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Part 1

« Background: Data driven research and demand for new skills
— Foundation, recent reports, studies and facts

Part 2

« EDISON Data Science Framework (EDSF)

— Data Science competences and skills
— Essential Data Scientist professional skills: Thinking and doing like Data Scientist

« Data Science Professional Profiles

« Data Science Body of Knowledge and Model Curriculum
Pat 3

« Use of EDSF and Example curricula

— Competences assessment
— Building Data Science team

« Discussion
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71 Senior Researcher, Lecturer, UVA
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« Graduated and PhD from National Technical University of Ukraine “Kiev
Polytechnic Institute”

— University of Amsterdam — since 2003

* Research areas
— Big Data Infrastructure and Data Science platforms
— Cloud architecture, cloud automation and DevOps
— Cloud security and compliance

« Teaching courses (on campus and online)
— Big Data Infrastructure and Technologies
— Cloud powered Software Engineering and DevOps
— Data Science Foundations, Professional Issues in Data Science
— Security Engineering
* Recent projects
— EDISON: Building the Data Science Profession for Europe
— MATES: Digitalisation of the European Blue Economy
— CYCLONE: Multi-cloud automation platform for cloud based applications
— GEANT4 Research: Cloud aware networking infrastructure provisioning on-demand
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Becoming a Data Scientist by Swami Chandrasekaran
(2013) http://nirvacana.com/thoughts/becoming-a-data-scientist/
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7'\ Seminal works, High level reports, Activities

The Fourth Paradigm: Data-Intensive Scientific Discovery.

By Jim Gray, Microsoft, 2009. Edited by Tony Hey, Kristin Tolle, et al.
http://research.microsoft.com/en-us/collaboration/fourthparadigm/

Riding the wave: How Europe can gain from
the rising tide of scientific data.
\ Final report of the High Level Expert Group on
Dage, i TT% Scientific Data. October 2010.
R il http://cordis.europa.eu/fp7/ict/e-
Eonce B infrastructure/docs/hlg-sdi-report.pdf

PARADIGM

DATA-INTENSIVE SCIENTIFIC DISCOVERY

© TONY HEY STEWART TANSU

The Data Harvest: How
sharing research data
can yield knowledge,
jobs and growth.

An RDA Europe Report.
December 2014

https://rd-alliance.org/data-
harvest-report-sharing-data-
knowledge-jobs-and-growth.html

@ ) Research Data Sharing
7 without barriers

Coata atuance  https:/iwww.rd-alliance.orqg/

HLEG report on European
Open Science Cloud

(October 2016)

https://ec.europa.eu/research/openscienc
e/pdf/realising the european open scie

. nce cloud 2016.pdf 00 . .
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- — The Fourth Paradigm of Scientific Research
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1. Theory, hypothesis and logical reasoning

2. Observation or Experiment, e.g. EohE

—  Newton observed apples falling to design his PARADIGM
theory of mechanics S

—  Gallileo Galilei made experiments with falling objects
from the Pisa leaning tower

3. Simulation of theory or model
—  Digital simulation can prove theory or model
4. Data-driven Scientific Discovery (aka Data Science)
— More data beat hypothesized theory
— e-Science as computing and Information Technologies empowered science

5. Computer-human - driven science?

— Machine discovers new patterns and formulates hypothesis in one or
multiples knowledge spaces

— Scientist validates and designs additional texts or experiments

Kiev 2018 Data Science Profession and Education 6
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/ - HLEG EOSC Report Essentials — Core Data

—

—”/ \ Experts [ref]

« Core Data Experts is a new class of colleagues with core scientific
professional competencies and the communication skills to fill the
gap between the two cultures.

— Core data experts are neither computer savvy research scientists nor
are they hard-core data or computer scientists or software engineers.

— They should be technical data experts, though proficient enough in the content domain

where they work routinely from the very beginning (experimental design, proposal
writing) until the very end of the data discovery cycle

— Converge two communities:
« Scientists need to be educated to the point where they hire, support and respect Core Data
Experts
« Data Scientists (Core Data Experts) need to bring the value to scientific research and
organisations
* Implementation of the EOSC needs to include instruments to help train, retain
and recognise this expertise,
— In order to support the 1.7 million scientists and over 70 million people working in
innovation.

[ref] https://ec.europa.eu/research/openscience/pdf/realising_the european_open_science_cloud 2016.pdf
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Hype Cycle for Emerging Technologies, 2017

Gartner Technology Hypercycle (August 2017)

~o

Big Data and Cloud Computing:

expectah'ons Connected I_-Iome i
ldsssant | [ Learng In a maturity stage —
o1 Platiorm A — Autonomous Vehicles : :
s R WA already commaodity services
Edge Computing I — Cognitive Computing
| SmartWorkspace — \ Yo
martWorkspace ® ;
Conversational UserInterfaces % orqrperaaUAVs (.D Ona)
Brain-Computer Interface Q Cognitive Expert Advisors
Volumetric Displays
Quantum Computing
Digital Twin
Serverless PaaS O
5G
HurrlwanAugmentation 2 Enterprise Taxonomy
Neuronl'uorphicHardware and Ontology
Deep ReinforcementLearning Management O
Software-Defined Virtual Reality
Artificial General Intelligence —A Q  Security
4D Printing
Augmented Reality
SmartDust A
As of July 2017
Peak of
Innovation Trough of ~ Plateau of
Inflated i Slope of Enlightenment %
Trigger Expectations Disillusionment Productivity
time 4
Years to mainstream adoption: obsolete

Olessthan 2years ©2to5years @5to10years A morethan 10years @ before plateau

Note: Paa$S = platform as a service; UAVs = unmanned aerial vehicles

Source: Gartner (July 2017)
[ref] https://www.gartner.com/smarterwithgartner/top-trends-in-the-gartner-hype-cycle-for-emerging-technologies-2017/
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\\ Gartner Technology Hypercycle (August 2017)
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Hype Cycle for Emerging Technologies, 2017
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— International and EU studies on data-driven skills
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_~,
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€ IDC

Industry reports on Data Science Analytics and Data

enabled skills demand

Final Report on European Data Market Study by IDC (Feb 2017)
The EU data market in 2016 estimated EUR 60 BIn (growth 9.5% from

EUR 54.3 Bln in 2015)
« Estimated EUR 106 BIn in 2020
Number of data workers 6.1 min (2016) - increase 2.6% from 2015
» Estimated EUR 10.4 million in 2020
Average number of data workers per company 9.5 - increase 4.4%

Gap between demand and supply estimated 769,000 (2020) or 9.8%

PwC and BHEF report “Investing in America’s data science and

analytics talent: The case for action” (April 2017)
http://www.bhef.com/publications/investing-americas-data-science-and-

analvtics-talent

2.35 min postings, 23% Data Scientist, 67% DSA enabled jobs
DSA enabled jobs growing at higher rate than main Data Science jobs

" Citing EDISON and EDSF

Burning Glass Technology, IBM, and BHEF report “The Quant
Crunch: How the demand for Data Science Skills is disrupting the

https://public.dhe.ibm.com/common/ssi/ecm/im/en/iml14576usen/IML14576

job Market” (April 2017)
USEN.PDF
DSA enabled jobs takes 45-58 days to fill: 5 days longer than average
Commonly required work experience 3-5 yrs
Data Science Profession and Education

Kiev 2018
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- PWC&BHEF: Demand for DSA enabled jobs

\\l//
//

Analytics-enabled jobs Data science jobs
ecion i ewees e wiuece Demand for business people with
I analytics skills, not just data
Insurance . . ® SCIeﬂtIStS
26% 51% 18% % 2% « Of 2.35 million job postings in
oy @ o the US
ssistance . .
— 23% Data Scientist
32% 44% 15% 5% 2% _
— 67% DSA enabled jobs
omter “ . ®—o »  Strong demand for managers
3%  23% 26% 4% 2% and decision makers with Data
| . Science (data analytics)
e . ® skills/understanding
45% 25% 23% 4% 2% — Challenge to deliver actionable
Professional knowledge and competences to
and Techrica @ ® CEO level managers
30% 29% 31% 6% 2%
Retail Trade “ . (] ®
46% 35% 139% 49 0o ssion and Education 12



_\\‘//» PwWC&BHEF: Data Science and Data Analytics

S N

s\ Competences for Managers and Decision Makers

Finance and o ==
% .
accounting managers 59 L
Marketing and % Y
sales managers o1 .l

Executive leaders

Operations managers

Supply chain and oom
logistics managers Cco
Human resources 0 .o
06 o)
managers 30% an

Percent of employers who say data science and analytics skills will be ‘required of all managers’ by 2020
»  Source: BHEF and Gallup, Data Science and Analytics Business Survey (December 2016).
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'\\ PwC&BHEF: Skills that are tough to find

\\‘//

Figure 8: The fastest-growing job areas require both analytical and social skills
US, change in employment skills by skills required, 1980 = 100

108

9 7% Faster growing jobs require both analytical o
9 5% and social skills g mathe,
104
(Cybersecu rlty) righ socil skl

100

High maths,

[ Data SCience j 83% low social skills

and analytics

96

Low maths,
low social skills

92
Critical thinking 1680 a0 2000 o 2
and

problem solving | 79Q% 79% 78 % 78%

| %
[ tDeS'f’hWk- J Global 74
systems thinking verspective
[Cross-disciplinary]
[ Innovation j ability

and creativity
Cognitive
flexibility

To be mapped to Competences, Knowledge, Skills and Personal (soft) Skills

Source: Business Roundtable (2017).
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_}“// IBM&BGT:. DSA Jobs Time to Fill and Salary

——

/N (2016-2017)

Top Industries A verage Average Annual
DSA Framework Category Time to Fill
(by Demand Volume) Salary
(Days)

Professional Services 50 $96,845

Data-Driven Decision Makers Finance & Insurance 37 $98,131
Manufacturing 43 $93,641

Finance & Insurance 35 $71,937

Functional Analysts Professional Services 48 $69,135
Manufacturing 39 $72,571

Professional Services 51 $82,447

Data Systems Developers Finance & Insurance 35 $87,039
Manufacturing 43 $81,138

Professional Services 47 $74,917

Data Analysts Finance & Insurance 31 $83,209
Manufacturing 41 $72,742

. Professional Services 51 $97,457
Eﬁ;?yii;entﬁts & Advanced Finance & Insurance 43 $106,610
Manufacturing 45 $92,543
Finance & Insurance 38 $113,754
Analytics Managers Professional Services 53 $107,185
Manufacturing 40 $106,926

 On average, DSA jobs in Professional Services remain open for 53 days, eight
days longer than the overall DSA average. (IBM, BGT 2017 Study)
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— Closer look at Data related Jobs and Salaries (2016)

~\
)

Diata Modder
Drata Processor
Diata Scientist
Drata Clerk

Driata Architect
Data Coordinator
Diata Techhician
Data Specialist
Data Anaky =

Data Manager

0 20,000 40,000 60000 80,000 100,000 120,000 140,000

Source: The Job Market for Data Professionals, by Robert R Downs, SciDataCon2016
http://www.scidatacon.org/2016/sessions/98/poster/51/
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— OECD and UN on Digital Economy and Data Literacy

/ '\
\

OECD (Organisation for Economic Coopration and Development)
« Demand for new type of “dynamic self-re-skilling workforce”

 Continuous learning and professional development to become a
shared responsibility of workers and organisations

[ref] Skills for a Digital World, OECD, 25-May-2016
http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=DSTI/ICCP/11S(2015)10
/EINAL&docLanquage=En

UN

- Data Revolution Report "A WORLD THAT COUNTS" et
Presented to Secretary-General (2014) o2 &
http://www.undatarevolution.org/report/ B (O\

« Data Literacy is defined as key for digital revolution o NS4
and Industry 4.0 \o°

 Data literacy = critically analyse data collected and
data visualised

Kiev 2018 Data Science Profession and Education 17
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-:/ \i» PwC study: Millennials at work (2016) - 1

WwWw.pwe.com

Millennials at work

Confirmed results of previous studies: Reshaping the workplace
» Loyalty-lite to company

— The power of employer brands and the waning
importance of corporate responsibility

« Atime of compromise: benefit from individual
package negotiation

« Development and work/life balance are more
important than position or salary

— Work/life balance and diversity promises are pwc
not being kept

« Financial reward is secondary but cash bonuses are valued

« Atechno generation avoiding face time and prefer network
communication

* Moving up the ladder faster expectation but often not confirmed
by hard work required

 Generational communication but not without tensions

Kiev 2018 Data Science Profession and Education 18
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* What organisation is an attractive employer? Millennials at work
— Opportunities for career progression Reshaping the workplace
— Competitive wages/other financial incentives
— Excellent training/development programmes

« Factors most influenced decision to accept your
current job?

— The opportunity for personal development
— The reputation of the organisation
— The role itself
*  Which three benefits would you most value from an
employer?
— Training and development
— Flexible working hours
— Cash bonuses

What can employers do?  Feedback, feedback and more feedback
Business leaders and HR need to work together *  Set them free

to: « Encourage learning

* Understand this generation « Allow faster advancement

* Get the ‘deal right « Expect millennials to go

* Help millennials grow

Kiev 2018 Data Science Profession and Education 19
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-~ — Data Driven Victories and Failures - Politics

Very high impact events and facts

« US Election 2012 — Obama’s campaign and rise of Big Data analytics

— Micro-targeting and Social Networks analysis
« Brexit 2016

— “Data driven Brexit” — first serious ring for right use of Data Science technologies
« US Election 2016

— Clinton’s campaign — “Data driven” but using only upper layer of Social Network (SN)
web

— Trump’s campaign — Targeting bottom SN web and “forgotten people not to be
forgotten”

« Matt Oczkowski, leader on Trump’s campaign: “If he was going to win this election, it was going
to be because of a Brexit style mentality and a different demographic trend than other people
were seeing.”

 France election 2017
— Awakening

Kiev 2018 Data Science Profession and Education 20



_ Data-Driven Brexit: A Wakeup Call for Analysts
;, | \ By Barry Devlin, June 28, 2016

Book: In Data We Trust:
How Customer Data is
Revolutionising Our
Economy (Aug 2012)

* A strategy for
tomorrow's data world

Data-Driven Brexit: A Data-Driven Brexit: A Wakeup Call for Analysts
How Customer Data Is Wakeup Call for Analysts .
Revolutionising Our Economy By Barry Devlin, June 28, 2016 fi;l;.(‘1f e ,:_7-_).‘%’.,..: :r ez e tehe v
IR : A Uals Uttt Bresii: A
B r ke 'I '..'r :, “' " a4 r satsaenteamn Wabeop Calfur Roedysls
: o .:.11 reecr '-f.'"’" MF maniee Fals oer ey i Goo

» There are significant lessons for believers in data-driven business to

* Article “In Data we trust” by T.Edsall in The learn from how data was and wasn’t used for decision making before,
New York Times during, and after the Brexit vote.

* Multimillion-dollar contract for data + Human attitude -- including emotion, intuition, and social empathy --
management and collection services and motivation are at the heart of decision making and the action that
awarded May 1, 2013 to Liberty Work (for follows
Republicans) to build advanced list of

+ Information will only be accepted when it conforms to preconceived
notions. Expertise is not sufficient and, in extremis, will be dismissed
with ridicule.
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— US elections 2016, other facts and Data Analytics

* On-going scandal with Cambridge Analytica
This area intentionally left blank

« Growing importance of ethical factor

— Education is essential to tame new element/dimension of our life —
Data

— Existing ICT Manifesto for ICT Professionals

* Increasing impact of EU GDPR (General Data Protection
Regulation) to be in force from 25 May 2016

Kiev 2018 Data Science Profession and Education
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/ ~ Challenge for Education:
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Sustainable ICT and Data Skills Development

Educate vs Train
— Training is a short term solution
— Education is a basis for sustainable skills development
— Importance of workplace or professional attitude skills (not covered in academic curricula)

Technology focus changes every 3-4 years
— Study: 50% of academic curricula are outdated at the time of graduation

Growing influence of Big5 technology companies: Amazon, Microsoft, Google,
Facebook, Apple

Lack of necessary skills leads to underperforming projects and organisations and
loose of competitiveness

— Challenge: Policy and decision makers still don’t include planning human factor (competences and
skills) as a part of the technology strategy

Need to change the whole skills management paradigm

— Dynamic (self-) re-skilling: Continuous professional development and shared responsibility
between employer and employee

— Professional and workplace skills and career management as a part of professional orientation

Millennials factor and changing nature of workforce

Kiev 2018 Data Science Profession and Education 23
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— Data Scientist definitions: From Math to Hacking

~\
)

« Strongly depend on the
background of the Data
Scientist

Computer
science

Mathematics
Expertise

\ Technology;
, | Hacking Skills
= DATA

' SCIENCE

Business/Strategy
Acumen
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Becoming a Data Scientist by Swami Chandrasekaran (2013)
http://nirvacana.com/thoughts/becoming-a-data-scientist/
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EDISON EDISON Products for Data Science Skills

uilding the data

cience profession Management and Curriculum Design

. Data Science
—ﬁﬁ&)il—) Mc-Ds [ Community Portal

« EDISON Data Science Framework (EDSF)
— Compliant with EU standards on competences and professional

CF-DS ' | online Educational
! nline Educationa
Taxmi—‘ f Environment
Vocabulary 1

occupations e-CFv3.0, ESCO ! bata soi I Pesrer—

: . : - | Framework | DS ProfProfies |y 2T opment

— Customisable courses design for targeted education and training - - -- - oo - T
| Foundation & Concepts | (I Seviees |

« Skills development and career management for Core Data
Experts and related data handling professions

r

« Capacity building and Data Science team design ﬂ

« Academic programmes and professional training courses H

(self) assessment and design 5_;,5;"_.,_,0_.._.95______{ ____________ ]

« Cooperation with International professional organisations — %“’h'/‘ﬂ .......
IEEE, ACM, BHEF, APEC (AP Economic Cooperation ) S ) e

Data Science Cumpetence DS Professional Profiles
Framework (( F-DS) |:> (DSP-P)

Cottect [P ~ Analysel = )
S magars: ChiefData Offcr [CDOJ, Data Sclence [group/dep)
Data l ] Data manage, 1, Data Science infrastructure manager, Research
=
) rcher, Data Learning Outcomes (LO)
3| .
Dm | iy B s e, (OBE Learning Model)
| wac  Professional datal ) database designers |
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- — EDISON Data Science Framework (EDSF)
// | \\
R e e e T Ty | _
: . Community

I > DS-BoK .| Data Science Online
: A MC-DS | “| Educational Environ Portal (CP)
. i < > : A A « Community
! CF-DS v $_ 1 3 > support
! 5|  Taxonomy and | A - Data Science
I i’ Vocabulary 1 Directory ETM career & prof
| ) Y , A I development

! Data Science
|
- Framework

DS Prof Profiles l

\ 4

Foundation & Concepts

_ * Competences
Edu&Train Virtual < benchmarking
Marketpltz Data Labs
Services Biz Model

EDISON Framework components

— CF-DS - Data Science Competence Framework
— DS-BoK — Data Science Body of Knowledge

— MC-DS - Data Science Model Curriculum

— DSP - Data Science Professional profiles

Methodology

— Data Science Taxonomies and Scientific Disciplines

Classification
— EOEE - EDISON Online Education Environment

ESDF development based on job market
study, existing practices in academic,
research and industry.

Review and feedback from the ELG, expert
community, domain experts.

Input from the champion universities and
community of practice.
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-~ — Competences Map to Knowledge and Skills

/'\
/o \

« Competence is a demonstrated ability to apply knowledge,
skills and attitudes for achieving observable results

[ Competences J

1N

[ Knowledge ]|:>[ p:r?:::zt(())rg }(}:{)[ Skills ]
|

ﬁ functions ﬁ
Experience &
[ Education (Bok) ﬂ [ Workplace Train ]
% Professional %
Profiles
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7

-7 '\:— Data Scientist definition

Based on the definitions by NIST SP1500 — 2015, extended by EDISON

Collect
Data

« A Data Scientist is a practitioner who has sufficient
knowledge in the overlapping regimes of expertise in e\ oo

DOMAIN MODELS Science
EXPERTISE — ANALYTICS

business needs, domain knowledge, analytical skills, B dentit

Experiment Patterns

and programming and systems engineering expertise [mocesses | avuc
to manage the end-to-end scientific method process assseen

ENGINEERING Methods

Test Hypothesise| & Business Process
Hypothesis Explanation Management
L ~ J for biz competences,

through each stage in the big data lifecycle till the delivery
of an expected scientific and business value to
organisation or project.

« Core Data Science competences and skills groups
— Data Science Analytics (including Statistical Analysis, Machine Learning, Business Analytics)

— Data Science Engineering (including Software and Applications Engineering, Data
Warehousing, Big Data Infrastructure and Tools)

— Domain Knowledge and Expertise (Subject/Scientific domain related)
 EDISON identified 2 additional competence groups demanded by organisations
— Data Management, Data Governance, Stewardship, Curation, Preservation

— Research Methods and/vs Business Processes/Operations

« Data Science professional skills: Thinking and acting like Data Scientist — required to
successfully develop as a Data Scientist and work in Data Science teams

Kiev 2018 Data Science Profession and Education 29
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Data Science Competence Groups - Research

DOMAIN

EXPERTISE

Experiment

Design

v

- ’ Analyse

Data

—

/ RESEARCH Data
- MODELS Science
. : ANALYTICS

Data Science Competences
include 5 groups

» Data Science Analytics

» Data Science Engineering

« Domain Knowledge and Expertise
« Data Management

* Research Methods and Project
Management
— Business Process Management (biz)

v Scientific Methods

Identify + Design Experiment
Patterns « Collect Data

PROCESSES ANALYTIC \
ALGORITHMS SYSTEMS -}

Data
Management

Test

g

* Analyse Data
* |dentify Patterns
* Hypothesis Explanation

Data Science Research  Test Hypothesis

ENGINEERING Methods

Hypothesise

|Hypothesis

Kiev 2018

g ‘ Explanation

Business Operations
x * Operations Strategy
Business Process * Plan
Management « Design & Deploy
(for biz competences) * Monitor & Control

* Improve & Re-design
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- — Data Science Competences Groups — Business

/\

.~

Optimisation

[ RESEARCH Data
. MODELS Science
— ANALYTICS

DOMAIN
EXPERTISE

PROCESSES
ALGORITHMS

ANALYTIC

SYSTEMS

Monitoring Modelling

Data Science
ENGINEERING

Business Process
Management

Data
Management

& Research Methods
(for research
competences)

Execution

Kiev 2018 Data Science Profession and Education

Data Science Competences
include 5 groups

» Data Science Analytics

» Data Science Engineering

* Domain Knowledge and Expertise
+ Data Management

* Research Methods and Project
Management
— Business Process Management (biz)

Scientific Methods

» Design Experiment

+ Collect Data

* Analyse Data

+ Identify Patterns

* Hypothesise Explanation
» Test Hypothesis

Business Process
Operations/Stages

* Design

* Model/Plan

* Deploy & Execute

* Monitor & Control

* Optimise & Re-design
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— Identified Data Science Competence Groups

6

Use appropriate data
analytics and
statistical techniques
on available data to
deliver insights into
research problem or
org. processes and
support decision
making

DSDAO1

Effectively use variety
of data analytics
techniques

DSDAO02
Apply designated
guantitative techniques

DSDAO03

Pull together data from
diff sources ...

DSDA0O4

Use diff perform
techniques

DSDAO5

Develop analytics applic
DSDA06

K Visuatisesresults of

analysis, dashboards

Use engineering principles
and modern computer
technology to research,
design, implement new data
analytics applications,
develop experiments,
processes, instruments,
systems and infrastructures
to support data handling
during the whole data
lifecycle

DSENGO1

Use engineering principles (general
and software) to research, design,

develop and implement new
instruments and applications

DSENGO02

Develop and apply computer
methods to domain related
problems

DSENGO03

Develop and prototype data
analytics applications

DSENGO04

Develop, deploy operate Big Data
storage

DSENGO05

Apply security mechanisms
DSENGO06

Develop and
implement data
management strategy
for data collection,
storage, preservation,
and availability for
further processing.

DSDMO1

Develop and implement
data strategy, in
particular, Data
Management Plan (DMP)

DSDMO02
Develop data models
including metadata

DSDMO03
Collect integrate data

DSDMO04
Maintain repository

DSDMO05
Visualise cmplx data
DSRMO06

Create new understandings
and capabilities by using
the scientific method
(hypothesis, test/artefact,
evaluation) or similar
engineering methods to
discover new approaches to
create new knowledge and
achieve research or
organisational goals

DSRMPO1

Create new understandings and
capabilities by using scientific/
research methods

DSRMPO02

Direct systematic study toward
a fuller knowledge or
understanding of the
observable facts

DSRMPO3

Undertakes creative work

DSRMP04
Translate strategies into actions

DSRMPO5
Contribute to organis goals
DSRMPO06

Design, build, operate SQL angh5t4 SPRvelePrRAsiRanggeand EdRexglep and guide data driven

NoSQL

prolicies

projects

DSDK/DSBA

Use domain knowledge
(scientific or business) to
develop relevant data
analytics applications; adopt
general Data Science methods
to domain specific data types
and presentations, data and
process models,
organisational roles and
relations

DSBPMO1

Understand business and provide
insight, translate unstructured

business problems into an
abstract mathematical framework

DSBPMO02
Participate strategically and
tactically in financial decisions

DSBPMO03
Provides support services to other

DSBPMO04
Analyse data for marketing

DSBPMO05

Analyse optimise customer relatio
DSBPMO06

Analyse data for marketing 39
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-~ — Identified Data Science Skills/Experience Groups
/\

Skills Type A — Based on knowledge acquired

« Group 1: Skills/experience related to competences
— Data Analytics and Machine Learning
— Data Management/Curation (including both general data management and scientific data management)
— Data Science Engineering (hardware and software) skills
— Scientific/Research Methods or Business Process Management
— Application/subject domain related (research or business)
 Group 2: Mathematics and statistics
— Mathematics and Statistics and others

Skills Type B — Base on practical or workplace experience

« Group 3: Big Data (Data Science) tools and platforms

— Big Data Analytics platforms

— Mathematics & Statistics applications & tools

— Databases (SQL and NoSQL)

— Data Management and Curation platform

— Data and applications visualisation

— Cloud based platforms and tools
« Group 4: Data analytics programming languages and IDE

— General and specialized development platforms for data analysis and statistics
* Group 5: Soft skills and Workplace skills

— Data Science professional skills: Thinking and Acting like Data Scientist

— 21st Century Skills: Personal, inter-personal communication, team work, professional network

Kiev 2018 Data Science Profession and Education 33
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Data Science Professional Skills:
Thinking and Acting like Data Scientist

1. Recognise value of data, work with raw data, exercise good data intuition, use SN and open data
2 Accept (be ready for) iterative development, know when to stop, comfortable with failure, accept the
symmetry of outcome (both positive and negative results are valuable)
3. Good sense of metrics, understand importance of the results validation, never stop looking at
individual examples
4.  Ask theright questions
5. Respect domain/subject matter knowledge in the area of data science
6. Data driven problem solver and impact-driven mindset
7. Be aware about power and limitations of the main machine learning and data analytics algorithms
and tools
8. Understand that most of data analytics algorithms are statistics and probability based, so any
answer or solution has some degree of probability and represent an optimal solution for a number
variables and factors
9. Recognise what things are important and what things are not important (in data modeling)
10. Working in agile environment and coordinate with other roles and team members
11. Work in multi-disciplinary team, ability to communicate with the domain and subject matter experts
12. Embrace online learning, continuously improve your knowledge, use professional networks and
communities
13. Story Telling: Deliver actionable result of your analysis
14. Attitude: Creativity, curiosity (willingness to challenge status quo), commitment in finding new
knowledge and progress to completion
15. Ethics and responsible use of data and insight delivered, awareness of dependability (data scientist is
a feedback loop in data driven companies)
Kiev 2018 Data Science Profession and Education 34
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10.
11.

- 21st Century Skills (DARE & BHEF & EDISON)

Critical Thinking: Demonstrating the ability to apply critical thinking skills to solve
problems and make effective decisions

Communication: Understanding and communicating ideas
Collaboration: Working with other, appreciation of multicultural difference

Creativity and Attitude: Deliver high quality work and focus on final result, initiative,
intellectual risk

Planning & Organizing: Planning and prioritizing work to manage time effectively and
accomplish assigned tasks

Business Fundamentals: Having fundamental knowledge of the organization and the
industry

Customer Focus: Actively look for ways to identify market demands and meet customer
or client needs

Working with Tools & Technology: Selecting, using, and maintaining tools and
technology to facilitate work activity

Dynamic (self-) re-skilling: Continuously monitor individual knowledge and skills as
shared responsibility between employer and employee, ability to adopt to changes

Professional networking: Involvement and contribution to professional network activities

Ethics: Adhere to high ethical and professional norms, responsible use of power data
driven technologies, avoid and disregard un-ethical use of technologies and biased data
collection and presentation
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,\ / Maritime Industry Digital Transformation
/Q%\ mates and Skills Strategy — Toward Industry 4.0

. ® [ )
\ \ v
M ’\/
LONG-TERM
CURRICULUM EDUCATION /f B  KNOWLEDGE o)
DESIGN & TRAINING TRANSFER SKILLS STRATEGY, LITERACY

-
#'

Digital Transformation @\

1
Digital Competences/Skills

- L3
‘3 « Automation, robotics,

* Digitalisation and loT
* Intelligent Information BigData  System electrical vehicles
» Data Management Integration | e |nformation and data
* Digital Assets Manage Industry 4.0 literacy
* Data Driven Optimisation * Communication and
« Agile Continuous Mawf':gt‘i'j::‘r:; collaboration
Improvement Internet of |« Digijtal content creation,
* Customer Experience Things safety
* People and skills ) 4 . problem solving and
L n \ critical thinking )

Cybersecurity

Computing




Kiev

— Practical Application of the CF-DS

Basis for the definition of the Data Science Body of Knowledge
(DS-BoK) and Data Science Model Curriculum (MC-DS)

— CF-DS => Learning Outcomes (MC-DS) => Knowledge Areas (DS-BoK)
— CF-DS => Data Science taxonomy of scientific subjects and vocabulary

Data Science professional profiles definition

— Extend existing EU standards and occupations taxonomies: e-CFv3.0,
ESCO, others

Professional competence benchmarking
— For customizable training and career development
— Including CV or organisational profiles matching

Professional certification
— In combination with DS-BoK professional competences benchmarking

Vacancy construction tool for job advertisement (for HR)
— Using controlled vocabulary and Data Science Taxonomy
— Candidates’ CV assessment

2018 Data Science Profession and Education



manager, Data Science infrastructure manager, Research
Infrastructure manager

Managers: Chief Data Officer (CDO), Data Science (group/dept) le'

Professionals: Data Scientist, Data Science Researcher, Data
Science Architect, Data Science (applications)
programmer/engineer, Data Analyst, Business Analyst, etc.

Professional (database): Large scale (cloud) database designers
and administrators, scientific database designers and @@@
administrators

Digital Data Curator, Data Librarians, Data Archivists

Professional (data handling/management): Data Stewards, 1

: Technicians and associate professionals: Big Data facilities DSP DoR
@ operators, scientific database/infrastructure operators @
X Support workers and data handling clerks: User support
Cop workers, data entry clerks, data entry field workers @
Icons used: Credit to [ref] https://www.datacamp.com/community/tutorials/data-science-industry-infographic
Data Science Profession and Education 38
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— CF-DS and Data Science Professional Profiles
'\

\i/

\\

Collect - ‘ Analyse

Data Data

DSP JOMAIN
’XPERTISE

Identify
Pattern

Business Process

Management

(for biz competences)

Hypothesis
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Kiev

— EDSF for Education and Training

Foundation and methodological base

— Data Science Body of Knowledge (DS-BoK)
« Taxonomy and classification of Data Science related scientific subjects

— Data Science Model Curriculum (MC-DS)

« Set Learning Units mapped to CF-DS Learning and DS-BoK Knowledge
Areas/Units

— Instructional methodologies and teaching models

Platforms and environment

— Virtual labs, datasets, developments platforms

— Online education environment and courses management

Services

— Individual benchmarking and profiling tools (competence assessment)
— Knowledge evaluation tools

— Certifications and training for self-made Data Scientists practitioners
— Education and training marketplace: Courses catalog and repository

2018 Data Science Profession and Education
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— Data Science Body of Knowledge (DS-BoK)

|

~
5

DS-BoK Knowledge Area Groups (KAG)

« KAG1-DSA: Data Analytics group including
Machine Learning, statistical methods,
and Business Analytics

« KAG2-DSE: Data Science Engineering group
Including Software and infrastructure engineering

« KAG3-DSDM: Data Management group including data curation,
preservation and data infrastructure

« KAG4-DSRM: Research Methods and Project Management group
« KAG5-DSBA: Business Analytics and Business Intelligence

« KAG* - DSDK: Data Science domain knowledge to be defined by related
expert groups
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2L KAG3-DSDM: Data Management group: data curation,
7\ preservation and data infrastructure
/ \

DM-BoK version 2 “Guide for Other Knowledge Areas motivated by
performing data management” RDA, European Open Data initiatives,
— 11 Knowledge Areas European Open Data Cloud
(1) Data Governance (12) PID, metadata, data registries
(2) Data Architecture (13) Data Management Plan
(3) Data Modelling and Design (14) Open Science, Open Data, Open
(4) Data Storage and Operations Access, ORCID
(5) Data Security (15) Responsible data use

(6) Data Integration and
Interoperability

(7) Documents and Content
(8) Reference and Master Data

(9) Data Warehousing and Business
Intelligence

(10) Metadata

(11) Data Quality Highlighted in red: Considered (Research)
Data Management literacy (minimum

required knowledge)

Kiev 2018 Data Science Profession and Education 42
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- — Data Science Model Curriculum (MC-DS)

/ '\
/ \

Data Science Model Curriculum includes

* Learning Outcomes (LO) definition based on CF-DS

— LOs are defined for CF-DS competence groups and for all
enumerated competences

— Knowledge levels: Familiarity, Usage, Assessment (based in Bloom’s
Taxonomy)
* LOs mapping to Learning Units (LU)
— LUs are based on CCS(2012) and universities best practices

— Data Science university programmes and courses inventory

(interactive)
http://edison-project.eu/university-programs-list

e LU/course relevance: Mandatory Tier 1, Tier 2, Elective,
Prerequisite

« Learning methods and learning models (in progress)
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— Outcome Based Educations and Training Model

N

/\

N

Data Science Competence DS Professional Profiles From Competences and DSP
Framework (CF-DS) :> (DSP-P) Profiles P

bld o ‘% ----------- Ef ----- to Learning Outcomes (LO)
= and

Learning Outcomes (LO) to Knowledge Unites (KU) and
(OBE Learning Model) Learning Units (LU)
v %
— ; — « EDSF allow for customized
Knowledge Units (KU) |:> Learning Units (LU) educational courses and training
(DS-BoK) (MC-DS) modules design
Tracks/Specialisations (based on DSP-P)
(LO, LU, KU, courses/modules)

DS Professional Training

DS Academic Programmes

Modules 2 LO/
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-E/ — DSPO04 — Data Scientist MC structure

DSPO4 - Data Scientist

B DSDA W DSDM W DSENG ™ DSRMP

KUD2.05....

KUD2.05....
KA03.02, KAO03.01, kU02.01.07, KUO02.06....

KU03.02.01 KA03.03 KU02.01.08,
KA03.02 T

KU01.02.02 KU01.02.03 KAD1.01
KAD2.05,...

KAD03.06, KA03.01, KA02.02, KAD2.03
KU03.03.03 | KA03.03
KA01.03 KU01.01.09
KA04.01,
KU01.01.07 SeRee KU02.01.02,
TV KUD4.01.03

KU01.01.10 o KUD4.01.05
KUD1.05.06 KU03.01.02 KAD3.04

KA03.01, KU03.04.05
U... KU03.01.05. e
KU01.01.08 KA01.05 KU01.06.02 . | KAOL.... | KUD3.04.07 KU03.03.0...
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DSP10 — Data Steward MC structure

KAQ3.01, KAO3.03

KAQ3.03,
KU03.01.02

KAQ3.04

KUO3.01.05.

KU03.04.07

KAQ3.01,
KAD3.03

DSP10 - Data Steward

® DSDA ™ DSDM

KAO1.01

KU01.01.08

KAO03.06,
KU03.03.03

KU01.01.09

KU03.... | KU01.02.04

B DSENG = DSRMP

KU01.01.07

Ku01.02.02 KU01.02.03

KU01.0... | KUO1...

KA01.05

KA01.03

Data Science Profession and Education

KU02.01.07,
KU02.01.08,
KA03.02

KAD2.04,
KU02.04.01,
KU02.04.03

KUD4.01.05

KAD4.01,
KU04.01.02,
KU04.01.03

KA02.02,
KA02.03

KA02.01,
KA02.05

KA02.01,
KA02.02

KU04.01.06
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- DSP04 Data Scientist — Required practical skills
and Hands-on labs

\

Data Science curriculum should include the following elements
to achieve necessary skills Type B:

Python (or R) and corresponding data analytics libraries

NoSQL and SQL Databases (Hbase, MongoDB, Cassandra, Redis,
Accumulo, MS SQL, My SQL, PostgreSQL, etc.)

Big Data Analytics platforms (Hadoop, Spark, Data Lakes, others)
Real time and streaming analytics systems (Flume, Kafka, Storm)

Kaggle competition, resources and community platform, including rich
data sets, forum and computing resources

Visualisation software (D3.js, Processing, Tableau, Julia, Raphael, etc.)
Web APl management and web scrapping
Git versioning system as a general platform for software development

Development Frameworks: Python, Java or C/C++, AJAX (Asynchronous
Javascript and XML), D3.js (Data-Driven Documents), jQuery, others

Cloud based Big Data and data analytics platforms and services,
iIncluding large scale storage systems
— [Essential for workplace adjustment
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— Individual Competences Benchmarking

~\
)

MATCHING - COMPETENCE PROFILES

#DSP04 - Data Scientist  s=Candidate - Data Scientist IndIVIduaI Educat|0n/Tra|n|ng Path
DSDAOI based on Competence benchmarking
DSBPMO6__ T-r=wmrn, | DSDAR2
DSBEMOS o™ DAY « Red polygon indicates the chosen
DSBPM??.'"' "‘PSDAM professional profile: Data Scientist
DSBPMO3 .+ ".| DSDA05 (general)
DSBPMO2 7 “{ DsDA06 . Gree_n_ polygon indicates the_candld_ate or
£ practitioner competences/skills profile
DSBPMO1 & % DspMol e Insufficient competences (gaps) are
Y @400 aa t highlighted in red
DSRMO06 1 DSDMO02 — DSDAO01 — DSDAO06 Data Science Analytics
: — DSRMO01 — DSRMO05 Data Science Research
DSRMOS |; i DSDMO3 Methods
% ! . Can be use for team skills match marking and
DSRMO4 '_“ / DSDMo4 organisational skills management
DSRMO3 [, ~ DSDMO5 [ref] For DSP Profiles definition and for enumerated
competences refer to EDSF documents CF-DS and DSP
DSRMOZ. 0... ------ ..-".DSDMOG Profiles.
DSRMOI[™. e “"DSENGO1
DSENGO6 e . e G0
DSENGOS5 =~~~ DSENGO3
DSENG04
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— Building a Data Science Team

)

Data Science
Applications Developer @ Data Steward

Data Engineer,
@ Database Developer
@ Data Scientist

oc\ |} Data Analyst/
Business Analyst

OO Data Science
Applications Developer

Data Scientist

Data Steward
Data Entry/
Support @

Researcher [= =]
(Scientific domain)

Data Facilities
Operator @

sisAjeuy eleq

Data Science Group
Manager,
Data Science Architect

Data Source
(Experiment, Data Driven
Application)

QO

Data Scientist
Data Steward

Kiev 2018 Data Science Profession and Education

Data Steward @

Data Science Researcher
Business Analyst
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Data Science or Data Management Group/Department:
7 Organisational structure and staffing - EXAMPLE

Data Science or Data Management Group/Department

>> Reporting to CDO/CTO/CEO
* Providing cross-organizational

« (Managing) Data Science Architect (1) Services

« Data Scientist (1), Data Analyst (1)
« Data Science Application programmer (2)

« Data Infrastructure/facilities administrator/operator: storage, cloud,
computing (1)
- Data stewards, curators, archivists (3-5)

Estimated: Group of 10-12 data specialists for research institution of 200-
300 research staff.

Growing role and demand for Data Stewards and data stewardship

Kiev 2018 Data Science Profession and Education
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~ Data Stewardship in Research and FAIR
'\ Principles

~

* FAIR Initiative by Dutch Techcentre for Life Science
(DTLS) — Prof. Barend Mons
— Supported by Germany, France, Spain, UK, USA
— Part of Horizon 2020 Programme

* FAIR Principles for research data:
Findable — Accessible — Interoperable - Reusable

« Data Stewards as a key bridging role between Data
Scientists as (hard)core data experts and scientific
domain researchers (HLEG EOSC report)

« Current definition of the Data Steward (part of Data HLEG report on
Science Professional profiles) European Open

— Data Steward is a data handling and management Science Cloud
professional whose responsibilities include planning, (October 2016)
implementing and managing (research) data input, storage,
search, and presentation.

— Data Steward creates data model for domain specific data,
support and advice domain scientists/ researchers during the
whole research cycle and data management lifecycle.

IPL Webinar 2018 Data Governance and Data Management 51
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Executive View
Do things right

Legislative & Judicial View
Do the right things

Chief Information Officer

Chief Data Officer

IT

Organizations
Data Management
Executives

Enterprise

Data

Management Program
Services Steering
(DMS) Committees

Divisions &

Data Architects

Coordinating Data

Project
+Stewards :

Management
Data Analysts Office

Technical
Data Stewards
or SMEs

Projects

[ref] DAMA-DMBOK Data Management Body of Knowledge, 2nd Edition, 2017

IPL Webinar 2018 Data Governance and Data Management

» Separation or
governance
responsibilities

* Multi-layer

« CDO

* CIO

« Councils

» Data Stewardship

DAMA Data
Management Body
of Knowledge

(DMBOK)

V)



~ — Discussion: How to become a Data Scientist

* Alot of information and different paths

* There are essential knowledge and competences

— However most of them require strong background in
mathematics, statistics, programming, infrastructure, etc.

Kiev 2018 Data Science Profession and Education 53
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- — Discussion: How to become a Data Scientist

/ '\
/ \

« Understand required Data Science and Analytics
competences and skills

« Build your own learning path
— Assess your knowledge and start from basics

— Statistics is foundation of Data (Science) Analytics
» Develop statistical/probabilistic thinking
« Difference between Data Science and statistics

— Learn from others experience: read blogs, join forums and
communities

— Decide about academic degree, professional certificate, self-
education/training, join local Meetup

« Start applying for job
— Remember variety of Data Scientist roles and profiles
— Understand what company is actually looking for
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~ . Data Science and Data Mining

/ \

« Data mining (knowledge discovery from data)
— Extraction of interesting (non-trivial, implicit, previously unknown

and potentially useful) patterns or knowledge from huge amount
of data

 Alternative names

— Knowledge discovery (mining) in databases (KDD), knowledge
extraction, data/pattern analysis, data archeology, data
dredging, information harvesting, business intelligence, etc.

« Watch out: Is everything “data mining”?
— Simple search and query processing
— (Deductive) expert systems

Kiev 2018 Data Science Profession and Education




—CRISP DM process: Processes and Data Lifecycle

Business Data
Understanding Understanding

[ Data Preparation ]

Deployment
[ S ] Data f
[ Modeling ]

Evaluation J/

Cross Industry Standard Process for Data Mining (CRISP-DM)
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Becoming a Data Scientist by Swami Chandrasekaran
(2013) http://nirvacana.com/thoughts/becoming-a-data-scientist/

« Good and
L practical advice

£ % . how to learn
Using ETL i) swafed gy N >

Sampling

How much Data? ) p’mul;‘" II & & | Data SC i e n Ce y

Component
Google OpenRefine . Analysis g

R, il ST I step by step

Extraction

Using

Mahout
Using 6. Visualization
Weka
e
3 . Data Exploration in R (Hist, Boxplot etc) ) | O | | OW th e ro u te

@ uni, Bi & Multivariate Viz
® sopio
. Histogram & Pie {Uni)
@ Trec & Tree Map
O 10. Toolbox
@ scatter Plot (81)
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http://nirvacana.com/thoughts/becoming-a-data-scientist/

— Online Educational and training resources

* LinkedIn Education

« Microsoft Virtual Academy (MVA)

* (IBM — In transition)

 DataCamp

* Coursera, Udacity

 Certification and training PMI, DAMA, IIBA
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- — Open Data and Educational Datasets

« Amazon Web Services (AWS)

« Google

* Microsoft Azure

« Kaggle

 KDNuggets

* Emerging - https://www.datasciencepro.eu/
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S~

— Questions and discussion

~
)
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- — Other related links

Amsterdam School of Data Science
— https://www.schoolofdatascience.amsterdam/
— https://www.schoolofdatascience.amsterdam/education/

 Research Data Alliance interest Group on Education and Training on Handling of
Research Data (IG-ETHRD)

— https://www.rd-alliance.org/groups/education-and-training-handling-research-data.htmi

« Final Report on European Data Market Study by IDC (Feb 2017)
— https://ec.europa.eu/digital-single-market/en/news/final-results-european-data-market-study-measuring-
size-and-trends-eu-data-economy
« PwC and BHEF report “Investing in America’s data science and analytics talent: The
case for action” (April 2017)
— http://www.bhef.com/publications/investing-americas-data-science-and-analytics-talent
« Burning Glass Technology, IBM, and BHEF report “The Quant Crunch: How the
demand for Data Science Skills is disrupting the job Market” (April 2017)
— http://www.bhef.com/publications/quant-crunch-how-demand-data-science-skills-disrupting-job-market
— https://public.dhe.ibm.com/common/ssi/ecm/im/en/iml14576usen/IML14576 USEN.PDF
« Millennials at work: Reshaping the workspace (2016)
— https://www.pwc.com/m1/en/services/consulting/documents/millennials-at-work. pdf

@ @ This work is licensed under the Creative Commons Attribution 4.0 International License.
To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/
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S~

— Additional materials

~
)
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= — Types of Data Mining (branch of Data Analysis)

\\
)

Classification

Feature Selection

Text Mining

Kiev 2018

Data Science Profession and Education

Regression
Clustering
Data Mining Association
Anomaly detection
, Time Series
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-~ — Data Mining: Confluence of Multiple Disciplines
Machine Pattern
Learning Recognition
Applications Data Mining @
Cloud Computing
Database
Technology
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—CRISP DM process: Processes and Data Lifecycle

Business Data
Understanding Understanding

[ Data Preparation ]

Deployment
[ S ] Data f
[ Modeling ]

Evaluation J/

Cross Industry Standard Process for Data Mining (CRISP-DM)
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- \—— Process of Data Analysis

~\

[ Business ]

Drdemrandine [ Data Understanding ]

1. Prior Knowledge

PIE|pEIE DEie 2. Preparation
'd N\ 'd v Y
Training Data > Building Model using Algorithms 3. Modeling

Y
Applying Model and

L Test Data ,_)\ performance evaluation ) 4. Application
4 v N\
Deployment
p ‘l’ \ 5. Knowledge
Knowledge and Actions
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