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Who Am |, and What Am | Doing Here?

Traveler & public speaker

A

OoORrRACLE

ACE Director

ORACLE

Certified Professional

Summers:

UJ_N onsin.

Qldest dude in
martial arts class

» E-mail me at jim@jimthewhyguy.com
» Follow me on Twitter (@JimTheWhyGuy)
» Connect with me on LinkedIn (Jim Czuprynski)
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What Does a Modern Oracle DBA Spend Her Time On?

Tuning queries for optimal
g performance and efficiency

Protecting database
‘ health, recoverability

and security

Building
data models, thus
ensuring data is

Y




Not Everyone Can Be A Data Scientist. Thank Goodness.

Data scientists report that they
typically spend as much as of
their time cleansing data ...

... and that’s when they’re not
searching for relevant data, in
numerous places, in different formats ...

... while ensuring their .
selected data is LN rather

to £Y @ Trainingmodels  interpreting
ap 1 . results  useful insights




Data Science Is Just Like Application Development. (Not!)

AGILE DEVELOPMENT CONTINUOUS INTEGRATION

Commit Build + Unit Test + Code Quality

DevOps: ClI/CD Process Flow
* Focus: Capturing, retaining, and reporting on data
* Errors are relatively, if not immediately, apparent

* Worst case: Roll back to a prior version of the
application and its objects within the database™

* Assumingyou’ve planned for that eventuality!

Data Science: Data > Useful Model(s)
* Focus: Accurate (and thus useful) models

* Machine Learning / Al involves extremely complex
mathematics that devour computing cycles

* Worst case: A perfect model is now utterly inaccurate!

* Underfit: Poor initial training data results in bad model
precisely when it’s most needed

* Overfit: Good initial trainingdata yields a good model initially
... and then new, never-before-seen datascrews up everything

INYOUS
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Who Said Al/ML Was Easy?

Why Al Projects Fail* Legend From a recent

l s«iis seminar with

=Tmls Intel’s Al/ML team

Production is the main barrier
towards delivering business value

Difficulty deploying Jnto business processes/applications

Managemen resistance|internal politics

Lackof Devopsar mansgerf ] It turns out that most

Unable tuadequateldata and analytics inputs/outputs Of t h e ti m e’ te C h n o | Ogy
Poor planning/unrdasonable expectations 22% i s n ’t t h e Ca u Se Of

ama ]l  20% project failure; rather,
Unable to adequately address (or rnitigatend intgrity issues "PI’DdLICtiZiI"Ig ML is one of the t h e h u m a n d i m e n Si O n

biggest challenges in Al

Operl-snun:epiluttechnulogiesarenu m practicegtgday_ Man\'.rAl iS Often the root Cause

projects, more than 80%
Unable to demonstrate busines:| ROl 13% according toresearch get
’

) ) stuck in the lab, produce
Selected M Hidn't scale to product requirements -
partlal SuUCcCcess, or consumes

Other 79 far more resources and time
a -
than initially planned.”

. Governance
. Productization

* Source: Gartner

blog post



https://gestaltit.com/tech-talks/intel/intel-2021/jimthewhyguy/ai-projects-fail-all-too-often-successful-ones-share-a-common-secret/

The Scourge of Bad Data (1)
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The reason for same dates? Values entered And the duplicate phone numbers? They
turned out to match a City of Racine office

telephone number that had been entered by

for birth date (1/1/00) and registration date
(1/1/18) from some municipalities’ voting
records during conversion to a centralized
voter registration systemin 2002

default because Racine’s voting registration
system required a non-NULL value




The Scourge of Bad Data (2)

An IT professional wanted to SECURITY 88 13 2813 BB:51 PM
mess with California’s

Automatic License Plate | How a'NULL' License Plate Landed
Reader system ... so he One Hacker in Ticket Hell

registered his vanity plate as

the word NULL Security researcher Joseph Tartaro thought NULL would make a
fun license plate. He's never been more wrong.

The next year, he got a 525 ticket
when he tried to renew his

registration ... because NULL was After he paid the ticket, the 3™ party e
holonperiacceptable administrator of the ticket fines collection $12,000 in fines later, he

system apparently connected his personal realized the joke was on him
detailsto




The Scourge of Bad Data (3)

CREATE TABLE t_patients (

(M)ale and (F)emale

pa_id NUMBER NOT NULL : :
,pa_first_name VARCHAR2(40) NOT NULL are obvious choices ...
,pa_last_name VARCHAR2(40) NOT NULL

,pa_middle_initial CHAR(0D) NOT NULL

y pa_sex CHAR(Ol) NOT NULL
)

What should be the CHECK ... but how do we classify tr’a ns-sexual
people, or those who don’t want to

reveal their sex at all?

constraintfor this column?

Note: We haven’teven talked about the concept of gender yet.




So What Does a DE Do, Exactly?

Photo Credit: Giulano Liguori @ Linkedin

st )

Guess what? If you’reA a
DBA or Developer, you're | ~ Distributed;

already doing most of the | com ?§?|
work of a Data Engineer! &8 &

business guestions 1 perform their work

\Tableau /N

QN leader,

lifferences
x_a

g decisions

Skills - Math, Programming, Skills - Programming, Skills - Communication,
Statistics BigData & Cloud Busi owledge
R v Ce— “ — | ‘

Notice what’s at dead center of
these skillsets? That’s right. The
sharpest tool you already know.



https://www.linkedin.com/in/ingliguori/

W hat Current DE Skills Do | Need?

Understand statistics -

& probability " 2 ~‘\ extracts & processes data

: {

Remember all that high school
math you asked your teacher if
you'd ever really use in real life?

Yeah. It's this stuff.

Yep, this means learning at least

one other new language: Python

clean &

key metrics
transform data

model success = FmEs

Note: These are only my impressions of what skills are typically needed across a wide spectrum.
So what skills do your Data Science team really need? Ask them.

INYOUS



How Do You Get To Carnegie Hall? Practice, Practice, Practice.

If you're still a “core” DBA, don’t fret! You can start practicing
all the skills you’ll need to become a Data Engineer

It’s easy to leverage the extremely powerful
Machine Learning (ML) algorithms and Analytic
functions already within the Oracle database ...

... because sometimes the only way
to acquire the skills for a new career
vector is to learn > do >

Check out the newest and latest features of Autonomous Database, including
AutoML, OML4Py, OMLASQL, Property Graph support, and Graph Studio Ul

INYOUS



https://www.oracle.com/news/announcement/oracle-adds-innovations-to-cloud-data-warehouse-031721.html

Configuring Your OML Environment (1)

Q Request new ML User creation

a Specify username, password, and details
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Anomaly Detection

This notebook shows how to detect...

Author:

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

Tags: ‘Anomaly Detection' ‘Machine...

* 6likes 1222 B g0

My First Notebook

Oracle Machine Learning example ...

Author:

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

* 4likes 1063 B 31

Leveraging DBMS_DATA_MINING (1)

Association Rules

Notebook to show the use of Asso...

Author:

Date Added: 2/13/18 11:16 PM
Tags: 'SQL' "Associations' ‘Rules’ "M...

* 2likes oo B 120

Regression

This notebook shows how to predic...

Author:

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

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

* 1Llikes o093 K35

A | [ ]

Attribute Importance

Notebook to identify key attributes...

Author:

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

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

* 2likes ez B2

Statistical Function

Oracle Machine Learning example ...

Author:

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

* 2likes N a01 B o1

... and choose from a number of available
data mining examples and templates

Classification Prediction M...

Example notebook to predict custo...

Author:

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

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

* slikes A 1245 K105

Time Series Forecasting

Oracle Machine Learning supports ...

Author:

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

* olikes A 153 K

(93]

Clustering

This notebook shows how to identi...

Author:

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

* 3Likes 706 B a0




AutoML: Let the Database Decide!

New Innovations in Oracle Autonomous Data Warehouse

The latest release includes many new innovations, not only a broad set of capabilities that make it easier for analysts, citizen data
scientists, and line-of-business developers to take advantage of the industry’s first and only self-driving cloud data warehouse, but
also features that deliver deeper analytics and tighter data lake integration. Key capabilities include:

This makes it easier for

‘oeas . . * Built-in Data Tools: Business analysts now have a -
citizen data scientists

simple, self-service environment for loading data

lv th wer of and making it available to their extended team for 0 o reeD
to apply the power o _ — |
. collaboration. They can load and transform data
ML & Analytlcs from their laptop or the cloud by simply dragging Whemste o et
and dropping. They can then automatically generate 2 oo sernnac
business models; quickly discover anomalies,
... the new AutoML outliers and hidden patterns in their data; and =3
. . understand data dependencies and the impact of Esplons i Connat
interface makes selection changes, .

of the propera Igorlth ms * Oracle Machine Learning AutoML Ul: By

d snap ... automating time-intensive steps in the creation of
machine learning models, the AutoML Ul provides a
no-code user interface for automated machine

... and many more new

learning to increase data scientist productivity, Oracle Data Load
featu res, including improve model quality and enable even non-experts
Graph Studio to leverage machine learning.

Check out the summary of all the latest AutoML enhancements!

INYOUS


https://www.oracle.com/news/announcement/oracle-adds-innovations-to-cloud-data-warehouse-031721.html

Building a Data Source for AutoML to Devour

CREATE TABLE t_ smartmeter business profiles AS
SELECT
sm_id
,CD.cd minority owned
,CD ~A Fami Ter ~AarmAaradd Ana
,CD -

,CD .t _customer_ demographics CD
,CF (SELECT

,CF sm_id
,SM ,ROUND (AVG (smr_kwh used) ,2) AS avg kwh used
,SM ,ROUND (AVG (smr_solar kwh) ,2) AS avg_solar kwh
,ROUND (AVG (smr_solar kwh) / AVG(smr_kwh used) ,2) AS pct solar
,CASE
WHEN ROUND (AVG (smr_solar kwh) / AVG(smr kwh used) ,2) >= 0.15
We're drawing on THEN 1 ELSE 0
data summarized END AS solar_ superuser
FROM
frOm a Hybrld t_smart;neters
Partitioned table rt_meter_readings ... as well as customer

WHERE smr_id = sm_id
GROUP BY sm_id

demographics and

statistics ... ORDER BY sm_id) SM solar energy usage data
WHERE SM.sm id = CF.cf id
AND SM.sm id = CD.cd id

containing financial

ORDER BY sm_id 9

INYOUS



Regression Experiments with AutoML (1)

= ORACLE machine Leaming = AIML_Experiments [Jim Workspac.. ¥ & AIMLNOOB ¥

Create Experiment bset~ | | dswe | | Concel

Name *
Solar SuperUser Regression
Comments

Regression experiments against Solar Super-User data sources

Data Source * Predict *
SIMIOT.T_SMARTMETER_BUSINESS_PROFILES SOLAR_SUPERUSER
. Prediction Type * Case ID
First, select an Regression SMLID
appropriate data
pprop » Additional Settings
source

4 Features

(% Refresh Search.
Name Type Percent NULLs Distinct Values i Std Dew

AVG_SOLAR_KWH MNUMBER 5 7. 5. 0.4

AutoML automatically
builds a list of
potential features and T o
their key metrics S - .

CD_FAMILY_GENERATIONS MUMBER 42 1.04

CD_LOCALE OWMNERSHIP CHAR

PCT_PROFIT_MARGIN MNUMBER 01 0.5 0.3

PCT_SOLAR NUMBER 0.1 0.23 015

Sh_ID MNUMBER 1969787 2766834 2654095.22

SOLAR_SUPERUSER MNUMBER 1] 1 0.61




Regression Experiments with AutoML (2)

e Review settings

for prediction

type, run time,
model metric, and
ML algorithms to

apply

= ORACLE machine Learning

Create Experiment

Mame *

Solar SuperUser Regression

Cormments

Regression experiments against Solar Super-User data sources
Data Source *

Prediction Type *

Regression =

4 Additional Settings

(3 Reset
Maximum Top Models *

5 Pt

Maximum Run Duration (Hours) *

3 v A

Database Service Level *

Low v
Model Metric *

R2 -

Algorithms

v MName

L Generalized Linear Mode

' Generalized Linear Model (Ridge Regression}
~ Meural Metwork

v Support Vector Machine {Gaussian)

' Support Vector Machine {Linear)

o Start the experiment, choosing either
speed or accuracy

[im Workspac... *

]
e AIMLNOCOB ¥

Fazter Besults

Better Accuracy




Regression Experiments with AutoML (3)

e Next, AutoML begins building the selected models

ORACLE nzchine Learning = AIML_Experiments [Jim Workspac... ¥ :,

< - Experiments

Running
Progress x —

Solar SuperUser Regression

¥ Experiment Settings  # =o Algorithm Selection
Completed
Adaptive Sampling
R2 Completsd
1.0
Feature Selection
AutoML now 02 Completed
f. . h 0.5
INIShes any 04 Model Tuning e
o Running
sampling 02
0.0 Meural Metwork 8
needed and
moves on to Leader Board Suppart Vector Machine [Gaussian)
Quewsd
feature Deploy Create Moteboo etrics
. Generalized Linear Model (Ridge
Se IECtlon Algorithm Model Name R2 Regression)
Queusd
Meural Network nn_b512342aed 1.0000
Generalized Linear Model
Support Vector Machine {Gaussian) svmg_014b2e6609 Queved
Generzlized Linzar Maode! (Ridge Reg... glmr_2fa2ad7h18 Support Vector Machine {Linear)
Queued
Generalized Linear Model glm_09f325¢735

Feature Prediction Impact
Support Vector Machine {Linear} svml_7226083a05 Quzuzd




Regression Experiments with AutoML (4)

Solar SuperUser Regression

Progress X

P Experiment Settings  # o

Algorithm Selection
Complated

RZ
Adaptive Sampling
1.0 Completed
0.8
6 Feature Selection
: Complsted
04
0.2 Model Tuning
Complated
0.0
Model generation is eurs! Netmork
Complated
complete! On to Leader Board
Feature Prediction ~ ~ . Support Vector Machine (Gaussian)
Deple Create Moteboo etrics Compiated
Impact assessment ... .
Algorithm Wodel Name R Generalized Linear Model (Ridge
o S Regression)
Meural Network nn_b512342ae0 1.0000 Complated
Support Vector Machine {Gaussian) svmg_014b2e6609 0.9902 Generalizad Linear Mode
Complated
Generalized Linear Model (Ridge Reg... glmr_2fa2ad7b13 0.6107
. . i - Support Viector Machine (Linear)
Generalized Linear Mode glm_08f5258c735 0.6107 Compiated
5 rt Vector bachine {Li i yml_7T226055a05 0.5828
upport Vector Machine {Linear) svml_72 Zal3 EE e s enRT et o
Running
4 Features



Regression Experiments with AutoML (5)

08
04

02
0o

Leader Board

Natebook hietrics
Algaorithm

Meural Network

Support Vector Machine {Gaussian)
Generalized Linear Model (Ridge Reg...

Generalized Linear Mode!

Reg ression (S) com plete ! Support Vector Machine {Linear)
Now let’s transform the

: 4 Feat

Neural Network model into satres
a Zeppelin notebook, with @ Refresh
Name

just a few mouse clicks

AVG_CREDIT_SCORE
AVG_KWH_USED
AVG_SOLAR_KWH
CD_FAMILY_GEMERATIONS
CD_LOCALE OWNERSHIP
CO_MINORITY_OWNED
CD_YEARS_IN_BUSINESS
PCT_PROFIT_MARGIN

PCT_SOLAR

SM_ID

Model Name
nn_bp512342ze0
svmg_014b2e6609
glmr_2fa2ad7b18
glm_09f528¢735

svm|_7226085a0%

Importance

Type

MUMEBER

NUMBER

NUMBER

MUMBER

CHAR

CHAR

NUMBER

MUMBER

MUMBER

MNUMBER

R2

1.0000
0.9902
0.6107

0.6107

0.2828

Percent MULLs

Progress x

Algorithm Selection
Completed

Adaptive Sampling
Comgpleted

Feature Selection
Comgpleted

Model Tuning
Comglated

Meural Metwork
Comgleted

Support Vector Machine (Gaussian)
Comgleted

Generalized Linear Model (Ridge

Regression)
Comgleted

Generalized Linear Model

Comgleted
Support Vector Machine (Linear) Mk
Comgleted
g7%
Feature Prediction Impact .
Completed 52.24
7.83
4 0 3
z
2
99 1 99
41 0.1 0.5
14 0.1 023
50067 1969787 2766534

Mean

667.28

4012

3.95

042

48,85

03

013

2634095.22

Search..

Std Dev

28,83

0.04

0.2

64362.58




Transform an AutoML Experiment into a NoteBook (1)

= ORACLE machine Leaming

< - Experiments

Solar SuperUser Regression
e Name the new notebook

¥ Experiment Settings  # Edit

RZ2
1.0
s Create Notebook
0.6
0a Create a notebook based on selected model and this experiment’s settings.
Use a generated notebook to further tune yvour approach using Python,
0.2
oo MNotebook Name:

SolarSuperUserReqgression [NN:‘

|l eader Board

Deploy Create Notebook Metrics

Algorithm Model Name
Neural Network nn_b512342ae0
Support Vector Machine {Gaussian) svmg_014b2e6609
Generalized Linear Model (Ridge Regression) glmr_2fazadyb18
Generalized Linear Mode glm_09f528c735

Support Vector Machine (Linear) svml_722605853a05




Transform an AutoML Experiment into a NoteBook (2)

Don’t know Python? No
worries! The new
notebook uses OML4Py
to construct paragraphs
for data retrieval and
modeling

— ORACLE machine Learning 2% AIML_Experiments [Jim Workspac... ¥ «s AIMLNOOB ¥
Build Data T R o
kpython

import oml

columns = 'SM_ID" , "AVG_CREDIT_SCORE' , 'AVG_KWH_USED" , "AVG_SOLAR_KWH' , 'CD_FAMILY_ GENERATIONS' , 'CD_LOCALE_OWNERSHIP' ,
"CO_MINORITY_OWMED' , 'CD_YEARS_IN_BUSINMNESS' , '"PCT_PROFIT_MARGIN' , 'PCT_SOLAR' , 'SOLAR_SUPERUSER'
schema="SIMIOT'

table="T_SMARTMETER_BUSIMESS_PROFILES'

column = ', ".join(columns)
query = 'SELECT " + column + ' FROM ' + schema + '.' + table

data_build = oml.sync(query=query)
z.show(data_build)

Create Train Data READY [> 3 B @
¥pythaon

import oml

X_train = data_build[:,[ SM_ID', 'AVG_CREDIT_SCORE', 'AVG_KWH_USED', 'AVG_SOLAR_KWH', 'CD_FAMILY_ GEMERATIONS®,

"CD_LOCALE_OWNERSHIP', 'CD_MINORITY_ OWMED', "CD_YEARS_IN_BUSINESS', 'PCT_PROFIT_MARGIN', 'PCT_SOLAR']]
y_train = data_build[:, "SOLAR_SUPERUSER"]

Build 'NEURAL_NETWORK' Model READY D < B &
Xpython
import oml

nn_settings = {

'ALGO_MAME' @ "ALGO_MEURAL_MNETWORK' , 'NMET_HIDDEM_LAYERS' : 1" , "MNET_ITERATIONS® : 'l@e’ , "ODMS_SAMPLE_SIZE' : '1%@4' ,
"MMET_REGULARIZER' : °"NMET_REGULARIZER_HELDASIDE® , "NNET_ACTIVATIONS' : ™ "NMET_ACTIVATIONS_LOG_SIG'" ,
"MMET_MNODES_PER_LAYER® : "18" , "ODMS_DETAILS' : 'ODMS_DISABLE' , '"ODMS_SAMPLING' : 'ODMS_SAMPLING_EMABLE'

¥

nn_mod = oml.nn{ 'regression’,**nn_settings)

nn_mod = nn_mod.fit{X_train, y_train)




Transform an AutoML Experiment into a NoteBook (3)

= QORACLE Machine Learning B AIML_Experiments [Jim Workspac... = w» AIMLNOOB
@ Connecte

SolarSuperUserRegression (NN) o s =5 & - |a Q= & | ocfoul
Build Data FINISHED [> 3% B8 &
Xpython -
import oml
columns = 'SM_ID' , 'AVG_CREDIT_SCORE' , "AVG_KWH_USED' , 'AVG_SOLAR KMH' , 'CD_FAMILY GENERATIONS' , 'CD_LOCALE CWNERSHIP' , 'CD_MINGRITY OMMED' , 'CD_YEARS_IN BUSINESS' ,

'PCT_PROFIT_MARGIN' , 'PCT_SOLAR' , 'SOLAR_SUPERUSER'
H ’ schema="'SIMIOT "
Et voila! Here’s your table='T_SMARTMETER_BUSINESS_PROFILES'
first results from a column = *,".join(columns)

query = 'SELECT ' + column + " FROM ' + schema + '.' + table

notebook completely

data_build = oml.sync({query=query)

generated via R — -
AutOMLl = ol & e & |~ settings~

SM_ID ~ AVG CREDIT _SCO.»» AVG KWH USED .. AVG SOLAR KW.» CD FAMILY GENERATION.:: CD LOCALE OWNERS..» CD MINORITY OWN.x C=
1969787 702 419 564 2 M Y p1 ~
2230604 621 40.26 6.32 2 Y Y o
2314443 689 41.01 583 0 M Y &
2320514 652 3776 594 0 M Y b6
2333622 6158 38.01 594 0 M Y 36
2390930 670 41.34 557 0 M Y 6]
2398356 785 43.08 6.14 1 M Y B7
2398357 666 3775 6.28 0 M M bd

4 k




How Do | Keep My DE Career Relevant?

How did you keep your Developer / DBA career relevant?
How is this any different?

v’ Associate with training sessions on

and help latest industry trends
to DE status

certifying Y@ X, g . They call it life-long learning for

hard-won, Pai= .y == a reason - it never, ever stops!
newly-acquired skills | §Kg =8 ~ 7




Are There Any DE Professional Organizations? Maybe.

l l Prometing th

e Practice and Profession of Statistics

t COUNCIL OF AMERICA

informs.

ADaSci

American Statistical Association (ASA)

Offers a wide array of meetings, publications, and training as well as the vaunted
PStat and GStat accreditations

Data Science Council of America (DASCA)

Offers several different certifications in Big Data, Analytics, and Data Science

Institute for Operations Research and the Management
Sciences (INFORMS)

Offers various trainings, events, publications, and certifications

The Association of Data Scientists (ADaSci)

Based in India, they offer a Chartered Data Scientist (CDS)
certification exam and training

INYOUS


https://www.amstat.org/
https://www.amstat.org/ASA/Your-Career/Accreditation.aspx
https://www.dasca.org/
https://www.dasca.org/data-science-certifications
https://www.informs.org/
https://www.adasci.org/about-us/
https://www.adasci.org/cds-program

Further Reading In the Real World of Data Science

* Al Projects Fail All Too Often. Successful Ones Share a Common Secret

https://gestaltit.com/tech-talks/intel/intel-2021/jimthewhyguy/ai-projects-fail-all-too-often-successful-ones-share-a-common-secret/

* Machine Learning in Production: Why Is It So Hard and So Many Fail?

https://towardsdatascience.com/machine-learning-in-production-why-is-it-so-difficult-28ce74bfc732

* Fact Check-Claims about 23,000 Wisconsin voters with the same phone number and
4,000 voters registered on 1/1/1918

https://www.reuters.com/article/factcheck-wisconsin-numbers/fact-check-claims-about-23000-wisconsin-voters-with-the-same-phone-
number-and-4000-voters-registered-on-1-1-1918-missing-context-idUSLIN2RU1WC

e How a 'NULL' License Plate Landed One Hacker in Ticket Hell

https://www.wired.com/story/null-license-plate-landed-one-hacker-ticket-hell/



https://gestaltit.com/tech-talks/intel/intel-2021/jimthewhyguy/ai-projects-fail-all-too-often-successful-ones-share-a-common-secret/
https://towardsdatascience.com/machine-learning-in-production-why-is-it-so-difficult-28ce74bfc732
https://www.reuters.com/article/factcheck-wisconsin-numbers/fact-check-claims-about-23000-wisconsin-voters-with-the-same-phone-number-and-4000-voters-registered-on-1-1-1918-missing-context-idUSL1N2RU1WC
https://www.wired.com/story/null-license-plate-landed-one-hacker-ticket-hell/

Useful Oracle Documentation

 What is Data Science?

https://www.oracle.com/data-science/what-is-data-science/

* Machine Learning Solutions with Oracle’s Services and Tools

https://www.oracle.com/a/ocom/docs/build-machine-learning-solutions-cloud-essentials.pdf

* Oracle Cloud Infrastructure Data Catalog

https://www.oracle.com/a/ocom/docs/ebook-cloud-infrastructure-data-catalog.pdf

 OML Algorithms “Cheat Sheet”

https://www.oracle.com/a/tech/docs/oml4sql-algorithm-cheat-sheet.pdf

* Oracle 21c Machine Learning Basics (including AutoMIL)

https://docs.oracle.com/en/database/oracle/machine-learning/oml4sql/21/dmcon/machine-learning-basics.html
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