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Data Science/Big Data in th> News...
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‘ Data Science Everywhere!...

KDnuggets cartoon

\!f : © 2013 Ted Goff
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“I don’t like the look of this.

“No candy? No flowers? No cards? | e 2. ' Searches for gravy and turkey stuffing

Big Data predicted that 67.53%
of you would remember!”

“You can’t keep adjusting the data
to prove that you would be the best
Valentine’s date for Scarlett Johansson.”

are going through the roof !”




Data Science Everywhere!...

KDnuggets cartoon

MAYBE IN—MEMORY
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“You can’t keep adjusting the data
to prove that you would be the best
Valentine’s date for Scarlett Johansson.”




Data Science Everywhere!...

DO WE HAVE ANY
ACTIONABLE ANALYTICS
FROM OUR BIG DATA
IN THE CLOUD?

WHAT

DOES THE AEONLY
HAVE BAD
DATA
DATA ON
TELL US shfxdy
TO DO? '

artoonist@gmail.com

YES, THE DATA SHOWS
THAT MY PRODUCTIVITY

PLUNGES WHENEVER YOU
LEARN NEW JARGON.

5, INC. /Dist. by Unmersal Uclick

DOES THE BAD DATA
SUGGEST WE SHOULD DO
WHAT WE WANTED TO
DO ANYUWAY?
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Data Science Needs Positioning
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Data Science Who Owns

Data Science

What is Data | Data Science j Data Science § Data Science
Science Applications Ecosystem Lifecycle

System
Architecture




What is Data Science?

“Data science, also known as data-driven science, is an
interdisciplinary field of scientific methods, processes, algorithms

and systems to extract knowledge or insights from data in
various forms, either structured or unstructured, similar to data

mining.”

17
SN 4

WIKIPEDIA

The Free Encyclopedia


https://en.wikipedia.org/wiki/Knowledge
https://en.wikipedia.org/wiki/Data
https://en.wikipedia.org/wiki/Data_mining

What is Data Science?

“Data science intends to analyze and understand actual
phenomena with ‘data’. In other words, the aim of data
science is to reveal the features or the hidden structure of
complicated natural, human, and social phenomena with data
from a different point of view from the established or traditional
theory and method.”

Loder & Comatpren g dasiren,
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What is Data Science?

Yotaka Tanaka -

“Data science intends to analyze and understand actual , =
phenomena with ‘data’. In other words, the aim of data | ?,aatsas%c'gggi o
science is to reveal the features or the hidden structure of
complicated natural, human, and social phenomena with data
from a different point of view from the established or traditional ===
theory and method.”

- — - mather
rathe

* Thc roundubk discussion "Perspectives in classafication and tht qurc of lFCS' was =
held at the last Conference under the chairmanship of Professor H. -H. Bock. In ths
pane] discussion, | used the phrase Data Science’. There was a question, “What 1$
Science'? * | briefly answered it. This is the starting point of the present paper




What is Data Science?

Fourth paradigm

o “... change of all sciences moving from observational, to theoretical, to FOURTH
computational and now to the 4th Paradigm — Data-Intensive Scientific PARADIGM
Discovery”



What is Data Science?

DATA SCIENCE

“Data science encompasses a set of principles, problem
definitions, algorithms, and processes for extracting non-
obvious and useful patterns from large data sets.”

“...the terms data science, machine learning, and data mining
are often used interchangeably.”

“...although data science borrows from these other fields, it is
broader in scope.” e




A Working Definition

A data-driven approach to problem solving that involves the process of
collecting, managing, analyzing, explaining and visualizing data and analysis
results.



Data Science as a Unifier




Who is a Data Scientist?

To be revealed at the end...




Two Myths...

= Data science = Big data




Two Myths...

Data science # Big data
Big data is like a raw material

Processing it leads to data
science & better understanding

Applications are important

o No applications — no data
science
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Two Myths...

= Data science # Big data = Data science ¢ Machine
= Big data is like a raw material learning & Al

= Processing it leads to data
science & better understanding

= Applications are important WS Adificial
Y Intelligence
o No applications — no data
science

= They are related but not the
same




What is Data | Data Science

Science Applications




Data Science Applications

Data science is about applications
o Applications give purpose
o Applications inform core technologies
Almost any field with large data sets are good candidates

Some examples

Fraud detection Sustainability
Biological & biomedical applications Finance & insurance
Recommender systems Smart cities

Health sciences & health Sports

informatics applications



Data Science Application Examples

= Fraud detection

o Investigate fraud patterns in past
data
o Early detection is important
= Before damage propagates
= Harder than late detection
o Precision is important

= False positive and false negative
are both bad

o Real-time analytics




Data Science Application Examples

» Recommender systems

o The ability to offer unique
personalized service

o Increase sales, click-through
rates, conversions, ...

o Collaborative filtering at scale




Data Science Application Examples

= Sustainability

o Climate variability and change
o Ecology

o FEW

= Food
= Energy

= Water




Data Science Application Examples

= Moneyball

a How to build a baseball team on a
very low budget by relying on data

o Sabermetrics: the statistical
analysis of baseball data to
objectively evaluate performance

o 2002 record of 103-59 was joint
best in MLB

= Team salary budget: $40 million JONAHHILL PHILIP SEYMOUR HOFFMAN

o Other team: Yankees o s v
= Team salary budget: $120 million R Soon




What is Data § Data Science j Data Science

Science Applications Ecosystem




Data Science Ecosystem

Data Science Building Blocks

Data Data Data Security & Data
Engineering Analytics Privacy Ethics

« Data quality » Explore data (data « Differential * Impact on

mining) privacy individuals,
organizations &
society

Ethical &

» Big Data storage
and computing Build models & * Applications of
solutions algorithms cryptography

. T (machine . : ;
(I?Ea%ﬁ)plpelmes leamning) Data integrity normative

Visualizations & concerns
visual analytics * Regulatory issues




Data Engineering

Big data management

(Four Vs)




Data Engineering

Big data management

(Four Vs)

= Data processing platforms

= Data integration

o ETL process
o Data lakes

= Data quality issues
= Data provenance




Data Engineering Essential




Data Engineering Essential

GARBAGE GARBAGE

DATA _— RESULTS




Data Engineering Essential

THEVERGE  'tCH - REVIEWS - SCIENCE - CREATORS -  ENTERTAINMENT - VIDED  MORE

SCIENCE \ US & WORLD \ TECH \

Excel spreadsheet error blamed for UK's 16,000
missing coronavirus cases

The case went missing after the spreadsheet hit its filesize limit

By James Vincent | Oct 5, 2020, 9:41am EDT




Data Engineering Essential

THEVERGE  'tCH - REVIEWS - SCIENCE - CREATORS -  ENTERTAINMENT - VIDED  MORE

Excel spreadsheet error blamed for UK's 16,000
missing coronavirus cases

The case went missing after the spreadsheet hit its filesize limit

"THE ISSUE WAS CAUSED BY \
THE FACT THAT SOME FILES
CONTAINING POSITIVE TEST
RESULTS EXCEEDED THEIR
MAXIMUM FILE SIZE




Data Engineering Essential

THEVERGE  'tCH - REVIEWS - SCIENCE - CREATORS -  ENTERTAINMENT - VIDED  MORE

SCIENCE \ US & WORLD \ TECH \

Excel spreadsheet error blamed for UK's 16,000
missing coronavirus cases

The case went missing after the spreadsheet hit its filesize limit Under—reported figures

From 25 Sept to 2 Oct

50,786

Cases initially reported by PHE

15,841

Unreported cases, missed due to IT error

By James Vincent | Oct 5, 2020, 9:41am EDT

f L 4 @ SHARE

8 dayS of incomplete data

1 ,980 cases per day, on average, were
missed in that time

48 hOUI’S Ideal time limit for tracing

contacts after positive test

Source: PHE and gov.uk
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Data Engineering Essential
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‘ Big Data — Four Vs

175ZB
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Source: Data Age 2025, sponsored by Seagate with data from IDC Global DataSphere, Nov 2018

e Scale of data
e Data at rest




Big Data — Four Vs

175ZB

)

created between the dawn of civilization
through 2003, but that much information
is now created every 2 days.

', 3
w There were 5 exabytes of information

M

f

| Volume

e Scale of data
e Data at rest - Eric Schmidt

Executive Chairman of Google




Big Data — Four Vs

1 Exabyte (EB) =1,000,000,000,000,000,000 Bytes
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e Data at rest
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Source: Infosys




Big Data — Four Vs

e Scale of data
e Data at rest

175ZB

* Forms of data

e Unstructured
challenges




Big Data — Four Vs

>
175ZB @
D) Social media
@50 38%
- Audio
34
Photos and video
« Scale of data « Forms of data Intemal [0 A External
data sources g data sources

« Data at rest « Unstructured
challenges




Big Data — Four Vs

Volume

e Scale of data
e Data at rest

* Forms of data

e Unstructured
challenges

Velocity

« Streaming data
« Data in motion




Big Data — Four Vs

Global Video Streaming Software Market, by
Region

2018 2019 2020 2021 2022 2023 2024 2025 2026

Velocity
® North America ® Europe B Middle East & Africa M Asia Pacific B Latin America ——————————————————————————

- Vvaic vl uata * Forms or gata « Streaming data

« Data at rest « Unstructured « Data in motion
challenges




Big Data — Four Vs

Global Video Streaming Software Market, by
Region

Growth in Internet of Things Devices
Billions of loT devices according to NCTA

50.1

Velocity

« Streaming data
« Data in motion

2012 2013 2014 2015 2016 2017 2018 2019 2020

Data source: NCTA S pl u n k @>




Big Data — Four Vs

b o RGITIMAGY
PRINGIp

» Scale of data « Forms of data . Streaming data * Uncertainty/

* Data atrest » Unstructured . Data in motion :gc(;)ar::cness
challenges

° « Data quality




Data Integration — Data Lakes

Analysis _ ‘ Access




‘ Data Quality in Big Data

8, o
E_experlonm




Data Quality in Big Data

I'VE BEEN GIVING YOU
INCORRECT DATA FOR
YEARS. THIS IS THE FIRST
TIME YOU'VE ASKED.

I SAID

WHAT?  THE DATA
1S TOTALLY
ACCURATE.

ARE YOU SURE
THE DATA YOU GAVE
ME IS CORRECT?

Dilbert.com DilbertCartoonist@gmail.com

5-7-14 ©2014 Scott Adams, INC./Dist. by Universal Uckek



‘ Data Quality Dimensions

DAMA UK Working Group, 2013




Data Quality Problems & Techniques

Data unification

0 Schema mapping (if schemas exist)
o Deduplicating records

o Classification and mastering

Data repair

o Spotting errors and violations (e.g., outliers)
o Repairing incorrect values
o Missing value imputation



Data Analytics

The application of statistical and machine learning techniques
to draw insights from data under study and to make

predictions about the behaviour of the system under study




Data Analytics

The application of statistical and machine learning techniques

to draw insights from data under study and to make
predictions about the behaviour of the system under study

= Statistics
= Computer Science (DM/ML)




Data Analytics

The application of statistical and machine learning techniques

to draw insights from data under study and to make
predictions about the behaviour of the system under study

nature methods

Explore content v Journal information v  Publish with us v

L] L]
. Statl Stl CS nature > nature methods > this month > article

Published: 03 April 2018

= Computer Science (DM/ML)

Statistics versus machine learning

Danilo Bzdok, Naomi Altman & Martin Krzywinski

Nature Methods 15, 233-234 (2018) | Cite this article
50k Accesses | 192 Citations | 373 Altmetric | Metrics

Statistics draws population inferences from a sample, and machine learning finds
eneralizable predictive patterns.

Two major goals in the study of biological systems are inference and prediction. Inference

creates a mathematical model of the data-generation process to formalize understanding or
test a hypothesis about how the system behaves. Prediction aims at forecasting unobserved
outcomes or future behavior, such as whether a mouse with a given gene expression pattern

haca diceace Predictinn makec it nnccihle tnidentifv hect caircec af action (e o _treatment




Data Analytics

The application of statistical and machine learning techniques

to draw insights from data under study and to make
predictions about the behaviour of the system under study

nature methods

Explore content v Journal information v  Publish with us v

n | }
- Statl Stl CS nature > nature methods > this month > article

Published: 03 April 2018

. CO m p u te r S CI e n Ce ( D M / M L ) ;)Q;;;;::fccsar:';rsus machine learning
Danilo Bzdok, Naomi Altman & Martin Krzywinski

= [he lines between the two

50k Accesses | 192 Citations | 373 Altmetric | Metrics

disciplines have blurred < . >

Two major goals in the study of biological systems are inference and prediction. Inference

creates a mathematical model of the data-generation process to formalize understanding or
test a hypothesis about how the system behaves. Prediction aims at forecasting unobserved
outcomes or future behavior, such as whether a mouse with a given gene expression pattern

haca diceace Predictinn makec it nnccihle tnidentifv hect caircec af action (e o _treatment




‘ Data Analytics Types

Descriptive

* What does the data reveals about what is
happening?
» Exploratory analysis

Diagnostic

« Why is it happening?
» What does the data suggest about the reasons?

Predictive

» What is likely to happen?
 Decisions are affected
» Machine learning fits here

Prescriptive

» Recommended actions

Value

Complexity

>

https://www.kdnuggets.com/2017/07/4-types-data-analytics.html



https://www.kdnuggets.com/2017/07/4-types-data-analytics.html

‘ Data Analytics Tasks

m Clustering

» Grouping objects into clusters

= QOutlier detection

 Detection of anomalous (rare) data items

mm Association rule mining

 Detecting relations between variables

= Prediction

« Classification and regression

1 1 L L L L I-
-0.5 -04 -03 -02 -0.1 0 0.1 0.2 20 30 40 50 60 70 80 90 100

Classification Regression




Data Security & Privacy
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Big Data Privacy & Security Threats

Data Breaches Surveillance

. - . Infrastructure
Mis-/Disinformation Attaci A




‘ Dimensions of Data Protection

DATA PROTECTION
SECURITY PRIVACY

ST Netvvqu Access Discovery & DS ARe erma PROTECTED
Security Control Classification USABLE
Activit Breach 3rd- part _
.IVI y ' DLP/CASB party Data Removal Policies DATA
Monitoring Response management

How those policies got enforced f What data is important and why

https://dataprivacymanager.net/security-vs-privacy/



https://dataprivacymanager.net/security-vs-privacy/

‘ Challenges

)

Human-in-the-loop

* Many data science processes involve humans, but controlling
information in humans is different than in computer systems

Unintended side effects

» Traces of raw data persist into the latest steps of the data
science process

» The combination of two data sources may reveal more than
their “sum”

Distinct application requirements J&]Q}L' m B
G ] e,(\\s .
» Aggregate data analysis is different from transaction analysis 3%\@‘“
and different security and privacy mechanisms are needed ]T”

Inherent limitations

» Cannot have performance, accuracy (or utility) and security (or :
privacy) at the same time. At least one needs to go.




Different Concepts of Security

Traditional Security & Privacy Data Security & Privacy in Data Science
Confidentiality Privacy
o Do not reveal data to unauthorized o Enable users to control their data
users usage by others
Integrity Veracity
o Unauthorized users should not be able o Data provided should be true and

to modify data current



Data Ethics

. the branch of ethics that studies and
evaluates moral problems related to data,
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L. Floridi & M. Taddeo, What is data ethics?, Phil. Trans. R. Soc. A, 2016.



Data Ethics

. the branch of ethics that studies and
evaluates moral problems related to data,
. algorithms, ... and corresponding

practices, in order to formulate and support
morally good solutions.”
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‘ Ethics of Data

Ownership

* Who has ownership of data?
 Typically, individuals should have ownership

Transparency

« Subjects should know that data about them is being
collected, stored and will be processed and how

 Consent

Privacy

* Personal identifiable information

Intention

« What are you planning to do with the data?
« Secondary use




‘ Ethics of Algorithms — Algorithmic Bias

Training
data set

Data Feature Outcome &

Actual
data set

collection engineering Conclusions




‘ Ethics of Algorithms — Algorithmic Bias

Training
data set

Data Feature Outcome &
collection engineering Conclusions

Actual
data set

~—

Training phase




‘ Ethics of Algorithms — Algorithmic Bias

Training
data set

Data Feature Outcome &
collection engineering Conclusions

Actual
data set

Y Y

Training phase Deployment phase




‘ Ethics of Algorithms — Algorithmic Bias

Historical or
- representational
bias
Actual
data set data set

Data Feature Outcome &
collection engineering Conclusions

Y Y

Training phase Deployment phase




‘ Ethics of Algorithms — Algorithmic Bias

Historical or Inclusion or
- representational omission of
bias features will
introduce bias Actual
data set data set

Data Feature Outcome &
collection engineering Conclusions
N— 7 -
—— ——

Training phase Deployment phase




‘ Ethics of Algorithms — Algorithmic Bias

Historical or Inclusion or
- representational omission of
bias features will
introduce bias Actual
data set data set

Data Feature Outcome &
collection engineering Conclusions

Y Y

Training phase N Deployment phase
outcumes & use

of proxies will
introduce bias




Examples of Algorithmic Bias




Examples of Algorithmic Bias

SClenCG Contents ~ News ~ Careers ~ Journals ~

Read our COVID-19 research and news.

SHARE

00600

RESEARCH ARTICLE

Dissecting racial bias in an algorithm used to manage
the health of populations

Ziad Obermeyer’:2”, Brian Powers?, Christine Vogeli®, ® Sendhil Mullainathan®"*
+ See all authors and affiliations

Science 25 Oct 2019:
Vol. 366, Issue 6464, pp. 447-453
DOI: 10.1126/science.aax2342

Article Figures & Data Info & Metrics elLetters PDF

Racial bias in health algorithms

The U.S. health care system uses commercial algorithms to guide health decisions.
Obermeyer et al. find evidence of racial bias in one widely used algorithm, such that Black_

i i e same level of risk by the algorithm are sicker than White patients_(see
the Perspective by Benjamin). The authors estimated that thi ial bias reduces umbe
of Black patients identified for extra care by more thgphalk Bias occurs because the algorithm
uses health costs as a proxy for health needs. Less money is spent on Black patients who
have the same level of need, and the algorithm thus falsely concludes that Black patients are
healthier than equally sick White patients. Reformulating the algorithm so that it no longer
uses costs as a proxy for needs eliminates the racial bias in predicting who needs extra care.

Science, this issue p. 447; see also p. 421




Examples of Algorithmic Bias

SClenCe Contents ~ News ~ Careers ~ Journals ~

Read our COVID-19 research and news.

SHARE  RESEARCH ARTICLE

Bernard Parker, left, was rated high risk; Dylan Fugett was rated low

Machine Bias

There's software used across the country to predict future criminals. And it's biased against blacks.

by Julia Angwin, Jeff Larson, Surya Mattu and Lauren Kirchner, ProPublica TWO Petty Th e

May 23, 2016

O N A SPRING AFTERNOON IN 2014, Brisha Borden was running
late to pick up her god-sister from school when she spotted an
unlocked kid’s blue Huffy bicycle and a silver Razor scooter. Borden
and a friend grabbed the bike and scooter and tried to ride them

down the street in the Fort Lauderdale suburb of Coral Springs. BRISHA BORDEN

uses costs as a proxy for needs eliminates the racial bias in predicting who needs extra care. LOW RISK 3 HIGH RISK 8

Science, this issue p. 447; see also p. 421



Examples of Algorithmic Bias

Science Contents News careers — MIEEE BACKCHANNEL BUSINESS CULTURE GEAR IDEAS SCIENCE SECURITY SIGN IN E

TOM SIMONITE BUSINESS 88.17.2818 B87:88 AM
Read o

Al Is the Future—But Where Are the Women?
SHARE _ RESEARCH ARTICLE

Just 12 percent of machine learning researchers are women—a worrying statistic for a field supposedly reshaping society.

There's software used acrq

O N A SPRII
late to pig

unlocked kid’s

uses costs as a proxy for needs eliminates the racial bias in

Science, this issue p. 447; see also p. 421




Gender Shades

‘ Examples of Algorithmic Bias — Gender Shades

Watch on (38 YouTube ‘ -




Gender Shades

MIT Media Lab

20180209

The Gender Shades Project pilots an intersectional approach to inclusive product testing for AI.

Gender Shades is a preliminary excavation of inadvertent negligence that will cripple the age of automation and further exacerbate inequality if left to fester. The deeper we dig, the more remnants of bias we will find in our technology. We cannot afford to look away this time, because the stakes are simply too high.  We risk losing the gains made with the civil rights movement and women's movement under the false assumption of machine neutrality. Automated systems are not inherently neutral. They reflect the priorities, preferences, and prejudices—the coded gaze—of those who have the power to mold artificial intelligence.

Video produced by Joy Buolamwini and Jimmy Day

Many thanks to the Natural Sciences and Engineering Research Council of Canada | Conseil de recherches en sciences naturelles et en génie du Canada for translating the captions into French. 

More information at: https://www.media.mit.edu/projects/gender-shades/overview/ 
License: Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International Public License (https://creativecommons.org/licenses/by-nc-nd/4.0/legalcode)
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Data Ethics Checklist big data

Have we listed how this technology can be attacked or abused? [SECURITY]
Have we tested our training data to ensure it is fair and representative? [FAIRNESS]
Have we studied and understood possible sources of bias in our data? [FAIRNESS]

Does our team reflect diversity of opinions, backgrounds, and kinds of thought?  [FAIRNESS]
What kind of user consent do we need to collect to use the data?  [PRIVACY/TRANSPARENCY]
Do we have a mechanism for gathering consent from users? [TRANSPARENCY]
Have we explained clearly what users are consenting to? [TRANSPARENCY]
Do we have a mechanism for redress if people are harmed by the results? [TRANSPARENCY]
Can we shut down this software in production if it is behaving badly?

Have we tested for fairness with respect to different user groups? [FAIRNESS]
Have we tested for disparate error rates among different user groups? [FAIRNESS]
Do we test and monitor for model drift to ensure our software remains [FAIRNESS]

fair over time?
Do we have a plan to protect and secure user data? [SECURITY]



Issues at the Intersections

= Data science components should
not be siloed

= Many important problems at the
Intersections remain to be solved

= Examples
o Data visualization — Visual analytics

o Data management — Machine
Learning

= DM for ML
= ML for DM

o Privacy & security — Ethics

®

fg
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Data Science Lifecycle

Core

Security & Privacy

Data Improved

Data : .
‘ Data Preparation Integration & MXS:R,Z?S& Eéﬂ;&?ﬁg{i‘o‘?‘ ‘
= it Management
Acquisition 2

Decisions

Application "ot Application




Core Research Issues and Interactions

«Data lakes Data - Data cleaning

*Big data processing Preparation «Sampling
*Data platforms *Data provenance

*Metadata management

Big Data Modelling &
Management Analysis

*Visualization for wider _
*Data analysis

audience

-Visualization for dat . *Machine learning
Isualization for data Explanation & techniques for data
exploration Dissemination

*Open data technologies analysis




Core Research Issues and Interactions

*Data lakes *Data cleaning
*Big data processing - : «Sampling

*Data platforms *Data provenance
*Metadata management DM support for

provenance

» Data preparation for big
data management

» Cleaning for data analysis

DM for ML

* ML for DM

* Visual analytics

*\isualization for wider

audience _ _
- Visualization for data *Machine learning
techniques for data

exploration Dissemination -
«Open data technologies _ analysis

*Data analysis




Data Science Lifecycle — Alternative
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‘ Data Science Lifecycle — Alternative

Problem

Monitoring

N

Definition

Business Data
Understanding h Understanding

\

Data

Preparatlon
Deployment -

Data Modeling

m/

Deployment
(Explanation & Data Acquisition
Dissemination)

Data Modeling & Data
Analysis Preparation

C. Shearer, The CRISP-DM Model, J. Data Warehousing, 2000




Data Science Lifecycle — Alternative

Monitoring Flcloler
Definition
\

Deployment

Explanation & ~_ Data Acquisition
(Exp — ]

Dissemination) =
S

Data Modeling & Data
Analysis Preparation




Data Science
System
Architecture

What is Data | Data Science j Data Science § Data Science

Science Applications Ecosystem Lifecycle




Reference Architecture |

P e e e T

Big Data Application Provider

Big Data Framework Provider

|

D N S NN S N N R R N e e e

J. Klein et al., A Reference Architecture for Big Data Systems in the National Security Domain,

Proc. 2nd Int. Workshop on Big Data Soft. Eng., 2016




Reference Architecture |l

Data : Interface &
Data Processing Data Analysis Visualization
Information  Pre-processing  Processing Ingestion &

Extraction Integration

Information
Management
Data
Storage

C. Avci Salma et al., Domain-Driven Design of Big Data Systems Based on a Reference Architecture,
Software Architecture for Big Data and the Cloud, 2017




Concrete Architecture — Data Science Software Stack

Data Analysis Tools

Script, SQL
NoSQL

Search

Resource Stream Processing Data Processing
Management Framework

Security/Privacy
Technologies

Distributed Data Store

i e



Concrete Architecture — Data Science Software Stack
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Data Science Who Owns

Data Science

What is Data | Data Science j Data Science § Data Science
Science Applications Ecosystem Lifecycle

System
Architecture




Who Owns Data Science?

Computer Science Statistics — Conway Diagram
= Itis all Al m CS part is just hacking




Who Owns Data Science?

Computer Science Statistics — Conway,Diagram




Who Owns Data Science

There seems to be great interest in this argument & in these

diagrams

Understand customers

Ask good questions _ Define metrics that matter
Substantive

Expertise
(Marketing)

Make it actionable
—— Translate for nontechnical audience

Constraints (privacy, legal)
Get the right data

— Statistical packages

_ Advanced math
Data preparation

— Experimental design

Machi_ne
Hacking  \Leaming —— Model fitting

and Statistics
Coding

Data governance —

SQL

| Scripting languages

Predictive analytics

https://www.kdnuggets.com/2016/10/battle-data-science-venn-diagrams.html/2



https://www.kdnuggets.com/2016/10/battle-data-science-venn-diagrams.html/2
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STEM - Core

People who are involved in
developing the core
technologies
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People who are involved in
developing the core
technologies

STEM - Application

People who are involved in
data science applications in
some domain



Who are the Constituents?

STEM - Core

People who are involved in
developing the core
technologies

STEM - Application

People who are involved in
data science applications in
some domain

Non-STEM

People in social sciences
and humanities who might
be involved in applications or
data ethics or social aspects
or policy issues



Who are the Constituents?




Who is a Data Scientist?

Core competencies

= In-depth knowledge of at least one of
data engineering or data analytics
pillars (expert level)

= Knowledge of the other two pillars of
data security & privacy and data ethics
(acquaintance)

= In-depth knowledge of at least one,
preferably two, application areas
(almost expert level)

= Ability to work in a team &
communicate

’ |||. Ii Lt I||| |.I|
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Battle of the Venn Diagrams

VENN DIAGRANM CAREER CHOICE ANALYSIS





Final Thoughts

Data is central and it is increasing in volume and
complexity

Treat the data properly and it will tell'a story
Data science is multifaceted and multidisciplinary

Data science may not yet bea discipline, but can
become one

The view | presented is from STEM (Computer Science)
perspective

o There is much more









