value of 51,410, 51.57 on average. The mcst frequent value is 65 and
appears 37 times.

e The data was able to be divided into 4 distinct categories.

A. Gonzalez is tha largest, with a Crossing of 263.

A. Castro is the second b ggest, with a Crossing of 202.

A. Corea’s numbers were not as hign, but it s the third most mportant, with a Crossing of 172.

I'he remaining Names, A. Bg, A. Gomez, A. Majrashi and 9€1 othars, finish the list, with 51.08 on average. Combined, this
ast group contains the majcrity of Namas (98.76% of the total Crossing, approximately 0.7% e&ch).

© © 0o o

The comparison of two unordered maasures is not yet available. Unordered means that the data is not in chronological order. The

application will generate a separate anzlysis for each measure. Stay tuned, future releases wil add functionalities for unordered
dimensions.




DataFlow Train Model

o O_0n
o e ‘*‘
s 04;0 vo J:.c' ‘?b
Train Nume,,, Train Multi- Train Binary Train Train Custo,,,
Prediction Classifier Classifier Clustering Model

Linear Reg-ession for madel training
Flastic Net Linear Regressian for modal tra ning
Random Forest tor Numeric model training

CART for Numeric Prediction fraining

Selecl Train Numeric Prediction Model Script

Q




Which Model - Parameters?

Train Numeric Prediction

Select Train Numeric Prediction Model Script

Model Training Script

* Target
Regression Method

Linear Regression for model training Regularization Weight

Elastic Net Linear Regression for model training
Categorical Column Imputation

Random Forest for Numeric model training

CART for Numeric Prediction training

Numerical Column Imputation

Categorical Encoding Method

Maximum Null Value Percent

Train Partition Percent

Linear Regression for model training

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

Lasso v

Method for linear regression training.

1 v A

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

Most Frequent v

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

Mean v

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

Indexer v

Encoding method.

80 v A

Maximum Null Value Percent

80 v A



Select, Try, Save, Change, Try, Save .....
[ (i, Y (o |

Train Numeric Prediction

Vassl Taining Seript Fl2stie Nat | nes- Ragmasion far mode training

* Target poinie
1081, I Larg2t Al 10 lefmypadict

Select Train Numeric Prediction Model

L1 Fato 05 v
o tio

2 Fatio 0.8 v QA I= ii
2 R\hin

Catzgoncal Celumn mputation - Most Fraguent

The mode mechoz for cateporkzal lemures o Ik { e s . -y
Two cotiors: most frequent anc luast fraguan:. De ."-: :'. . :'..' ::,.'
¢ . : - Data Sets Connections Data Flows Sequences
I nzar Regression Flastic MNet |inear Randrm Frooest for CART for Numerin
for madel raning Regrzssion for Numeric modzd =redizticn raining
model training treining

Type Name

))) ELN1
))) LR2
))) LRi1

Scripts  Models

‘ype Name

0 cun
0 R
0D Lri



Actual Values

O
(=)

—
o

Total

Real Value

Compare - Classification

Predicted Values

0.0 1.0 Total
B o
S s ccoriow

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

Predicted Value

Good Bad
Good o ’\
Bad %\ .




There is No Single Truth...

Predicted Value

1.0 Total

2 0.0 502 40910 (90%) B 6 4 09 0 /
,23 1.0 896 4627 (10%) 502/ (502+896) - = o
) Total 44139 (97%) 1398 (3%) J 45537 (100%)

Precision

Predicted Values

471/471+866)=64.7T% | TG o

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



Compare - Regression

B
Numernc Pradictior Mode

Gerergl Count by Rasidual Value NuTnber of bins 25 B
. 15K . .
Quality . NMesan Absolule Frior (IM&=) 260
E Median AbschraFror 224
Rzlated 12K
C’%:n:l Nean Squarcd Errar 3 92 )
UK Relative Absclute Errcr (RAZ]  1.00
5
a3 Rzhative Squared Errcr (RS5Z]) 1.00

5K

hNamaee Prodichion Modol

0 Genera Ccunt by Residual Value Numnkerof binz | 26
5 -1 -3 -2 4 12 7 -
. UK
Rzeki.a Val.e Quality Wean absolate Errae (VALI 253
Madian Absdale Encr 2,32
Related
( Rool Mean Scuared Encr 218 )
Felnstor Ahsclite Freor (RAFD 039
E
& Fedtive Squared Crror (FSE0 0.899
Coeticia: of Delermination (R 435

1 2 3

Residua Val e

n



Become a Data Scientist withiC

Connect



Use On the Fly

Create Scenario - Select Model

Type Name

Edit Scenario - Map Your Data

0 BinaryCart2
0 BinaryCarl1 Select which Data Set you want to use with the Model
o BnarylLogstct Nata Sot  FootballEvents v
0 |
For 2ach medel input listed on the left, select a corrasponding data elemant from your
@ LR2 project
|F o st onn . ': sl pak o gud “uldon
e LR1 Model Input Map To = .
bodyparl « bocypean EZ =iy P
O wm
|location  location k e
LY Comgon (v een
playar * player gt
. v
situalion ~ situation R
is coal is_goal it ,
* Reguired Fields = v
T remn

A aren

B B



Apply Model

Step of a Data Flow

Select Model

Type

Q000006

Name
BinaryCart?
BinaryCart1
Binaryl ozistic1
ELN?

L[R2

LR1

Cutputs
i5_goal
is_goal
is_goal
points
poirts

points

Medified

54 minules ago
51 minutes ago
12:25 PM
11:56 AM
11:36 AM

10:31 AM

2
il

Madal SinarvCanz
4 Qutpuis

Create Quipat

v Procicted Vales

v PracictizrContidence'acaniane

v ProcictiorGroun

4 Inputs

Noaal Input
gilustion situaton
body cart bodypart

plz’ng- piayer

Celumn Name

PredictecMalue

PredctonConrtidancelarcantage

Predict onGroup



Congratulations!

I

...YOU are now a Data Scientist!



. 5






-

eanin k&
| J Engine

fibd L8
o

| Creation & @ Feature
Evaluation Selection

80% > 50%
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Oracle Advanced Analytics
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A DATA AND ANALYTICS COMPANY

rittmanmead .‘p}

Insights Lab

https://www.rittmanmead.com/insight-lab/




_Data Science
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