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Executive summary

Data Science is an emerging field of science, which requires adisaiplinaryapproach and should be built
with a strong link to emerging Big Data and data driven technologies, and consequently néeid&irey and
re-designof both traditional educational models and existing cour§éds education and training of Data
Scientists currently lacks a commonly accepted, harmonized instructional model that reflects by design the
whole lifecycle of datdnandling in modern, data dkien research and the digital economy.

The presented Data Science Model Curriculum completes the definition of the EDISON Data Science Framework
(EDSF) as a foundation for the Data Science profession definition. The EDSF includes the following core
compments: Data Science Competence Framework{SF, Data Science Body of KnowledgeRB¥s), Data

Science Model Curriculum (MZS), and Data Science Professional profiles definition (DSP profiles).

The MCDS is built based on €Fs and DBoK, where LearngnOutcomes are defined based onC%

competences and Learning Units are mapped to Knowledge UnitsBoRSn its own turn, Learning Units are
defined based otthe ACM Classification of Computer Science (CCS2012) and reflect typical courses naming
usedby universities in their current programmes. The suggested Learning Units are assigned suggested labels,
marking their relevance to the core Data Science knowledge areas in a form of Tier 1, Tier 2, or Elective
courses. Further MOS refinement will be danbased on consultation with the universities community and
experts both in Data Science and scientific or industry domains.

The proposed MDS intends to provide guidance to universities and training organisations in the construction
of Data Science pgrammes and individual courses selection that are balanced according to requirements
elicited from the research and industry domains. {26 can be used for assessment and improvement of
existing Data Science programmes with respect to the knowledge angbsompetence groups that are
associated with specific professional profiles. When coupled with individual or group competence
benchmarking, M@S can also be used for building individual training curricula and professional (self/up)
skilling for effectivecareer management.

Further work will be required to develop consistent \dS that can be used by academic community and
professional training community. The proposed initial version will be used to initiate community discussion and
solicit contribution fom the subject matter expects and practitioners. The-BI€ will be presented to the

EDISON Liaison Groups of experts for feedback and will undergo wide community discussion via EDISON
community forum and by presentation at community oriented workshops @ntferences.
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1 Introduction

Data Science is an emerging field of science, which requires adisgifplinaryapproach and should be built
with the strong link to Big Data and data driven technologies that created transfamnaé effect to all

research and industry domains, and consequently requirihirgking and redesign of both traditional
educational models and existing coursel®wever, at present timenost of the existing university curricula and
trainingprogramns arebuilt based on available courses and cover limited set of academic subject related to a
full Data Science Body of Knowledgeveringonly limited set of knowledge areas and professional profiles as
defined in the projectThis potentiallynaycreate gapsn knowledge and competences of the future Data
Scientist graduates for theamooth integration in theealworking environment (both in industry and
academia).

The presented in this deliverable the Data Science Model Curriculum completes the fountBNB&ON Data
Science Framework that includes Data Science Competence Framew®® @FCompetence Framework),
Data Science Body of Knowledge-8K or Body of Knowledge), Data Science Model CurriculunD@®a
Model Curriculum), and Data Science Pssfenal profiles definition and taxonomy (DSP or Professional
profiles). More details are provided in chapter 2.

The proposed Data Science Model Curriculum will reuse the best practices in curriculum design and new
educational model to facilitate the stedits learning as well as existing staff professional training assttiiéng

for data related technologie®8uilding on insights gathered through thorough analyses of existing Data Science
programmes erformed in WP2 Task 2.2 and reported in Deliver&i##e2[3]) and the requirements of

targeted educational stakeholders, the Model Curriculum reflects by deésgwhole data
handling/processingjfecycleand organizational or structural procesgeach ascientific methods and data

driven research cycl®&usiness Process Management cydalefined in Deliverable2.1 Section 2.[2]).

The definition of theMGDS can be used as instrumental in defining recommended training for Data Science
professional certification programBromthe practical perspedte, the Model Curriculum represents a tool for
i) supporting the developmentf new Data Science programmes (including appraisal/selection of
appropriate units/modules) tailored according to proficiency levels requioeatddresscompetences
required for icentified Data Sciencer&fessional profiles, and
i) assessing the coverage of existing Data Science programmes, facilitating the elicitation of potential
gaps w.r.t. to specific competence groups and knowledge areas implied by targeted professional
profiles.

Hence, the Model Curriculuimelps matching thesupplyside and demandgide requirements for Data Science
education.The formal definition of the Data Science Model Curriculum will create a basis for Data Science
educational and training programmes comitdity and consequently Data Science related competences and
skills transferability.

Further work will be required to develop consist¢C-DS that can besed by academic community and
professional training communitythe proposed initial version wilelused to initiate community discussion and
solicit contribution from the subject matter expects and practitiondiseMGDS will be pesented tothe
EDISON Liaison Groups of exp@stdeedback and will undergo wide community discussion via EDISON
community forum and by presentation at community oriented workshops and conferences.

Thepreserted documenthas the following structure. Section 2 provides an ovendéthe EDISON Data

Science framework and relatedgyect activities that supporthe framewak components development and

pilot implementation. Section 3 provides overview of existing BoKs related to Data Science knowledge areas.
Section3 also include®ther important components fothe DSBoK definition such as data lifecycle

management model researchmethods, and business process managenmantlels Section 4briefly discusses

the DSBoK structurehat is defined in another project document [Bection Sescribes theproposed

approach to building MDS andgrovidesinitial definition of theMGDS Section Grovidessummary of the
achieved results and sectighsuggest@ number ofgquestions for discussion to collects community feedback
and experts opinion.
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Appendicego this documentcontain important supplementary informatioexamples ofeviewed existing

curricula thatrepresentbest practices foData Science curricula and educatitaxonomy of the Data Science
knowledge areas and scientific disciplimadractedas a subset of the ACM CCS (2012) classification; and a

short summary oftie proposedCFDS that includes identified competence groups and skills, required technical
knowledge of relevant Big Data platforms, analytics and data management tools, and programming languages.
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2 EDISON Data Scieneeamework

The EDISON vision foriloing the Data Science profession will be enabled through the creation of a
comprehensive framework for Data Science education and training that includes such components as Data
Science Competence Framework{T¥), Data Science Body of KnowledgeRBtSand Data Science Model
Curriculum (MEDS).

Figure 1 below illustrates the main components of the EDISON Data Science Framework (EDSF) and their inter
relations that provides conceptual basis for the development of the Data Science profession:

CFDS-Daa Science Competence Framew@tk

DSBoK-Data Science Body of Knowledgé

MGCDS-Data Science Model Curriculyei

DSP Data Science Professional profiles and occupations taxofigmy

Data Science Taxonomy and Scientific Disciplines Classification (incluckgy oy)

=A =4 =4 -4 -4

The proposed framework provides a basis for other components of the Data Science professional ecosystem:

1 EDISON Online Education Environment (EOEE)

1 Education and Training Marketplace and Directory

1 Data Science Community Portal (CP) that alsludétes tools for individual competences benchmarking and
personalized educational path building

1 Certification Framework for core Data Science competences and professional profiles

P e e e e e Rr :
; DS-BoK - | EDISON Online gﬁst‘lmgiﬁ‘t
I - y MC-DS ; Educational Environt y
IR N R e / o
. : orta

! Ta),(onomy and | . * * Professional

I Vocabulary i EdU&Tram Marketpltz <« | certification

I Data Sci $ . | and Directory + Data Science
- Data science . . career & prof
' Framework DS Prof Profiles . development
e e e e e e e e i — = ]

Figurel EDISON Data Science Framework compdsen

The CHDS includes common competences required for successful work of Data Scientists in different work
environments in industry and in research and through the whole career path. The futtib& @Evelopment

will include coverage of the domain spécitompetences and skills and will involve domain and subject matter
experts.

The DSBoK defines the Knowledge Areas (KA) for building Data Science curricula that are required to support

required Data Science competences-BIf is organised by Knowled§ea Groups (KAG) that correspond to

the CFDS competence groups. IB8K incorporates best practices in Computer Science and domain specific

BoK'"s and includes KAs defined based on the Classific
from otherBoKs and proposed new KAs to incorporate new technologies used in Data Science and their recent
developments.

The MCGDS is built based on €Fs and DBoK where Learning Outcomes are defined based eDEF
competences and Learning Units are mapped towdadge Units in DBoK. Three mastery (or proficiency)
levels are defined for each Learning Outcome to allow for flexible curricula development and profiling for
different Data Science professional profiles.

The DSP profiles and Data Science occupataxunomy are defined based on and as an extensiaheo

European Skills, Competences, Qualifications and Occupations (ESCO). DSP profiles definition will create an
important instrument to define effective organisational structures aogdrespondingoles DSRanalsobe
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used for building individual career path and corresponding competences and skills transferabiiégte
organisations and economy sectors

The Data Science Taxonomy and Scientific Disciplines Classificilts®rve to maintain consiency between
four core components of EDSIFo ensure easy navigation and mapping between the EDSF components, all
attributes and properties are enumerated: competences iFDS; KAGs and KAs inBdK, LOs and LUs in MC
DS, professional profiles in DSP.

The EDISON Data Science professional ecosystem illustrated in Figure 1 uses core EDSF ctorglapents
and profilethe offered services and ensure the EDISON project sustainability. In particul2g &t D8oK

are used for individual competencesdaknowledge benchmarking and they are instrumental for constructing
personalised learning path and professional (upg/igkilling based on MDS.
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3 Overviewof Best Practices in Curricula Design

This section provides background information and best prasticdouilding effective professional curricula for
specific domains of knowledge, target groups and purposes. The reviewed selected learning model and
curricula design modeklsre used to develoghe EDISON approach thatésgeted toprovide quality educéion
and training for specific groups of Data Science related profestcasguire necessary competences and
skills.

The following curricula and Body of Knowledge have been reviewed to identify best practices and components
to be used for the initial dinition of the MGDS structure and content:

1 ACM Computer Science Curriculum and Body of Knowledge (ACM CS201 Bakj[&]S

1 Information Technology Competency Model of Learning Outcome ACM CCEC#}2014 |

1 ICT professional Body of Knowledge and ICT lebhigecsirriculum (ICBoK) 10]

Other relevant BoKs that were used in defining theB2& are reviewed in the corresponding-B&K

document[5], their components are used in the BBK presented in section 4:

1 Data Management Body of Knowledge (ldK) ly Data Management Association International (DAMAI)
[11]

1 Software Engineering Body of Knowledge (SWEBKQK) [

1 Business Analytics Body of Knowledge (BABLX) [

1 Project Management Professional Body of knowledge-g88¥) 14]

It is important to mention thatlue to complex nature of the Data Science profession consisting of few quite
different knowledge areas, the MDSdefinition will require combination of different BoKs and different
approaches to curriculum definition, different subject domains and lesymhodels. The final curriculum
definition will depend on local conditions defined by demand side, available teaching staff and expertise, and
available educational base and infrastructure.

3.1 Learning models and curriculum desigpproaches

To define consisintly the MCDS, we need to understand the commonly accepted approaches to defining
education and training programmes and put them in the context of the European education system and
policies, also consider alignment with the international practices. Tppoa@aches to education and training

are followed in practice, the traditional approach which is based on defining the time students have to spend
learning a given topics or concept like the European Credit Transfer and Accumulation SystemlEEQTS) [
Canegie unit credit hourJ6]. The former is also known as competerizsed education or outcomdsased
learning (OBE), it is focusing on the outcome assessing whether students have mastered the given
competences, namely the skills, abilities, and knowleddeere is no specified style of teaching or assessment

in OBE; instead classes, opportunities, and assessments should all help students achieve the specified
outcomes. In 2012, the EC has called for a rethinking of education towards OBE approach. Fégom&or

such a rethinking is to ensure that education is more relevant to the needs of students and the labour market,
assessment methods need to be adapted and modernised. Not like the traditional BoK which is defined in term
of Knowledge Areas (KA), OBE the BoK and curriculum are defined in term of the core learning outcomes
which are grouped into technical competence areas and workplace skills.

311 . f22YQ& ¢l E2y2Y@d

Bl oom’ s t7Aptovides arcpncdptial framework to organize levels of learniragtopic or subject,

and assigns action verbs to each level that help to understand activities related with particular level of learning.
Error! Reference source not foundllustrates (sed-igure2). For instance, students start at tlkmowledge

level when they camameandidentify relevant technologies. The further move comprehensiotevel when

they canexplainhow technologies work. They can then moveafplicationlevel when they cashooseright
technology tosolvea problem. Furtier they can progress tanalysis synthesisand finallyevaluationlevels.
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Knowledge
Remember

Comprehension
Understand

Application
Apply

Synthesis / Evaluation \ Analysis
Create Evaluate Analyse

Figure2 Simple Bloom's taxonomylearning levels and action verbs.

Below example shows typical attributes of the different leadllearning and exmple questionso test these
levek.

Knowledge

Exhibit memory of previously learned materials by recalling facts, terms, basic concepts and answers
Knowledge of specificgerminology, specific facts

Knowledge of ways and means of dealing with specifionventions, trends and sequences, classifications and
categories, criteria, methodology

Knowledge of the universals and abstractions in a figidnciples and generalizations, theories and structures
Questions likeWhat are the main benefits of inlgmenting Big Data and data analytics methods for
organisation?

Comprehension

Demonstrate understanding of facts and ideas by organizing, comparing, translating, interpreting, describing,
and stating the main ideas

Translation, Interpretation, Extrapolati

Questions likeCompare the business and operational models of private clouds and hybrid clouds.

Application

Using new knowledge. Solve problems in new situations by applying acquired knowledge, facts, techniques and
rules in a different way

Questionslike: What data analytics methods should be applied for specific data types analysis or for specific
business processes and activities Which Big Data services architecture is best suited for medium size research
organisation or company, and why?

Analysis

Examine and break information into parts by identifying motives or causes. Make inferences and find evidence
to support generalizations

Analysis of elements, relationships, organizational principles

Questions likeWhat data analytics methods and serviege required to support typical business processes of

a web trading company? Give suggestions how these services can be implemented with the selected data
analytics platform, including epremises or outsourced to cloud. Provide references to support your
statements.

Synthesis

Compile information together in a different way by combining elements in a new pattern or proposing
alternative solutions
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Production of a unique communication, a plan, or proposed set of operations, derivation of a set of abstract

relations

Questions likeDescribe the main steps and tasks for implementing data analytics and data management

services for an example company or research organisation? What services and data analytics can be moved to

clouds and which will remain attheent pri se premi ses and run by company’ s

Evaluation

Present and defend opinions by making judgments about information, validity of ideas or quality of work based
on a set of criteria

Judgments in terms of internal evidence or external criteria

Questions like:Do you think that implementing Agile Data Driven Enterprise model creates benefits for
enterprises, short term and long term?

Figure3pr ovi des consolidat ed p romys¥ nl8]attudtucenattribidtes &ntd &ctioBl o o m’ s
verbs that can be effectively used for designing effective curricula and knowledge evaluation. When designing
Learning Outcomes for a course or program it is essential to ensure that all levels will be atdecoadeed.
Consideration of Bloom s taxonomy assists instructors
during grading process. It is a reliable and simple method to distinguish e.g. between familiarity with many

concepts and actually beirable to use them in a practical setting.
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Figure3 Extended Bloom's taxononty consolidated presentation of learning levels, action verbs, and
associated learning instruments
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3.1.2 Constructive Alignment and Problefbased Learning

Thetraditional and still usual approach in science and engineering education is based on a behaviorist or
objectivist epistemology, in which the student is pas
participation in the learning process imlted to memorizing schemes given by the instructor, which are

assessed through instruments such as examinations and quizzes that measure the degree of conformance to a

norm instead of actual competences [19]. In contrast, a constructivist epistemoldgyhmistudent in the

center of the learning process as an active participant in constructing knowledge [20].

Problem Based Learning (PBL) [21, 22] is an alternative approach to instruction based on providing student with
a nontrivial problem to solveand guidance in obtaining the necessary competencies. PBL is underlined by a
constructivist epistemology that emphasizes active student participation in the construction of their knowledge
from learning activities and motivating them through careful aligmtnof evaluation activities, leading to a

concept called Constructive Alignment described by Biggs [23]JABd484] describes the applicability of
constructivism to computer science education. Despite certain differences in epistemology between computer
science and other sciences, constructivism is a useful approach to computer science education.

From the perspective of a whole education program, constructive alignment and prédideed learning can

be implemented in a form of projediased learning. Isuch a model regular classes provide students with
competences related to specific knowledge areas, while additional project classes allow to establish a link
between these competences. In addition, project classes provide an opportunity to reach leigélsrdf
learning. An example of such approach on an institutional scale is University of A@8org [

These education concepts provide guidance for further definition of Learning Outcomes and finally Model
Curricula and can be used for the existing grammes evaluation

3.1.3 Competence Based Learning Model

Competency Based Leaning (CBL) or Competence Based Education (@&Hnown asoutcomes based

learning uses a differenfrom the traditional education approach. Instead of focusing on how much time

students spend learning a particular topic or concept (Carmegieunit credithour , s o c al)lthe@BL" si t t i m
aseseswhether studentshavemasgered the given competencies,namely the knowledge, skills, and abilities

[9]. Thelearner gtudentor traineg) is evaluated on thepecified(group of)competenes, and onlyafter

masteling them they canmove on to othersThe CBL is also associated with more flexible study model for

already working learners or those who undergo professionalkiing or want ¢ train for a new profession

based on their existing experience, competences and skills. In this case, they dearskim modules entirely

if they can demonstrateequire competences through the assessment system or formal testing.

The CBL can alstiav the students to learn in their own pace, practicing necessary skills as much as they need
to achieve necessary mastery level. It works naturally with both individuastsely and with teacher or
instructor supervised/facilitated study, so well sutéor online and remote education, and in particular for
post-graduate education. CBL is also associated with such educational technologies and mhv{eBGCs,
flipped classrooms, learning analytiesd others targeting growing needs of Hltang learnig and selre-
skilling dictated by current fast technologies developmditite CBL programmes should offer the following
features [26]:

Selfpacing

Modularization

Effective assessments

Intentional and explicit learning objectives shared with the student,

Anytime/anywhere access to learning objects and resources,

Personalized, adaptive or differentiated instruction

Learner supports through instructional advising or coaching.

=A =4 =4 -8 -4 -8 -9

Although there are many universities CBL/CBE model, its practical implementaticcreass problems in
some universities. Paper [27] by formulates the following principles that would allow integrating CBE into
existing campus structures:
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The degree reflects robust and valid competencies.

Students are able to learn at a variable pace arelsupported in their learning.
Effective learning resources are available any time and are reusable.
Assessments are secure and reliable.

=A =4 -4 -4

It is apparent that CBL is well suited for professional education and training of one of the EDISON target groups
the selfmade or practicing Data Scientists. It is admitted [26] that the CBL was actually created to address
needs of norraditional students who cannot devoted their full time to traditional academic study as well as
effective model for companies to prime (re/up) skilling their staff.

3.2 ACM Computer Science Curriculum (CS2013) and Body of Knowleddo(GS

In the ACMCS2013inal report B] the Body of Knowledge is defined as a specification of the content to be
covered in a curriculum as an implemetiten. The ACMBoK describes and structures the knowledge areas
needed to define a curriculum in Computer Science, it includes 18 Knowledge Areas (where 6 KAs are newly
introduced in ACM CS2013):

AL- Algorithms and Complexity

AR- Architecture and Organation

CN- Computational Science

DS- Discrete Structures

GV- Graphics and Visualization

HCI- HumanComputer Interaction

IAS- Information Assurance and Security (new)
IM - Information Management

IS- Intelligent Systems

NC- Networking and Communicatis (new)

OS- Operating Systems

PBD- Platformbased Development (new)

PD- Parallel and Distributed Computing (new)
PL- Programming Languages

SDF Software Development Fundamentals (new)
SE- Software Engineering

SF Systems Fundamentals (new)

SP- Sodgal Issues and Professional Practice

Knowledge areas should not directly match a particular course in a curriculum (this practice is strongly

discouraged in the ACM report), often courses address topics from multiple knowledge areas. The ACM

CS201dinalr eport di stinguish between two tyPp’e (tf hdtoparce : (
mandatory for eaci”cynriadulaum) exrmpaet-dA00Bidihrimioimume cover ed
advised 80%), and elective topics. The ACM classificatigyestsgthat a curriculum should include all topics in

Tier-1 and all or almost the topics in Tier 2. Tier 1 and Tier 2 topics are defined differently for different

programmes and specialisations. To be complateurriculum should cover in addition to thepics of Core

Tier 1 and & significant amount of elective material. The reason for such a hierarchical approach to the

structure of the Body of Knowledge is a useful way to group related information, not as a structure for

organizing material into coges.

The ACMCurriculumfor computing Education in Community Colleg@sdefines a BoK for IT outcontased
learning/education which identifies 6 technical competency areas and 5-plade skills. While the technical
areas are specific to IT competeneagl specify a set of demonstrable abilities of graduates to perform some
specific functions, the so called wepkace skills describe the ability the student/trainee to:

(1) function effectively as a member of a diverse team,

(2) read and interpret technicahformation,

(3) engage in continuous learning,

(4) professional, legal, and ethical behavior, and

(5) demonstrate business awareness and workplace effectiveness

Pagel3of 68



The ACM steering committee agrees on set principles to guide the development of CS2013 model curriculum
These principles aim at providing students with necessary flexibility to work across disciplines and prepare the
graduates for a variety of disciplines. Following is the summary of the most important principles:
(1) CS2013 should provide guidance for theextpd level of mastery of topics by the graduate
(2) CS2013 should provide realistic, adoptable recommendations that provide guidance and flexibility
allowing curricula designs that are innovative and track recent developments in the field
(3) Size of the esserti knowledge must be manageable
(4) Computer science curricula should prepare graduates to succeed in a rapid changing area
(5) CS2013 should identify the fundamental skills and knowledge that all computer Science graduate
should possess while providing the gresttéexibility in selecting topics
(6) CS2013 should provide a great flexibility in organizing topics into courses and curricula.

Through these principles ACM provides graduate with fundamental knowledge in the areas described in the
ACMBOoK and a style afiinking and problem solving. Thetat is achieved through defining the expected
characteristics of computer science graduate namely:

Technical understanding of computer science

Familiarity with common themes and principals

Appreciation of interplay beteen theory and practice

Systernlevel perspective

Problem solving skills

Project experience

Commitment to lifelong learning

Commitment to professional responsibility

Communication and organization skills

Appreciation of domain specific knowledge

E R

ACM follav a simple straight forward approach to design the ACM Madeficulum. It starts from theC2013
basedCSBoK which is structured into Knowledge areas (KA), organized in topical themes rather than by
courses boundary. Each KA is further organized irget @fKnowledgeUnits (KU). In the final step each KU

lists a set of topics and learning outcomes (LO). The LO are associated with a level of mastery derived from the
Bloom taxonomy (familiarity, usage, and assessment).

The CBoK uses ACM Computing Glisation System (CCS2012) for defining BoK topics and academic subject.
Necessary extensions/KAs related to identifizata Science competence grouge provided as CCS2012
extension pointgsee Appendix B)

3.3 ACMI/IEEEES Curricula Guidelines and Comgety Model for Information
Technologies

The AOM Gommittee for Computing Education in Community Colleges (CECCand its partner professional

societies (in particular, IEEE Computer Socleyk jointly produced curricular recommendatiocsusd

guidelines 6r baccalaureate computing programs, known collectively as the ACM Computing Curricula series.

One of these guidelines is the Curriculum Guidelines for Undergraduate Degree Programs in Information
Technology (IT2008) and its later published companion decirACM Competency Model of Core Learning

Outcomes and Assessment for Associdegree Curriculum in Information Technology (1T2014) [9]. The

guidelinesuse thecompetencebased learning modehat focuses on the extent that students learn given

competence s ( knowl edge, skills, qualificat,icaonmenly, instead
expressed by credit point$he proposedompetency model for constructingformation Technologgurricula

is based on defining measurable learning outcomide CCECC identified the Body of Knowledge as a set of
fifty student | earning outcomes that span the first t
each outcome is accompanied by a thitéer assessment rubric that provides additional chaand a

measureable evaluation metric [9].
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3.4 ICT professional Body of knowledge and new curricula fdreadership skills

The ICIBoK L(Q] is an effort promoted by the European Commission, under the eSkills initiative
(http://eskills4jobs.ec.europa.eu/) tdefines and organises the core knowledge of the ICT discipline. In order

to foster the growth of digital jobs in Europe and to improve ICT Professionalism a study has been conducted to
provide the basis of a *“ Fr amemfeu)kThi§framewbriCcbnsipts obfébue s si on a
building blocks (also called pillars) which are also found in other professions:

i) body of knowledge (BoK);

i) competence framework;

iif) education and training resources; and
iv) code of professional ettsc

A competence framework already exists and consists in #8empetence Framework (now in its version 3.0
and promoted by CEN). However, an ICT Body of Knowledge that provides the basis for a common
understanding of the foundational knowledge an ICafgssional should possess, is not yet available.

The ICIBoK is suggested to be structured iRfcess Groupslefining the various phases of the project
development or organisational workflownitiating, Planning ExecutingMonitoring and ControllingClosing

The ICIBoK aims at informing about the level of knowledge required to enter the ICT profession and acts as
the first point of reference for anyone interested in working in ICT. Even if thiBd&Tdoes not refer to Data
Science competences @icitly the identified ICT processes can be applied to data management processes both
in industry and academia in the context of wadifined and structured projects.

Further ICT BoK was focused on developing the new curricula for e leadership Ekilisge.(refer to the
original report B] for details.
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4 Data Science Model Curriculum

This section presents the first definition of the EDISON Data Science Model Curriculum that is primarily based
on mapping Learning Units that may represent academigses and training modules that are mapped te DS
BoK and to Learning Outcomes as defined below.

The proposed MDS can be used for defining individual curricula for specific Data Science professional profile
or customized individual curricula for praaihers that want to obtain a Data Science qualification or
certification. The example of applying competence based approach to selecting a set of Learning Units for
different DSP profiles is given@hapteb. Developing a todbr customizing training and/or education

programme for individual trainees or students is a subject of the Task 3.4 activity.

4.1 MGCDS Design approach

In general, a Model Curriculum can be regarded as a blueprint that can be used by educators andttrainers
develop curricula at various educational institutions. There are several concepts that can guide the
development of a curriculum like: Alignment and Coherence, Scope, Sequence, Continuity, and Intgfation
These 5 basic concepts help to developgdally consistent curriculum which components (courses, and
learning units) complement each other and are ordered in such a way that it form a continuous, logical, and
progressive learning path. There are several common frameworks used to develop moitella some are
subject or discipline centric while others are organized around concept and skills that are revised as we
progress across the curriculum. In practice, model currishtaulddefine either the time students have to
spend learning given taps(usually using credit units) dne outcome assessing whether students have
mastered the given competencdspwledge, abilities andkill§. Thelatter approachis known as
CompetenceBasedEducation(CBEDr OQutcomesBasedLearning (OB). In this cas, well-defined learning
outcomes are specified for all academic activities or classes are spegified, st udent s’
against those learning outcomes

progress

TheModel Curriculurrare organized as core and elective topics, following the ACMitenh [8]. Core topics

are required to every Data Science program while Elective topics aim to cover in depth the knowledge on a
specific area of data science. The last step identifies the Learning outcomes associated to each core or elective
topic.

The EDISON approach to definig Data Sciencklodel Curriculum follows a competenebase education
model andcan be summarized iine followingsteps:

1. For each enumerated competence from-D§, define Learning Outcome according to knowledge or
mastery ével (defined as Familiarity, Usage, Assessment for curreADBI€ersion)

2. Each Knowledge Area Group BEBoK (that includes both KAGs from existing BoKs and those defined
based on the ACM Classification Computer Science CC#20da8pped to existingacacemic subject
classification groups that is primarily based on ACM CS2012 complemented with the domain or technology
specific classifications suchBRABOK, ACBOK, DAMMABOK, PMBOK and others to be defined by subject
matter experts.

3. For eachKAG or Knowkedge Unit, specifyelated Learning Unitslefined according to academic subject
classification or following current practices by universities

4. For eachlearning Unit assign/suggest its category @&ere/mandatory (Tierl or Tier 2kglective or
prerequisite

5. For bothCoreor Electivedefine a list of LearninQutcomes

4.2 Mastery levelsand Learning Outcomes

In this section, we compare mastery levels as used in the European Qualifications FrameworRgETHE [
European eCompetence Framework {&Fv3.0J29], ACM/IEEE guidelines for Computer Science curricusim [
and Bl oom’[&7] It leadsdorthe definition of mastery levels (also called proficiency level€i) e
necessary to defie Learning Outcomes in M2S.The eCFv3.0 uses EQF for defining fineficiency level of
knowledge and skills related to specific competences.

Pagel6 of 68



The EuropeaQualificationFramework(EQF]28] defines eight levels of knowledge achieved through stages of
education. Level 6 is considered to be achieved through a bachejorde e, | ev el 7 through a |
and level 8 through a PhD degree. Levesa@8e mapped to 5 levels irn@F dimension 3.

EQF descriptions provide reference both to actual levels of knowledge, but also to additional skills related to
knowledgeappi cati on, analysis, synthesis and evaluation. I
time, levels in EQF do not only correspond to higher levels of conceptualization, but also to more specialized
knowledge, experience and interpersonal skilated to people management, and professional integrity and
responsibility. eCv3.0adds to its description of typical tasks regarding their complexity and autonomy.

Therefore, higher levels of EQF ar@®3.0should not just be seen directly as thexsa higher levels in

Bl oom. At the same time, higher | evel sFvBOandBEQFoom’ s t ax

EQF has 8 levels;Gw3.0has 5 | e v e [Taxonamiths 6BevatsoDmsigaing LOs of whole programs is

a balance betweenngcision and avoiding micromanagement of further definition of courses, especially when

designing a guideline for programs instead of a specific program. It might be useful to limit the amount of levels

on which LOs are considered. Such an approach ising&@M/IEEE Computer Science and Information

Technology curricula guidelines. Information Technology guidelBjakefine the three levels as: emerging,

developed and highly developed. Computer Science guidel@gefine the three levels as: familityj usage,

and assessment. Bloom s taxonomy defines the six | eve
synthesis and evaluation.

The three levels as used in ACM/IEEE Computer Science guidelines are of particular importance because

significan parts of a relatedACM/IEEEaxonomy and BoK is used in the definition of[@¥and BoRS in

EDI SON. The verb usage is not full Y7 ocrevisedivesstomnt wi t h t
which is acknowledged in the document.

Thecompaison of themastery levelsiefinition used iNEQF e-CR3.0, ACM/IEEE guidelines for Computer
Science curricul u nispeovidbd iBppendi? Mastetydexels n o my

While not required in undergraduate curricula, the istit definition covering all EQFGF levels, requires also

full coverage of |l evels in Bloom s taxonomy. At the s
preserve simplicity and compatibilitiFor the proposed MOS we will uséhe following three levels: familiarity

as understood by knowledge and comprehension in Bl oon
and analysis in Bloom s taxono mgvaluaton ena tBil om md ss u rmdkeornsoti

We present the thre levelsagain in this document faieference inTablel. Details on the relation to EQF and
e-CF levels can be foundAppendix AMastery levelsActionverbs were defined bsed on the original and
revised Bloom s taxonomy with adjustments tailored to

Tablel Knowledge levels for learning outcomes in Data Science model curriculaQ8L

Level Action Verbs

Familiarity Choose, @ksify, Collect, Compare, Configure, Contrast, Define,
Demonstrate, Describe, Execute, Explain, Find, Identify, lllustrate, L
List, Match, Name, Omit, Operate, Outline, Recall, Rephrase, Show
Summarize, Tell, Translate

Usage Apply, Analyze, Buildo@struct, Develop, Examine, Experiment with,
Identify, Infer, Inspect, Model, Motivate, Organize, Select, Simplify,
Solve, Survey, Test for, Visualize

Assessment Adapt, Assess, Change, Combine, Compile, Compose, Conclude,
Criticize, Create, Decide, Dedubefend, Design, Discuss, Determine,
Disprove, Evaluate, Imagine, Improve, Influence, Invent, Judge, Jus
Optimize, Plan, Predict, Prioritize, Prove, Rate, Recommend, Solve
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4.3 Learning Outcomes definition based on-OS
Table2 presented belowprovides a template and examples for defining the Lear@atgomes related to

enumerated CID S

competences

and

di

fferent

knowl edge/ profici

Taxonomy. The table contains the general Learning Outconfesedeafter CFDS competences that are in
most cases split into 3 knowledge levels and use specific verbs that reflect necessary comprehension or
mastery level.

Table2 Learning outcomes defined for @FS competences and differemastery/proficiency levels

LO ID | Data Science Competence LO by Knowledge levels (compliant to ACM CSC 2013) and key verbs
Familiarity Usage Assessment
Choose, Classify, Apply, Analyze, Build, | Adapt, Assess, Change,
Collect, Compare, Construct, Develop, Combine, Compile,
Configure, Contrast, Examine, Experiment | Compose, Conclude,
Define, Demonstrate, | with, Identify, Infer, Criticize, Create, Decide
Describe, Execute, Inspect, Model, Deduct, Defend, Design,
Explain, Find, Identify, | Motivate, Orgarue, Discuss, Determine,
lllustrate, Label, List, | Select, Simplify, Solve, | Disprove, Evaluate,
Match, Name, Omit, Survey, Test for, Imagine, Improve,
Operate, Outline, Visualize Influence, Invent, Judge,
Recall, Rephrase, Justfy, Optimize, Plan,
Show, Summarize, Tel Predict, Prioritize, Prove
Translate Rate, Recommend, Solv|

Data Science Data Analytics

LOt DSDADA- Use appropriate Chooseappropriate Develop data analysis | Create formal model for

DA statistical techniques and existing analytical application for specific | the specific
predictive analytics on method and operate | data sets and tasks or | organizational tasks and
available data to deliver existing tools to do processes. Identify processes and use it to
insights and discover new specified data analysis| necessary methods ang discover hidden
relations. Present data in the use them in relations, propose

required form. combination if optimization and

necessary. ldentify improvements. Develop

relations and provide | new models and

consistent reports and | methods if necessary.

visualizations. Recommend and
influence organizational
improvement based on
continuous data
analysis.

LO1.01| DSDAO1 Use predictive Choose and execute | ldentify existing Design and evaluate
analytics to analyze big data | existing predictive requirements and predictive analysis tools
and discover new relations. | andytics tools. develop predictive to discover new

analysis tools. relations.

LO1.02| DSDA02 Use appropriate Chmse and execute Select most appropriatg Assess and optimize
statistical techniques on standard methods statistical techniques organization processes
available data to deliver from existing statistical| and model available using statistical
insights. libraries to provide data to deliver insights.| techniques.

overview.

LO1.03| DSDA03Develop specialized| Define data elements | Develop specialized Design specialized
analytics to enable agile necessary to develop | analytics to enable analytics to improve
decision making. specified data decisionmaking. decisionmaking.

analytics.

LO1.04| DSDA04 Research and Operate tools for Analyze available data | Assessadapt, and
analyze complex data sets, | complex data handling{ sources and develop combine data sources t
combine different sources an( tool that work with improve analytics
types of data to improve complex datasets.
analysis.

LO1.05| DSDAO5 Use different data | Name and operate Examine existing Evaluate and

analytics platforms to process

complex data.

major data analytic
platforms.

platforms and select

most appropriate

recommend data
analytics platforms w.r.t.
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platform w.r.t.technical
specification.

organizational strategy.

LO1.06

DSDAO6 Visualise complex
and variable data.

Choose and execute
standard visualization.

Build visualizations for
complex and variable
data.

Create and optimize
visualizations to
influence executive
decisions.

Data Science Data Management

LO2 DSDMDM - Develop and Execute @ta strategy | Develop components | Create D&a

DM implement data management| in a form of Data of data strategy and Management Plan
strategy for data collection, Management Plan and| methods that improve | aligned with the
storage, preservation, and illustrate how quality, accessibility organizational needs,
availability for further available software can| and publications of evaluate IPR and ethical
processing. help to promote data | data. issues.

quality and
accessibility.

LO2.01| DSDMOZ® Develop and Explain and execute | Develop components ol Assess various data
implement data strategy, in | data strategy in a form| data strategy in a form | strategies and create
particular, in a form of Data | of Data Maagement | of Data Management | strategy, in a form of
Management Plan (DMP). Plan. Plan. Data Management Plan,

aligned with
organizational needs.

LO2.02| DSDMO02 Develop and Operate data models | Experiment with data | Evaluate and design dat
implement relevandata including metadata. models and model models, including
models, including metadata. relevant metadata. metadata.

LO2.03| DSDMO03 Collect and Collect different data | Survey and visualize Compose different data
integrate different data sources. connection between sources to enable furthe
source and providéhem for different data sources. | analysis.
further analysis.

LO2.04| DSDMO04 Develop and Operate a historical Construct a historical | Improve or design a
maintain a historical data data repository. data repository. historical data
repository of anajsis results repository.

(data provenance).

LO2.05| DSDMO5 Ensure data quality| lllustrate howavailable | Develop methods that | Improve quality,
accessibility, publications software can help to improve quality, accessibility and
(data curation). promote data quality, | accessibility and publications of data.

accessibility and publications of data.
publications.
LO2.06] DSDMO06 Manage IPR and Configure data Identify IPR and ethical| Evaluate IPR and ethica

ethical issues in data
management.

management software
to manage IPR and
ethical issues.

issues in data
repository.

issues in data repository

Data Science Engineering

LO3 DSENG- Use engieering Identify and operate Model problems and Evaluate instruments

ENG principles to research, design| instruments and develop new and applications to
develop and implement new | applications for data instruments and optimize data collection,
instruments and applications | collection, analysis applications for data analysis and
for data collection, analysis | and management collection, analysis and| management.
and management. management following

established
engineering principles.

LO3.01| DSENGO04Use engineerig Choose potential Model data analytics Create innovative
principles to research, design| technologies to application to better solution to research and
prototype data analytics develop, structure, develop suitable design data analytics
applications, or develop instrument, machines, | instruments, machines,
structures, instruments, experiments, experiments, processeg
machines, experiments, processes, and and systems.
processes, systems. systems.

LO3.02| DSENGO02Develop and apply| Name computational | Apply existing Adapt and optimize
computational solutionsd solution and identify computational existing computational

domain related problems

using wide range of data

potential data analytics

platform

solutions to data

analytic platform.

solutions to better fit to
a given data analytics
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analytics platforms.

platform.

LO3.03| DSENGO03Develops Identify a set of Survey various Evaluate and
specialized data analysis tool] potential data analytics| specialized dta recommend optimal
to support executive decision| tools to fit analytics tools and data analytics tools to
making. specification. identify the best option.| influence decision

making.

LO3.04| DSENGO04Design, build, Find possible databasg Model the problem to | Predict the difference in
operate database solutions including apply database term of performance
technologies. both relational ad technology. between relational and

non-relational non-relational databases
databases. and recommend a
solution.

LO3.05| DSENGO05Develop solutions | Identify security issues| Analyze security threaty Evaluate security threats
for secure and reliabl data related to reliable data | and solve them using | and recommend
access. access. known techniques. adequate solutions.

LO3.06| DSENGO6Prototype new Define technical Apply existing Combine several

data analytics applications

requirements for new
data analytics
application for a given
high-level design.

techniques to develop
new data analytics
applications.

techniques and optimize
them to design new data|
analytic applications.

Data Science Research Methods

LO4 DSRM- Create new Match elements of Apply scientific or Evaluate methodologies

RM understandings and scientific or similar similar method and to optimize the
capabilities by using the method and identify develop action plans to| development of
scientific method (hypothesis, appropriate actions for| translate organizational
test/artefact, evaluation) or organizational strategy| organizational objectives.
similar engineering methods | to create new strategies to create
to discover new approaches | capabilities. new capabilities.
to create new knowledge and
achieve research or
organizational goals.

LO4.01| DSRMOZ Create new Match elements of Apply scientific method| Evaluate various
understandings and scientific or similar to create a new methods and predict
capabilities by using the method to a given understandings and which method can
scientific method (hypothesis, problem capabilities. optimize creatim of new
test, and evaluation) or simila understandings and
engineering research and capabilities.
development methods.

LO4.02| DSRMO02 Direct systematic Choose observable Apply systematic study | Combine several
study toward a fuller facts from arexisting toward a fuller methods to discover new
knowledge or understanding | study for a better knowledge or approaches to achieve
of the observable facts, and | understanding. understanding of the organizational goals.
discovers new approaches to observable facts.
achieve research or
organizational goals.

LO4.03| DSRMO03 Undertakes creativel Show creativity under | Developcreative Adapt common
work, making systematic use | guidance of a senior | solutions using systematic investigation
of investigation or staff in discovering and systematic investigatior] to design and plan
experimentation, to discover | revising knowledge. or experimentation to | creative work to discove
or revise knowledge of reality| revise and discover or revise knowledge.
and uses this knowledge to knowledge.
devise new applications

LO4.04| DSRMO04 Ability to translate | Identify appropriate Develop actions and Recommend effective
strategies into action plans actions for a given action plan to translate | action plans to translate
and follow through to strategies. strategies. strategies.
completion.

LO4.05| DSRMO05 Contribute to and Identify possible points| Identify critical points | Recommend strategies

influence the development of
organizational objectives.

which influence
development of

organization

which influence
development of

organizational

that optimizethe
development of
organizational

Page20 of 68



objectives.

objectives.

objectives.

LO4.06

DSRMO06 Apply ingenuity to
complex problems, develop
innovative ideas

lllustrate outstanding
ideas to solve complex|
problems.

Identify nonstandard
solutions to solve
complex problems.

Recommend cost
effective solution to a
complex problem.

Business Process Management

LOS DSBPM- Use domain Match elements of a Model business Evaluate various

BPM knowledge (scientific or mathematical problems into an methods to predict
business) to develop relevant| framework to a given | abstract mahematical | which method can
data analytics applications, business problem and | framework and identify | optimize solving
and adopt general Data operate data support | critical points which business problems and
Science methods to domain | services for other influence development | recommend strategies
specific data types and organizational roles. of organizational that optimize the
presentations, data and objectives. development of
process models, organizational
organisational roles and objectives.
relations.

LO5.01| DSBPMO1Understand Match elements of a | Model an unstructued | Evaluate various
business and provide insight,| mathematical business problem into | methods and predict
translate unstructured framework to a given | an abstract which method can
business problems into an business problem. mathematical optimize solving busines
abstract mathematical framework. problems.
framework.

LO5.02| DSBPMO02Use data to Match data to Analyze services to Assess and improve use
improve existing services or | specificaton of develop data of data in services.
develop new services. services. specification.

LO5.03| DSBPMO3Participate Identify appropriate Identify critical points | Recommend strategies
strategically and tactically in | adions for which influence that optimize the
financial decisions that impac| management and development of development of
management and organizational organizational organizational
organizations. decisions. objectives. objectives.

LO5.04| DSBPMO04 Provides scientific,| Operate data support | Develop data support | Optimize data support
technical, and analytic services for other services for other services for other
support services to other organizational roles. organizational roles. organizational roles
organizational roles.

LO5.05| DSBPMO5Analyse customer | Summarize customer | Survey and visualize Recommend actions

data to identify/optimise
customer relations actions.

data.

customer data.

based on data analysis t
improve customer
relations.

4.4 Definition of MC-DSLearning Wits

The followingTable3 providesan example of defining the Learning Units (LU) or courses that correspond to the

Knowledge Areas Groups and Knowledge Units defined in tH&OBISThe units or courses are defined in

accordancewith the existing classification of academic disciplines, in current case, with the ACM Classification

Computer Science (2012)7 and in most cases verified with the existing offered couetamiversities.

The proposed LUs are grouped according to20C5classification or DBoK knowledge groups/units that can

be used as a context information for future Data Science curricula development, modification or enhancement

with the linked courses and disciplines.

The table also provides suggestion of hawdividual LUs can be treated as Mandatory Tier 1 or Tier 2 or

Elective.

The further development will include mapping between Learning Outcomes including proficiency or mastery

level (after verified with experts and practitioners), competences relatgarodessional profiles, and
knowledge. This will allow constructing a custeegi MGDS curriculum for individual le@er groups or
organiational needs.
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The fully defined M@S will be linked to other components of the EDISON Data Science Framework such as
educational materials inventory, certification scheme and servicesENG&ON Online Educational
Environment (EOEE, initial design is presented in Deliverable D3.2 [31])

To do this work, the project will solicit contributisfrom the Data Science predsional community, experts
and champion universitie®f. ChapteiError! Reference source not founy.
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Table3 Example Learning Units (courses) and their mapping to CCS2012 based classification of Academic subject and to exssting BoK

KAG/
LU#

%)

Learning Unit (course name)

Type/relevance®

Map to DSBoK, CCS2012 and known BoKs

Tier
1

Tier
2

Elective

Pre
requisite

CCS2012 based academic subjects

DSBoK and other BoKs

Design and Analysis of Algorithn

Machine Learning Theory

Game Theory & Mechanism
design

Extensibility point for adding new
courses

Theory of computton
Design and analysis of algorithms
Data structures design and
analysis
Theory and algorithms for application
domains
Machine learning theory
Algorithmic game theory and
mechanism design
Database theory
Semantics and reasoning

No specific Bolre defined

Discrete Mathematics and Graph
Theory

Probability & Statistics

Statistical methods, including
descriptive statistics, exploratory
data analysis (EDA) and
confirmatory data analysis (CDA|

Data analyticgwith Ror Python)

Mathematics of computing
Discrete mathematics
Graph theory
Probability and statistics
Probabilistic representations
Probabilistic inference problem
Probabilistic reasoning
algorithms
Probabilistic algorithms
Statistical paradigms
Mathematical software
Information theory

No specific BoK are defined

2Notel: The Leaning Units pesented in Table 3 are defined based on courses taught at universities (refer to Data odgmamnes Inventory {47]). The courses or LU topics or scope are
not exclusive, some courses may include or be a superset to other Learning bisitsilllprovide flexibility for MDS users: universities or training organisations, to select any set of Learning
units to satisfy requirements of their target learner groups.

3 Note2: Learning Unit or course relevance is assigned to one of leveld:, Tir 2, elective or preequisite, where known based on information collected from the Data Science programmes
inventory [47]. Some Learning units are left not assigned and will be a subject for futtBsSMEvelopment.



KAG/
LU#

%)

Learning Unit (course name)

Type/relevance®

Map to DSBoK, CCS2012 and known BoKs

Tier
1

Tier
2

Elective

Pre
requisite

CCS2012 based academic subjects

DSBoK and other BoKs

Information theory

Mathematical analysis

Extensibility point for adding new
courses

Mathematical analysis

Artificial Intelligence

Natural Language Processing

Knowledge Representation and
Reasoning

Data mining and knowledge
discovery

Text analysis, Data mining

Text analytics including statisticg
linguistic, an structural
techniques to analyse structured
and unstructured data

Machine Learning theory and
algorithms

Classification methods

Computing methodologies
Artificial intelligence
Natural language processing
Knowledge representan and
reasoning
Search methodologies
Machine learning
Learning paradigms
Supervised learning
Unsupervised learning
Reinforcement learning
Multi-task learning
Machine learning approaches
Machine learning algorithms

No speciit BoK are defined

Decision Analysis and Decision
Support Systems

Data warehousing and Data
Mining

Data Analysis and statistics

Multimedia information systems

Data Mining

Predictive analytics and

predictive forecasting

Information systems
Information systems applications
Decision support systems
Data warehouses
Expert systems
Data analytics
Online analytical
processing
Multimedia information systemsg
Data mining

No specific BoK are defined
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KAG/
LU#

%)

Learning Unit (course name)

Type/relevance®

Map to DSBoK, CCS2012 and known BoKs

Tier
1

Tier
2

Elective

Pre
requisite

CCS2012 based academic subjects

DSBoK and other BoKs

Big Data: Algorithms for Data
Preprocessing, Computational
Intelligence and Imbalanced
Classes

Big Data analytics and Hadoop

Big Data Analytics

Big Data systems

Big Data systems and applicatio
in domain

DSDA Extension group
Theory of computation
DSA Extension point: Algorithms for Big
Data computation
Mathematics of computing
DSA Extension point: Mathematical
software for
Big Data computation
Computing methodologies
DSA Extension point: New DSA comput
Information systems
DSA Extension point: Big Data systems
(e.g. cloud based)
Information systems applications
DSA Extension point: Big Data
applications
DSA Extension point: Doman
specific Data applications

Extended with new DSDA Knowledge
Areas and corresponding academic
subjects

Parallel and Distouted
Computer Architecture

Computer networks

Computer systems organization
Architectures
Parallel architectures
Distributed architectures
Networks *)
Network Architectures
Network Services
Cloud Computing

No specific BoK are defined

Software (systems) architectures

Cloud enabled applications
development

Software and its engineering
Software organization and properties
Software system structures
Software architectures
Software system
models

Ultra-large-scale

No specific BoK aresfined
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KAG/
LU#

%)

Learning Unit (course name)

Type/relevance®

Map to DSBoK, CCS2012 and known BoKs

Tier
1

Tier
2

Elective

Pre
requisite

CCS2012 based academic subjects

DSBoK and other BoKs

systems
Distributed systes
organizing principles
Cloud
computing
Grid
computing
Abstraction, modeling
and modularity
Realtime systems
software
Software notations and tools
General programming language
Software creation and management

Modelling and simulation
(general and domain oriented)

Computing methodologies
Modeling and simulation
Model development and
analysis
Simulation theory
Simulation types and témiques
Simulation support systems

No specific BoK are defined

Enterprise information systems

Collaborative and social
computing systems and tools

Information systems
Information storage systems
Information systems applications
Enterprise information systems
Collaborative and social
computing systems and tools

No specific BoK are defined

Programming languages for big
data analytics: R, python

Extensibility point for adding new
courses

Extensions are suggested for-B&K

Software and its engineering
Softwvare organization and
properties
DSE Extension point:
Big Data applications design
Data Analytics
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KAG/
LU#

%)

Learning Unit (course name)

Type/relevance®

Map to DSBoK, CCS2012 and known BoKs

Tier
1

Tier
2

Elective

Pre
requisite

CCS2012 based academic subjects

DSBoK and other BoKs

programming languages

Cloud Computing architecture
and services

Cloud Computing Engineering
(infrastructure and services
design, management and
operation)

Cloud based applications and
services development and desig

Cloud based applications and
services operation and
management

Big Data Analytics platforms
(including cloud based)

Big Data and cloud based syster
design

Big Data Infrastructure: services
and components, including data
storage infrastructure

Extensions are suggestent DSBoK:
Information systems
DSE Extension point: Big Data and clou
based systems design
Information systems applications
DSA Extension point: Big Data
applications
DSA Extension point: Doman
specific Data applications

Infrastructure and platforra for Data
Science applications group:
CCENGCloud Computing Engineerin
(infrastructure and services design,
management and operation)
CCASCloud based applications and
services development and deploymet
BDA-Big Data Analytics platforms
(includingcloud based)

BDI- Big Data Infrastructure services
and platforms, including data storage
infrastructure

Data and applications security KAs:
SEGC Applications and data security
SSM- Security services management
including compliance and certification

Software requirements and
design

Software engineering models an
methods

Software quality assurance

Agile development methods,

platforms and tools

Extensions are suggested from SWEBOK

Page?7 of 68

SWEBOK selected KAs
Software requirements
Software design
Software construction
Software testing
Software maintenance
Software configuration
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KAG/| Learning Unit (course name) Type/relevance® Map to DSBoK, CCS2012 and known BoKs

'*-U# Tier | Tier | Elective| Pre CCS2012 based academic subjects DSBoK and other BoKs

) 1 2 requisite
DevOps and continuous management
deployment and improvement 1 Software engineering
paradigm management

Extensibility point for adding new
courses

1 Software engineering process

1 Software engineering models an
methods

1 Software quality

Agile development technologies

Methods, platforms and tools

DevOps and continuous deployment

and improvement paradigm

Database management systems

Databag design and models

Data Modelling, Databases and
Database Management Systemg

Data Models and Query
Languages

Database administration

Information systens
Data management systems
Database design and models
Data structures
Database management system
engines
Query languages
Database administration
Middleware for databases
Information integration

No specific BoK are defined

Digital libraries and archives

Information Retrieval

Extensibility point for adding new
courses

Information systems
Information systems applications
Digital libraries and archives
Information retrieval
Document representation
Retrieval models and ranking
Search engine architectures an
scalability
Specialized information retrievg

No specific BoK are defined

Data management, including
Reference and Master Data

Extensions are suggested from EBdK
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LU#

%)

Learning Unit (course name)

Type/relevance®

Map to DSBoK, CCS2012 and known BoKs

Tier
1

Tier
2

Elective

Pre
requisite

CCS2012 based academic subjects

DSBoK and other BoKs

Data Warehousing and Businesg
Intelligence

Data storage and operations

Data archives/storage compliang
and certification

Metadata, linked data,
provenance

Data infrastructuredata
registries and data factories

Data security and protection

Data governance, data quality,
data Integration and
Interoperability

Data Management Planning

Responsible data use, data
privacy, ethical gnciples, legal
issues

(2) Data Architecture,

(3) Data Modelling and Design,
(4) Data Storage and Operations,
(5) Data Security,

(6) Data Integration and
Interoperability,

(7) Documents and Content,

(8) Reference and Master Data,
(9) Data Warehousing and Business
Intelligence,

(10) Metadata, ad

(11) Data Quality.

Data type registries, PID,
metadata

Research data infrastructure,
Open Science, Open Data, Opel
Access, ORCID

Extensibility point for adding new
courses

Extended with the general Data Management
Knowledge Areas and related academic subject

Gener al Data Mana
Data Lifecycle Management

Data archives/stamge compliance and
certification

New KAs to support RDA
recommendations and community
data management models (Open
Access, Open Data, etc)

Data type registries, PIDs

Data infrastructure and Data Factorie
TBD-To follow RDA and ERA

community developments
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Learning Unit (course name)

Type/relevance®

Map to DSBoK, CCS2012 and known BoKs

Tier
1

Tier
2

Elective

Pre
requisite

CCS2012 based academic subjects

DSBoK and other BoKs

Research methodology, researc
cycle

Modelling and experiment
planning

Data selection and quality
evaluation

Use cases analysis: research
infrastructures and projects

Extensibility point for adding new
courses

Extended with the general Scientific/Research
Methods subject&nd related academic subjects

Suggested KAs to develop DSRM
related competences:

Research methodology, research cyc
(e.g. 4 step model Hypothesis
Research Methods Artefact—
Validation)

Modelling and experiment planning
Data selection and quality eluation
Use cases analysis: research
infrastructures and projects

TBD further extensions

Business processes and
operations

Project scope and risk
management

Extensions are suggested from PRUK

PMIBoK selected KAs

Project Integration Management
Project Scope Management
Project Quality

Project Risk Managnent

Business Analysis Planning and
Monitoring

Requirements Analysis and
Design Definition

Requirements Life Cycle
Management (from inception to
retirement)

Solution Evaluation and
improvements recommendation

Extensions are suggested from BABOK

BABOK selected KAs *)

Business Analysis Planning and
Monitoring: describes the tasks used
to organize and cootidate business
analysis efforts.

Requirements Analysis and Design
Definition.

Requirements Life Cycle Managemer
(from inception to retirement).
Solution Evaluation anidnprovements
recommendation.

Agile Data Driven methodologieg
processes and enterprises

Extended with the general Business prazes
management and ogration subjects and related
academic subjects.
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Learning Unit (course name)

Type/relevance®

Map to DSBoK, CCS2012 and known BoKs

Tier
1

Tier
2

Elective

Pre
requisite

CCS2012 based academic subjects

DSBoK and other BoKs

Use cases analysis: business an
industry

Agile Data Driven methodologies,
processes and enterprises

Use cases analysis: business and
industry

TBD futher extensions

*) Learning units enumeration and their relation to-B68K Knowledge Area Groups will be provided in the future release dd#éfter collecting feedback from the
Champion universitie and other pilot implementations.
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5 Example olusingEDSF for Curricula Design and Evaluation

This section provides an example how the proposed EDISON Data Science Framework, in particular its
components CIBS, DBoK, ME@S, and DSP profiles, can be ulediesigning a new Data Science curriculum
or evaluating the existing curriculum for compliance to the selected Data Science professional profiles.

5.1 Designing a new programme

In practice when designing a new programme it is necessary to decide on tbicseirses with a specific

number of credits. The standard in Europe is to use European Credit Transfer System, which defines bachelor
programs to have 180 points and Master programs 120 points. This gives usually 30 points per semester. At
American instutions credit hours systems are used and they are not fully uniform between institutions.
Therefore, we do not provide an explicit recalculation to this system here. It can be easily done for each
institutions depending on the typical semester load arsdpitoportion to 30 ECTS points.

Required proficiency in each competence group for each professional profile is summarTadaden. Data

Science Professional profiles are described in deliverable D2.2 and competence groeipemalile D2.1. It
creates a basis for division of points between Learning Outcomes and related Learning Unit. In addition, each
Learning Outcome can be achieved on three different knowledge or mastery levels (familiarity, usage,
assessment). Typicallyaéhelor programs focus on two lower levels and Master programs on two higher
levels.

Table4 Proficiencymastery level needed bydifferent Data Science Profile for each @fata Science
competence group

Managers : Professionals: Professionals (data Professionals Technician and
DSP01-DS03 DSP04-DS09 handling/management: (database): associate profession:
DSP10-13 DSP14-DS16 DSP17-DS19

Data analytics II I I II II I
Data Science

Engineering

Data Management III III Ill III

Scientific research I I

and method

Business process I

Domain Knowledge I I II I
Legend:

1. Bars represenindividual DSP profiles
2. color represent mastery level: familiarityight blue; usageblue; assessment dark blue.

The followingTable5 provides example distribution of ECTS point between competermgpg for Data
Science professional profiles.

Table5 ECTS point assignment to competence groups for professional profieips (example)

Competence| DSP0403 DSPO4D9 DSP1a3 DSP1416 DSP1719
Group (Managers) (Professionals | (Profesionals (Professionals | (Technician and
Data Science) Data databases) Associate)

Handling/Manag
ement)
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BSc MSc BSc MSc

BSc

MSc

BSc

MSc BSc MSc

DDA
Data

Analytics

30 55 35

30

20

25

15 15

DSENG
Data
Science

Engineering

20 55 35

50

30

115

75 135

DSDK
Domain

Knowledge

20 55 35

80

50

25

15 15

DPDM
Data

Managemen

t

30 5 5

10

10

10

10 10

DSRM

Scientific
Research
Methods/

DSBPM

Business

Process

10 10 10

10

10

120 180 120

180

120

180

120 180

Table6 presents an exemplary distribution of ECTS points between specific Learning Outcomes and related

Learning Units for Data Science Professional group BBBP89. The total amount of ECTS points for all
learning outcomes in a specific cpetence group is based on the high levels distributiomableb.

Distribution to specific Learning Outcomes results from the importance of related Learning Units which can

belong to different tiers (Tiet, Tier2, Elective).

Details for other DSP professional groups can be fourpipendix DExample ECTS points assignment to

different

Data Science Professional groups

Table6 Distribution of ECTS credit points between speciléarning outcomes for profiles DSP09

LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc | MSc BSc | MSc BSc | MSc
Data Science Data Analytics
LOt DSDADA- Use appropriate statistical 30 25 30 25
DA techniques and predictive analytics on
available data to deliver insights and
discover new relations.
LO1.01| DSDAO0 Use predictive analytics to analyze| 5 5 5 5
big data and discover new relations.
LO1.02| DSDAO02 Use appropriate statistical 5 5 5
technigues on available data to deliver
insights.
LO1.03| DSDAO03 Develop specialized analyticsto | 5 5 5 5
enable agile decision making.
LO1.04| DSDAO4 Research and analyze complex da| 5 5 5 5
sets, combine different sources and types o
data to improveanalysis.
LO1.05| DSDAO5 Use different data analytics 5 5 5 5
platforms to process complex data.
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LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc MSc BSc MSc BSc MSc
LO1.06| DSDAO06 Visualise complex and variable daf 5 5 5
Data Science Data Management
LO2 DSDMDM - Develop and implement data 5 5
DM managenent strategy for data collection,
storage, preservation, and availability for
further processing.
LO2.01| DSDMOZ Develop and implement data
strategy, in particular, in a form of Data
Management Plan (DMP).
LO2.02| DSDMO02 Develop and imgiment relevant 2 2
data models, including metadata.
LO2.03| DSDMO03 Collect and integrate different datg 2 2
source and provide them for further analysig
LO2.04| DSDMO04 Develop and maintain a historical 1 1
data repository of analysis results (data
provenance).
LO2.05| DSDMO5 Ensure data quality, accessibility,
publications (data curation).
LO2.06 | DSDMO06 Manage IPR and ethical issues in
data management.
Data Science Engineering
LO3 DENGENG- Use engineering principketo 25 30 25 30
ENG research, design, develop and implement
new instruments and applications for data
collection, analysis and management.
LO3.01| DSENGO04Use engineering principles to 5 10 5 10
research, design, prototype data analytics
applications, or developtsictures,
instruments, machines, experiments,
processes, systems.
LO3.02| DSENGO02Develop and apply computationall 5 5 5 5
solutions to domain related problems using
wide range of data analytics platforms.
LO3.03| DSENGO03Develops specialed data analysis| 5 5 5 5
tools to support executive decision making.
LO3.04| DSENGO04Design, build, operate database | 5 5 5 5
technologies.
LO3.05| DSENGO5Develop solutions for secure and
reliable data access.
LO3.06| DSENGO6Prototype nav data analytics 5 5 5 5
applications.
Data Science Research Methods
LO4 DRM-RM- Create new understandings and| 5 5 5 5
RM capabilities by using the scientific method
(hypothesis, test/artefact, evaluation) or
similar engineering methods to discover ney|
approaches to create new knowledge and
achieve research or organizational goals.
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LO ID

Data Science Competence

ECTS credit pointsy Knowledge levels

Familiarity

Usage

Creation

BSc

MSc

BSc

MSc

BSc

MSc

LO4.01

DSRMOZ Create new understandings and
capabilities by using the scientific method
(hypothesis, test, and evaluation) or similar
engineering research and developnt
methods.

2

2

2

LO4.02

DSRMO02 Direct systematic study toward a
fuller knowledge or understanding of the
observable facts, and discovers new
approaches to achieve research or
organizational goals.

LO4.03

DSRMO03 Undertakes creative workmaking
systematic use of investigation or
experimentation, to discover or revise
knowledge of reality, and uses this knowled
to devise new applications

LO4.04

DSRMO04 Ability to translate strategies into
action plans and follow through to
comgetion.

LOA4.05

DSRMO5 Contribute to and influence the
development of organizational objectives.

LOA4.06

DSRMO06 Apply ingenuity to complex
problems, develop innovative ideas

Busines:

s Process Management

LO5
BPM

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

LOS5.01

DSBPMO01 Understand business and providg
insight, translate unstructured business
problems into an abstract mathematical
framework.

LO5.02

DSBPMO02Use data to improve existing
services or develop new services.

LO5.03

DSBPMO03Paricipate strategically and
tactically in financial decisions that impact
management and organizations.

LOS5.04

DSBPMO04 Provides scientific, technical, and
analytic support services to other
organizational roles.

LOS5.05

DSBPMO05 Analyse cusimer data to
identify/optimise customer relations actions.

LO5.06

DSBPMO06 Analyse multiple data sources fot
marketing purposes.

5.2 Assessment of existing programmes and identificationpaftential gaps

Another important and useful use tie presented MES is the possibility to assess the existing Data Science

programmes for compliance with the proposed NS and make their fine tuning for target Data Science

professional profiles that are defined based on the ESCO Taxonomy [32] (speofil&®definition in D2.2 [3]
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and discussion document [7]). Such use of theM@Swill help to close the gap between the offered Data
Science education and demand from the job market.

Preliminary study of a few existing Data Science programs frorBEHEON Data Science programs inventory

list [50] and programmes developed by the EDISON Champion universities allowed us to make few
observations. The best existing programmes and those developed by the Champions are primarily covering the
required compegnces profiles DSP@ASP09 for Data Science Professional and profiles EI3$PQ3 for Data
Science Managers (see [3] and [7] for DSP taxonomy and hierarchy). However competences related to Data
Management are not explicitly covered in most of existing QaepScience based programmes which are
primarily reviewed in the projeét DSP1SP13 profiles primarily dealing with data management, curation,
digital archiving and digital libraries are offered by féemputer Science departments and their experience

and offerings still to be studied by the project with the purpose to create consistent Data Science programmes
covering both Computer Science based programmes and those educating digital librarians, archivists and
curators. Taking into account that Data Megement competences will be required for all DSP professional
groups, necessary training can be offered at pgrstduate stage or at working place.

Together with the EDISON champion universities, we are trying to identify if their respective DS pregramm

are covering all DS competencies groups and with the right mastery level. As a result, new courses and trainings
will be added to the existing programs. Another approach to close courses gap considered by the EDISON
champions is to establish a Data $cie Erasmus exchange program across some of the EDISON champions to
enable the DS graduates to move across the different universities to complete the missing competences.

4This gap is recognized in theoject and efforts has been taken to initiate a reference Data Management curriculum and
modular course developments at the University of Amsterdam under umbrella of the Research Data Alliance initiative on
Research Data Management Literacy initiativattwill host the BoF meeting at the next RDA8 Plenary meeting in Denver
on 1517 September 2016.
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6 Conclusion and furthedevelopments

Thepresentd initial definition of the Data Scirce Model Curriculum (MDS have been done with wide
consultation and engagement of different stakeholders, primarily from research community and Research
Infrastructures, but also involving industry via standardisation bodies, professional commundiegeatly

via the project network.

6.1 Summary of findings

The Data Science Model Curriculista core component of the EDISON Data Science Framévedbidonnects

all componentsnto a comprehensive tool aimed at supporting universitéand professional training
organizations in the development of new Data Science programmes, but also in the assessment of existing
programmes w.r.t. coverage of competencies and knowledge areas associated with specific professional
profiles/occupations.

ThepresentedMGDS is built around the BEoK and uses the existing classification of the academic disciplines,
at this stage, mostly defined by the ACM Classification of Computer Science CCS2012.

Thepresented MEDS intends tgrovide aguidance and a basis for universities to define their Data Science
curricula anchelp with the individuatourses selectionTogether with DSP competence profjldee MGDS will
help companies to correctly specify requirements to their staff knowledgepaodde necessary training for
the career developmentf their staff

The approach and first draft of the proposed Model Curriculum has been presented and discussed at the
EDISON Champions Conference orl43uly 2016, New Forest, UK). The internal Champions demonstrated
the application of the Data Science Competence Fraonk and Body of Knowledge components for
developing their own Data Science programmes and other academic offerings, providing valuable insights,
comments, and suggestions that have been incorporated into the currenDE®ersion that will be further
presented to the ELG meeting that is planned for 27 September 2016.

6.2 Further developments to formalizé1C-DS and DBoK

It is anticipated that the presept here the first versions of theata Science Body of Knowledgd require
further development and validation by experts and communities of practicewtidincludethe following
specific tasks and activities:

1 Collect feedback on the Data Science ddb Curiculum initial version furtherimprovement and
extension.

1 Engage with the partner and champion universities into pilot implementation ofCGind D80oK and
collecting feedback from practitioners.

1 Define specific knowledge areas related to thenitiited knowledge area groups by involving experts in
the related knowledge areas, possibly also engaging with the specific professional communities such as
IEEE, ACM, DAMA, IIBA, etc.

i Finalise the taxonomy of Data Science related knowledge areas andifscidisciplines based on ACM
CCS (2012), provide suggestion for new knowledge areas and classifications classes.

Validation is an important part of the products that could be widely accepted by commitailiglation of the
proposedMGDS andSBoK wil be done in two main ways$-irst ipresenting tke proposed developmertb
the communities of practice ansoliciting feedback and contribution from the academic anofessional
community, includinge x p einterviews The second way suggests involvimg championuniversities into
validation and piloimplementationof the proposedDSBoKand Model Curriculum.

It is anticipated that real life implementation and adoption of the EDISON Data Science framework will includes
both approaches toglown and lottom-up that will allow universities and professional training institutions to
benefit from EDISON recommendations attbpt them to available expertise, resources and demand of the

Data Science competences and skills.
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To ensure gccessful acceptance of the proposed EDSF and its core comppesseatial role belong to
standardisation in the related technology and educational domdihs. work is being done in the project.
Necessargontacts with the European and international standardisation bodies and professional organisations
are being established
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Persontyle Data Science Centre of Excelléntearning Programpnline] http://www.persontyle.com/courses/

Lucerne University of Applied Sciences and Aft Lucerne School of Information Technologfonline]
https://www.hslu.ch/en/lucerrgchootof-informationtechnology/

Lucerne University of Applied Sciences and fmtline] https://www.hslu.ch/en/

Lucerne Universityof Applied Sciences and AitDegree Programmdenline] https://www.hslu.ch/en/lucerrgchoot
of-informationtechnology/degreprograms/bachelor/majors/

Alistair Cockburn- Use case fundamentdtmline] http://alistair.cockburn.us/Use+case+fundamental

EDISON Project: University Programs list [online] http://edigmnject.eu/universigprogramslist

EDISON Project Documents Library [onlinkdtp://edisorproject.eu/libary

ENQA - European Association forui@lity Assurance in Higher Educatifonline] http://www.enga.eu/

EQANIE - the European Quality Assurance Network for Informatics Education [online] http://www.eqanie.eu/

Standards and Guidelines for Quality Assurance in the European Higher Education [éukae]
http://www.enga.eu/wgontent/uploads/2015/11/ESG_2015.pdf

EuroInf Framework Standards and Accreditation Criteria  [onlindjttp://www.eqanie.eu/media/Euro
Inf%20Framework%20Standards%20and%20Accreditation%20Criteria%20\VaB1 8. pdf

Accreditation and certification schemes, RDA 8th Plenary BoF meeting [online] httadlidtte.org/accreditation
and-certificaion-schemesgda8th-plenarybof-meeting
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Acronyms
Acronym Explanation
ACM Association for Computer Machinery
BABOK Business Analysis Body of Knowledge
CCs Classification Computer Science by ACM
CFDS Data Science Competence Framework
CODATA International Council for Science: Committee on Data for Scie
and Technology
CSs Computer Science
DM-BoK Data Management Body of Knowledge by DAMAI
DSBoK Data Science Body of Knowledge
EDSA European Data Science Academy
EOEE EDISON OnlinelEearning Bvironment
ETMDS Data Science Education and Training Model
EUDAT http://eudat.eu/what-eudat
EGI European Grid Initiative
ELG EDISON Liaison Group
EOSC European Open Science Cloud
ERA European Research Area
ESCO European Skills, Competences, (fidtions and Occupations
EUA European Association for Data Science
HPCS High Performance Computing and Simulation Conference
ICT Information and Communication Technologies
IEEE Institute of Electrical and Electronics Engineers
IPR Intellectual Propety Rights
LERU League of European Research Universities
LIBER Association of European Research Libraries
MCDS Data Science Model Curriculum
NIST National Institute of Standards and Technologies of USA
PID Persistent Identifier
PM-BoK Project Managment Body of Knowledge
PRACE Partnership for Advanced Computing in Europe
RDA Research Data Alliance
SWEBOK Software Engineering Body of Knowledge
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Appendix A Mastery levels

This appendix provides short overview and compare definitiomadtery levels as used in the European
Qualifications Framework (EQF) [25]CE, ACM/IEEE guidelines for Computer Science curriculum [6] and
Bl oom’ s t iausedfothm gefinitibntof mastery levels (also called proficiency levels@g
necessgy to define Learning Outcomes in MIS.

The European qualification framewdi®5] defines eight levels of knowledge achieved through stages of
education. Level 6 is considered to be achieved through a bachelor degree, level 7 throwgls & degrée s

and level 8 through a PhD degree. Leve&a@e mapped to 5 levels ir@F dimension 3. The mapping and
description is presented ifiable7. By comparing€F levels directly with education requirements from EQF we
can notice a certain mismatch. It is impossible to achieve a desi@flevel by simply following an education
path based on EQF. It is not enough to gata s t degree $o beome a Lead Professional. Rather, education
requirements should be interpreted as a necessary condition, but not sufficient.

Table7 Description of EQF and-€F levels

EQF EQF level description e-CF e-CF level descrifpn
level level

8 Knowledge at the most advanced frontier, the mo: e-5  Principal
advanced and specialized skills and techniques tc Overall accountability and
solve critical problems in research and/or responsibility; recognized inside and
innovation, demonstrating substantial authority, outside the organization for
innovation, autonomy, scholarly or professional innovative solutions and for shaping
integrity. the future using outstanding leading

edge thinking and knowledge.

7 Highly specialized knowledge, some of whicht e-4 Lead Professional/Senior Manager
the forefront of knowledge in a field of work or Extensive scope of responsibilities
study, as the basis for original thinking, critical deploying specialized integration
awareness of knowledge issues in a field and at tt capability in complex environments;
interface between different fields, specialized full responsibilityfor strategic
problemsolving skills in research and/or innoiat development of staff working in
to develop new knowledge and procedures and tc unfamiliar and unpredictable
integrate knowledge from different fields, managir situations.
and transforming work or study contexts that are
complex, unpredictable and require new strategic
approaches, taking responsibility for contributing t
professional knowledge and practice and/or for
reviewing the strategic performance of teams.

6 Advanced knowledge of a field of work or study, e-3  Senior Professional/Manager
involving a critical understanding of theories and Respecteddr innovative methods
principles, advanced skills, demonstrating masten and use of initiative in specific
and innovation in solving complex and technical or business areas; providin
unpredictable problems in a specialized field of leadership and taking responsibility
work or study, mangement of complex technical o for team performances and
professional activities or projects, taking development in unpredictable
responsibility for decisiomaking in unpredictable environments
work or study contexts, for continuing personal an
group professional development.

5 Comprehensive, specialized, factual and theoretic Professional

knowledge within a field of work or study and an
awareness of the boundaries of that knowledge,

expertise in a comprehensive range of cognitive a e-2

practical skills in developing creative solutions to
abstract problems, management and supervision
contexts where there is unpredictable change,

Operates with capability and
independence in specified boundarie
and may supervise others in this
environment; conceptual and abstrac
model building using creative
thinking; uses theoretical knowledge
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EQF EQF level description e-CF e-CF level descrin
level level
reviewing and developing performance of self and and practical skills to solve complex
others. problems within a predictable and
4 Factual and theoretical knowledge in broad conte; sometimes unpredictable context.

within a field of work or study, expertise in a range
of cognitive and practical skills in generating
solutions to specific problems in a field of work or
study, sefmanagement not within the guidelinex
work or study contexts that are usually predictable
but are subject to change, supervising the routine
work of others, taking some responsibility for the
evaluation and improvement of work or study

activities.

3 Knowledge of facts, principles, processes and e-1  Associate
general concepts, in a field of work or study, a ran Able to apply knowledge and skills tc
of cognitive and practical skills in accomplishing solve straight forward problems;
tasks. Problem solving with basic methods, tools, responsible for own actions;
materials and information, responsibility for operating in a stable environment.

completon of tasks in work or study, adapting owr
behaviour to circumstances in solving problems.

EQFdescriptions provide reference both to actual levels of knowledge, but also to additional skills related to

knowl edge application, analysis, synthesis and eval ua
time, levels in EQF do not only cespond to higher levels of conceptualization, but also to more specialized

knowledge, experience and interpersonal skills related to people management, and professional integrity and
responsibility. eCF adds to its description of typical tasks regardisgrtcomplexity and autonomy. Therefore,

higher levels of EQF and3¥ should not just be seen directly as the same higher levels in Bloom. At the same

ti me, hi gher I evels in Bl oom’ -€FandaBQB.t tollows the eagiern ecessar y
argument about education requirements forming necessary but not sufficient conditions.

EQFhas8levels&F has 5 | evels and Bloom’s has 6 |l evel s. Des
between precision and avoiding micromanagement of furtheiirdgon of courses, especiallyhen designing a

guideline for programs instead of a specific program. It might be useful to limit the amount of levels on which

LOs are considered. Such an approach is used in ACM/IEEE Computer Science and Informadiogylechn

curricula guidelines. Infomation Technology guidelines][@efine the three levels as: emerging, developed and

highly developed. Computer Scienagdglines [§ define the three levels as: familiarity, usage, and

assessment . Bl oo nhe sixldvasxkonowledys, cochmreheénsiom,application, analysis,

synthesis and evaluation.

The three levels as used in ACM/IEEE Computer Science guidelines are of particular importance because
significant parts of a relatethxonomy andBoK is used in thdefinition of CFDS and BolS in EDISON. A
description of these three levels is presentedmor! Reference source not foundThe verb usage is not fully
consistentwithh e or i gi texohomyB[l6poo nevised versipomwhich is acknowledged in the document.

In principle, these |l evels are useful, though the syn
omitted both in the naming of levels and also in their description. Futhmor e, t he anal ysi s | ev
taxonomy is sometimes mixed with the evaluation | evel
familiarity | evel maps to knowledge and comprehension
ACM/IEEE magiso anal ysi s | evel in Bloom”s taxonomy; and fin
analysis | evel i nresltlsoynm’hse sti sx amalmye.vaAsuaa i on | evels fr

large extent omitted. Such omission might be acceptdbtaindergraduate curricula that ACM and IEEE
consider in these documents.
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Table8 ACM/IEEE CS curricula master levels

Level Description

Familiarity ~ The student understands what a concept is or what it means. This len@siEry concerns a
basic awareness of a concept as opposed to expecting real facility with its application. It
provides an answer to the question “ What

Usage The student is able to use or apply a concept in a concrete way. Usoricapt may include,
for example, appropriately using a specific concept in a program, using a particular proof
technique, or performing a particular an
you know how to do?”

Assessment The student isble to consider a concept from multiple viewpoints and/or justify the selectia
of a particular approach to solve a problem. This level of mastery implies more than using
concept; it involves the ability to select an appropriate approach from undersaftednatives.
It provides an answer to the question “W

While not required in undergraduate curricula, the holistic definition covering all EQF,levels, requires also

full coverage of | evel s ieylimBationw Blevels sheuld bermainmainedtdAt t he s
preserve simplicity and compatibility. We suggest the following three levels: familiarity as understood by
knowl edge and comprehension in Bloom s taxonomy, usag
Bl oom”s taxonomy, creation as understood by synthesis
three levels together with action verbs Trable9. Action erbs were defined based on the original and revised
Bl ooms taxonomy with adjustments tailored to Data Sc

Table9 Knowledge levels for learning outcomes in Data Science model curriculaQ8L

Level Action Verbs

Familiarity Choose, Classify, Collect, Compare, Configure, Contrast,
Define, Demonstrate, Describe, Execute, Explain, Find,
Identify, Illustrate, Label, List, Match, Name, Omit, Operate
Outline, Recall, Rephrase, Show, Summarize, Tell, Transle

Usage Apply, Analyze, Build, Construct, Develop, Examine,
Experiment with, Identify, Infer, Inspect, Model, Motivate,
Organize, Select, Simplify, Solve, Survey, Test for, Visualiz

Assessment Adapt, Assess, Change, Combine, Compile, Compose,
Conclude, Criticiz&reate, Decide, Deduct, Defend, Design
Discuss, Determine, Disprove, Evaluate, Imagine, Improve
Influence, Invent, Judge, Justify, Optimize, Plan, Predict,
Prioritize, Prove, Rate, Recommend, Solve
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Appendix B Subset of ACM/IEEE CCS2012 for [Baiance

The presented taxonomy although based on ACM CCS (2012) classification can provide a basis and motivation
for its extension with a new classification group related to Data Science and individual disciplines that are
currently missing in the curre®CM classification. This work will be a subject for future development and the
results will be presented in other project deliverables.

B.1.ACMClassificationrComputer Sciencé012)structure and Data Science related
Knowledge Areas

The 2012 ACMomputing Classification System (CCS) [7] has been developed asherobhical ontology

that can be utilized in semantic web applications. It replaces the traditional 1998 version of the ACM

Computing Classification System (CCS), which has serveel de facto standard classification system for the
computing field for many years (also been more human readable). The ACM CCS (2012) is being integrated into
the search capabilities and visual topic displays of the ACM Digital Library. It relies oméicgowabulary as

the single source of categories and concepts that reflect the state of the art of the computing discipline and is
receptive to structural change as it evolves in the future. ACM provides a tool within the visual display format

to facilitate the application of 2012 CCS categories to forthcoming papers and a process to ensure that the CCS
stays current and relevant.

However, at the moment none of Data Science, Big Data or Data Intensive Science technologies are reflected in
the ACM classifation. The following is an extraction of possible classification facets from ACM CCS (2012)
related to Data Science what reflects midtibject areas nature of Data Science:

As an example, the Cloud Computing that is also a new technology and cldstsg te Big Data technologies,
currently is classified in ACM CCS (2012) into 3 groups:

Networks:: Network services :: Cloud Computing

Computer systems organization Architectures :: Distributed architectures :: Cloud Computing
Software and itsengineering :: Software organization and properties :: Software Systems Structures ::
Distributed systems organizing principles :: Cloud Computing

Taxonomy is required to consistently present information about scientific disciplines and knowledge areas
relatedto Data Science. Taxonomy is important component to link such components as Data Science
competences and knowledge areas, Body of Knowledge, and corresponding academic disciplines. From
practical point of view, taxonomy includes vocabulary of names (owv&eis) and hierarchy of their relations.

The presented here initial taxonomy of Data Science disciplines and knowledge areas is based on the 2012 ACM
Computing Classification System (ACM CCS (2012)). Refer to initial analysis of ACM CCS (201®)yrckssifica
subset of data related disciplines in section B.1 and Table B.1. The presented in Table B.2 taxonomy includes
ACM CCS (2012) subsets/subtrees that contain scientific disciplines that are related to Data Science Knowledge
Area groups as defined @hapter 4 Data Science Body of Knowledge definition:

1 KAGIDSA: Data Analytics group including Machine Learning, statistical methods, and Business Analytics

1 KAG2DSE: Data Science Engineering group including Software and infrastructure engineering

1 KAG3DSIM: Data Management group including data curation, preservation and data infrastructure

Two other groups KAGASRM: Scientific or Research Methods group and HXSEP: Business process

management group cannot be mapped to ACM CCS (2012) and their tax@notyprovided in this version. It

is important to notice that ACM CCS (2012) provides
can be used as an extension point domain related knowledge area groupB3i6 (see section 4.3

Knowledge Ara groups definition).

The following approach was used when constructing the proposed taxonomy:

1 ACM CCS (2012) provides almost full coverage of Data Science related knowledge areas or disciplines
related to KAG1, KAG2, and KAG3. The following top lessifatation groups are used:
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Theory of computation

Mathematics of computing

Computing methodologies

Information systems

Computer systems organization

Software and its engineering

1 Each of KAGs includes subsets from few ACM CCS (2012) classificationtgroapsr theoretical,
technology, engineering and technical management aspects.

1 Extension points are suggested for possible future extensions of related KAGs together with their
hierarchies.

1 KAG3DSDM: Data Management group is currently extended with newcepts and technologies
developed by Research Data community and documented in community best practices.

O O 0o o

o

Tablel1l0 Data Science classification based on ACM Classification (2012)

DSBoKKnowledge ACM (2012) Classificati facets related to Data Science

Groups®)
Data Science Analytic§ Theory of computation
(DDA) Design and analysis of algorithms

Data structures design and analysis

Theory and algorithms for application domains
Machine learning theory
Algorithmic game theory and mechanism design
Database theory

Semantics and reasoning

Data Science Analytic§ Mathematics of computing

(DDPA) Discrete mathematics
Graph theory

Probability and statistics
Probabilistic representations
Probabilistic inference problems
Probabilistic reasoning algorithms
Probabilistic algorithms
Statistical paradigms

Mathematical software

Information theory

Mathematical analysis

Data Science Analytic§y Computing methodologe
(DPA) Artificial intelligence
Natural language processing
Knowledge representation and reasoning
Search methodologies
Machine learning
Learning paradigms
Supervised learning
Unsupervised learning
Reinforcement learning
Multi-task learning
Machine learning approaches
Machine learning algorithms

Data Science Analytic Information systems
(DDA) Information systems applications
Decision support systems
Data warehouses
Expert systems
Data anaytics
Online analytical processing
Multimedia information systems

Data mining
Data Science Analytic§ Theory of computation
(DDA) DSA Extension point: Algorithms for Big Data computation
Mathematics of computing
EXTENSION POINT DSA Extension point: Mathematical software for

Big Data computation
Computing methodologies
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DSBoKKnowledge
Groups®)

ACM (2012) Classificaii facets related to Data Science

DSA Extension point: New DSA computing
Information systems
DSA Extension point: Big Data systems (e.g. cloud based)
Information systems applications
DSA Extension point: Big Data applications
DSA Extension point: Doman specific Data applicatio

Data Science Data

Management (DSDM)

Information systems
Data management systems
Database design and models
Data structures
Database managenmé system engines
Query languages
Database administration
Middleware for databases
Information integration

Data Science Data

Management (DSDM)

Information systems

Information systems applications
Digital libraries and archives

Information retrieval
Document representation
Retrieval models and ranking
Search engine architectures and scalability
Specialized information retrieval

Data Science Data

Management (DSDM)

EXTENSION POINT

Information systems
Datamanagement systems
Data types and structures description
Metadata standards
Persistent identifiers (PID)
Data types registries

Data Science
Engineering (DSE)

Computer systems organization
Architectures
Parallel architectures
Distributed architectures

Data Science
Engineering (DS

Networks**)
Network Architectures

Network Services
Cloud Computing

Data Science
Engineering (DS

Software and its engineering
Software organization and properties
Software system structures
Software architectures
Software system models
Ultra-large-scale systems
Distributed systems organizing principles
Cloud computing
Grid computing
Abstraction, modeling and modularity
Realtime systems software
Software notations and tools
General programming languages
Software creation and management

Data Science
Engineering (DS

Computing methodologies
Modeling and simulation
Model development and analysis
Simulationtheory
Simulation types and techniques
Simulation support systems

Data Science
Engineering (DS

Information systems
Information storage systems
Information systems applications
Enterprise information systems
Collaborative and social computing systems and tool

Data Science
Engineering (D3&S5)

EXTENSION POINT

Software and its engineering
Software organization and properties
DSE Extension point: Big Data applications design
Data Analytics programmirignguages
Information systems
DSE Extension point: Big Data and cloud based systems des
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DSBoKKnowledge ACM (2012) Classificaii facets related to Data Science
Groups®)

Information systems applications
DSA Extension point: Big Data applications
DSA Extension point: Doman specific Data applicatio

DS Domain Knowledg¢q Applied computing

(DSDK) Physical sciences and engineering
Life and medical sciences
EXTENSION POINT Law, social and behavioral sciences

Computer forensics

Arts and humanities

Computers in other domains

Operations research

Educatio

Document management and text processing

*) All Acronyms for classification groups andBXX Knowledge Area Groups are brought in accordance-to CF
DScompetence groups

**) Due to important role of the Internet and networking technologies, basic kedge about networks are
required.However,as a technology domain, Networks knowledge area group should be considered as a
domain specific knowledge area in the general Data Science competences and knowledge definition.
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Appendix CData Science Body ¢thowledge (DIBoK) definition

The DSBoK is defined based on the proposed competences modBISHhat identified five competence areas
that should be mapped into corresponding knowledge areas and groefes (o the recent CFDS version
online®[1], itis also included into Appendix C for details and visual presentation in Figure C.1 (a) and.(b
The DSBoK definition requires combination and synthesis of different domain knowledge areas with
necessary selection or adaptation of educational and instruathal models and practices.

C.1.DSBoK structure and Knowledge Area Groups

The intended DBoK can be used as a base for defining Data Science related curricula, courses, instructional
methods, educational/course materials, and necessary practices foergily post and undergraduate

programs and professional training courses. TheBDK is also intended to be used for defining certification
programs and certification exam questions. WhileBt3-(comprising of competences, skills and knowledge) can
be usel for defining job profiles (and correspondingly content of job advertisements) tHBdBScan provide a

basis for interview questions and evalwuation of the ¢

Following the CIBS competence group definition the B8K should contain the following Knowledge Area
groups (KAG):

T KAGIDPA: Data Analytics group including Machine Learning, statistical methods, and Business Analytics
KAG2DSHG Data Science Engineering group including Software and infrastructure engmeeri
KAG3DSDMData Management group including data curation, preservation and data infrastructure
KAG4DSRMScientific or Research Methods group

KAGS5DSBRI: Business process management group

KAG6DSDK: Data Science Domain Knowledge group includes dspegific knowledge

= =4 —a -8 A

The subject domain related knowledge group (scientific or business)-RSOGK is recognized as essential for
practical work of Data Scientist what in fact means not professional work in a specific subject domain but
understanding the dmain related concepts, models and organisation and corresponding data analysis
methods and models. These knowledge areas will be a subject for future development in tight cooperation
with subject domain specialists.

It is also anticipated that due to cagotexity of Data Science domain, the-B&K will require wide spectrum of
background knowledge, first of all in mathematics, statistics, logics and reasoning as well as general computing
and cloud computing in particular. Similar to the ACM CS2013 curappl@ach, background knowledge can

be required as an entry condition or must be studied as elective courses.

Although in current version the proposed B8K is using the ACM Computer Science BoK, it is important to
mention that the domain oriented BBoK may be primarily defined by the specific domain needs and contain
less ICT and Computer Science components.

The proposed DBo K definition uses the f ol-BoKkmowedge Baups! s t o
Software Engineering SWEBOK, Businealysis BABOK, and Project ManagementBdK, and others.

Tablellldentified DSBoK Knowledge Areas

KA Groups Knowledge Areas (KA) from existing | Additional Knowledge Areas

BoKs
KAG1DDA: Data BABOK selected KAs *) General Data Analytics and Machin
Analytics group I Business Analysis Planning & Learning KAs
including Machine Monitoring: describes the tasks use ¢ Machine learning and relate
Learning, statistical to organize and coordinate busine methods
methods, and . analy§|s efforts. ) | 1 Predictive analytics and predictiv
Business Analytics | § Requirements Analysis and Desi forecasting

Definition.

5 http://www.edison-project.eu/datasciencecompetenceframeworkcf-ds
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KA Groups

Knowledge Areas (KA) from existing
BoKs

Additional Knowledge Areas

1 Requirementd.ife Cycle Managemer
(from inception to retirement).

1 Solution Evaluation
improvements recommendation.

an

1 Classification methods

9 Data mining and knowledge discove

1 Business intelligence covers da
analysis that relies heavily o
aggregation and different dat;
sources and focusing on busine
information;

9 Text analytics including statisticg
linguistic, aml structural techniques

to analyse structured an(
unstructured data
9 Statistical methods, includini

descriptive statistics, exploratory dal
analysis (EDA) and confirmatory dg
analysis (CDA)

KAG2DSHG Data
Science Engineering
group including
Softwareand
infrastructure
engineering

ACM CSBoK selected KAs:

AL- Algorithms and Complexity

AR- Architecture and Organization
(including computer architectures and
network architectures)

CN- Computational Science

GV- Graphics and Visualization

IM - Information Management

PBD- Platformbased Development
(new)

SE- Software Engineering (extended
with SWEBOK KAs)

SWEBOK selected KAs

Software requirements
Software design

Software construction
Software engineering process
Software engineering models an
methods

1 Software quality

=A =4 -4 -4 -4

Infrastructure and platforms for Data
Science applications group:
CCENGCloud Computing Engineering
(infrastructure and services design,
management and operation)
CCASCloud based applications and
services development and degyiment
BDA-Big Data Analytics platforms
(including cloud based)

BDI- Big Data Infrastructure services
and platforms, including data storage
infrastructure

Data and applications security KAs:
SEC Applications and data security
SSM-Security servicesianagement,
including compliance and certification

Agile development technologies

1 Methods, platforms and tools

9 DevOps and continuous deployme
and improvement paradigm

KAG3DSDM: Data
Management group
including data
curation,
preservation and
datainfrastructure

DM-BoK selected KAs

(1) Data Governance,

(2) Data Architecture,

(3) Data Modelling and Design,

(4) Data Storage and Operations,
(5) Data Security,

(6) Data Integration and Interoperability
(7) Documents and Content,

(8) Referencand Master Data,

(9) Data Warehousing and Business
Intelligence,

(10) Metadata, and

(11) Data Quality.

Gener al Data Mana/

i Data Lifecycle Management

9 Data archives/storage complianc
and certification

New KAs to support RDA

recommendations andommunity data

management models (Open Access,

Open Data, et€)

9 Data type registries, PIDs

i Data infrastructure and
Factories

1 TBD — To follow RDA and ER
community developments

Dati

6 Example courses provided by RDA comryusind shared between European Research Infrastructiitgs://europe.rd-
alliance.org/trainingprogramme
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KA Groups Knowledge Areas (KA) from existing | Additional Knowledge Areas
BoKs
KAG4DSRM: There are no formallyefined BoK for Suggested KAs to develop DSRM relat
Scientific or Researcll research methods competences:
Methods group 1 Research methodology, researt

cycle (e.g. 4 step model Hypothesis
Research Methods— Artefact —
Validation)
1 Modelling and experiment planning
9 Data selection and qualityvaluation
M Use cases analysis: resear
infrastructures and projects
9 TBD further extensions

KAGS5DSBRI: PMIBoK selected KAs General Business processes and
Business process 1 Project Integration Management operations KAs
management group | 1 Project Scope Management 1 Business processes and operations
1 Project Quality 9 Agile Data Driven methodologie
1 Project Risk Management processes and enterprises
i Use cases analysis: business ¢
BABOK selected KAs *) industry

1 Business Analysis Planning a 1 TBD further extensions
Monitoring: describes the tasks use
to organize and coordinate busine
analysis efforts.

1 Requirements Analysis and Desi
Definition

1 Requirements Life Cycle Managemg
(from inception to retirement).

1 Solution Evaluation an
improvements recommendation.

*) BABOK KA are more business focused and related to-R&8B, however its specific topics related to data
analysis can be reflected in the KABSDA

Page51 of 68



EDISONG675419

C.2.Data Science Body of Knowledge Areas

Presented analysis allows us to propose an initial version of the Data Science Body of Knowledge implementing
the proposed DBoK structure as explained in previous section. Table 4.1 provides consolidated view of the
identified Knowledge Areas in the DeBaience Body of Knowledge. The table contains detailed definition of

the KAGIDSA, KAGRSE, KAGBSDM groups that are well supported by
materials. General suggestions are provided for KBRGRM, KAGBSBP groups that correspimto newly

identified competences and knowledge areas and require additional study of existing practices and

contribution from experts in corresponding scientific or business domains.

The KAGDSE group includes selected KAs from ACIRdBSand SWEBOHKdextends them with new

technologies and engineering technologies and paradigm such as cloud based, agile technologies and DevOps
that are promoted as continuous deployment and improvement paradigm and allow organisation implement
agile business and opédranal models.

The KAGHSDM group includes most of KAs from-BbK however extended it with KAs related to RDA
recommendations, community data management models (Open Access, Open Data, etc) and general Data
Lifecycle Management that is used as a cdmtoancept in many data management related education and
training courses.

The presented DBoK high level content is not exhaustive at this stage and will undergo further development
based on feedback from the project Task 3.1 that will use the presdd8RbK for developing Data Science
Model Curriculum (M@S). The project will present the current version offa® to ELG to obtain feedback

and expert opinion. Numerous experts will be invited to review and contribute to the specific KAs definition.
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Table12 Detailed definition of the

DsBoK and suggested Knowledge Units (KU)

Knowledge Knowledge Areas | Suggested Knowledge Units (KU) | Mapping to CCS201@ncluding suggested Data
Area Groups (KA) Science extensiongnd existing BoKs

(KAG)

KAG1DDA: Theory of Design and Analysis of Algorithms | CCS2012: Theory of computation

Data Analytics| computation Design and analysis of algorithms
group Machine Learning Theory v Data structures design and

: ; - — analysis

(Induqmg Game Theory & Mechanism design Theory and algorithms for application
Machine domai

. omains

Lea'rm.ng, Machine learning theory
statistical Algorithmic game theory and
methodg mechanism design

Database theory
Semantics and reasoning

EXTENSIBILITY Paliiteory of
computation

Mathematics of

Discrete Mathematics and Graph

CCS2012: Mathematics of computing

methodologies

Natural Language Processing

Knowledge Representation and
Reasoning

Data mining and knowledge
discovery

computing Theory Discrete mathematics
Probability & Statistics Graph theory
Probability and statistics
Probabilistic reasoning Probab?l?st?c representations
Probabilistic inference
Statistical methods, including problems
descriptive statistics, exploratory Probabilistic reasoning
data analysis (EDA) and confirmatol 4|gorithms
data analysis (CDA) Probabilistic algorithms
Information theory Statistical paradigms
Mathematical analysis Mathematical software
Mathematical software and tools Informatlo_n theory .
Mathematical analysis
EXTENSIBILITY Point: Mathematic{ TBD
Data Sciencé&computing)
Computing Artificial Intelligence CCS2012: Computing methodologies

Artificial intelligence
Natural language processin
Knowledge representation
and reasoning
Search methodologies
Machine learning
Learning paradigms

Text analysis, Data mining _ Supervised

learning

Unsupervised
Text analytics including statistical, | learning
linguistic, and structural techniques Reinforcement
to analyse structured and learning
unstructured data Multi-task learning
_ _ Machine learning

MachineLearning theory and approaches
algorithms Machine learning algorithms
Classification methods
EXTENSIBILITY Point: Computing | TBD

methodologies

Information
systemgto
support Data
Science
applications)

Decision Analysis and Decision
Support Systems

Data warehousing and Data Mining

Data Analysiand statistics

Multimedia information systems

CCS2012: Information systems
Information systems applications
Decision support systems
Data warehouses
Expert systems
Data analytics
Online analytical
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Knowledge Knowledge Areas | Suggested Knowledge Units (KU) | Mapping to CCS201{ncluding suggested Data
Area Groups (KA) Science extensiongnd existing BoKs
(KAG)
Data Mining processing
Predictive analytics and predictive Multimedia information
forecasting systems -
Data mining
EXTENSIBILITY Point: Information| TBD
systems
Big Data Big Data algorithm for large scale | DSDA Extension group for CCS2012
Technologies and | data processing Theory of computation
Systems DSA Extension point: Algorithms for
Big Data Analytics Big Data c_omputation _
Mathematics of computing
Big Data systems DSA Extension point: Mathematical
software for Big Data computation
Big Datealgorithms for étaingest, Computing methodologies
pre-processingand visualisation DSA Extension point: NeDSA
Big Data analytics platforms and computing
tools (includingHadoop Spark, and | Information systems
cloud based Big Data services) DSA Extension point: Big Data syster|
Big Data systems for application (e.g. cloud based)
domairs Information systems applications
DSA Extension point: Big
Data applications
DSA Extension point: Doma
specific Data applications
EXTENSIBILITY Point: Information| TBD
systems
KAG2DSEIG | Computer systems| Parallel andistributed Computer CCS2012: Computer systems organization
Data Science | organisation for Architecture Architectures
i i Big Data . Parallel architectures
grr:)gljjgeerlng applications ;:r(l)(;npr)lcj:g(r:glt:tworksarchltectures Distributed architectures
T eludin (including high p : Networks *) _
9 performance Computer networks for high Network Architectures
SOﬂware and networks) performance computing and Big Network Services
infrastructure Data infrastructure Cloud Computing
engineering EXTENSIBILITY Point: TBD
Big Data software | Software (systems) architectures CCS2012: Software and its engineering
organisation and Softwareorganization and properties
engineering . . . Software system structures
Requirements engineering and Software
software systems development architectures
Large and ultrdargescale software Software system
systems organisation models
Ultra-largescale
Cloud enabled applications systems
development Distributed
systems organizing principles
Cloud
computing
Grid
computing
Abstraction,
modeling and modularity
Realtime systems
software
Software notations and tools
General programming
languages
Software creation and management
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Knowledge Knowledge Areas | Suggested Knowledge Units (KU) | Mapping to CCS201{ncluding suggested Data
Area Groups (KA) Science extensiongnd existing BoKs
(KAG)
EXTENSIBILITY Point: TBD
Modelling and Modelling and simulatiotheory and | CCS2012: Computing methodologies
simulation techniques(general and domain Modelingand simulation

oriented)

Model development and

analysis
Large scale modelling and simulatig Simulation theory
systems Simulation types and
techniques
Simulation support systems
EXTENSIBILITY Point: TBD

Big Data systems
organisation and
management

Enterprise information systems

Large scale data storaged data
management systems

Collaborative and social computing
systems and tools

CCS2012: Information systems
Information storage systems
Information systems applications

Enterprise information
systems

Collaborative and social
computing systems and tools

EXTENSIBILITY Paint:

TBD

Big Data (Data
Science)
applications
design

Programming languages fBig Data
analytics: R, pytharothers

Models and languages for complex
interlinked data presentation and
visualisation

Proposed new KA for BBoK

Linked to KAGDSA

DSDABIg Data applications design
DSDADataAnalytics programming languages

EXTENSIBILITY Paint:

TBD

Infrastructure and
platforms for Cata

Cloud Computing architecture and
services

Proposed new KA for DBoK
Infrastructure and platforms for Data Science

Science applications group:
applications Cloud Computing Engineering CCENGCloud Computing Engineering
group: (infrastructure and services design, | (infrastructure and services design,
management and operation) management and opeation)
Big Dateand cloud based systems | CCASCloud based applications and services
designand development development and deployment
Cloud based applications and BDA-Big Data Analytics platforms (including
. . cloud based)
services operation and managemef BDI- Big Data Infrastructure services and
Big Data Analytics platforms platforms, including data storage infrastructure
(including cloud based)
Data and applications security KAs:
Big Data Infrastructure: services an SEG Applications and data security
components, including data storage SSM- Security services management, includin
infrastructure compliance and certification
Data security and protection
EXTENSIBILITY Point: TBD
Software Software requirements and design | SWEBOK selected KAs
engineering and Software requirements
management Software design

Software engineering models and
methods

Software quality assurance

Agile development methods,
platforms and tools

Software construction

Software testing
Softwaremaintenance

Software configuration management
Software engineering management

=A =4 =4 -8 -8 -8 9
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Knowledge
Area Groups
(KAG)

Knowledge Areas
(KA)

Suggested Knowledge Units (KU)

Mapping to CCS201(hcluding suggested Datal
Science extensiongnd existing BoKs

DevOps and continuous deploymen
and improvement paradigm

EXTENSIBILITY Point:

1 Software engineering process

1 Software engineering models and method
1 Software quality

Agile development technologies

1 Methods, platforms and tools

DevOps and continuous deploymeard
improvement paradigm

TBD

KAG3DSDM:
Data
Management
group
(including
data curation,
preservation
and data
infrastructure

Data management
systems

Database management systems

Database design and models

Data Modelling, Databases and
Database Management Systems

Data Models and Quellyanguages

Database administration

CCS2012: Information systems
Data management systems
Database design and mode
Data structures
Database management
system engines
Query languages
Database administration
Middleware for databases
Information integration

EXTENSIBILITY Paint:

TBD

Digital libraries
and archives

Digital libraries and archives
organisation

Information Retrieval

Data curation and provenance

Search Engines technologies

CCS2012: Information systems
Information systems applications
Digital libraries and archives
Information retrieval
Document representation
Retrieval models and
ranking
Search engine architectures
and scalability
Specialized information
retrieval

EXTENSIBILITY Paint:

TBD

Data Management
and Enterprise
data infrastructure

Data management, including
Reference and Master Data

DataWarehousing and Business
Intelligence

Data storage and operations

Data archives/storage compliance
and certification

Metadata, linked data, provenance

Data infrastructure, data registries
and data factories

Data security and protection

Data governance, data quality, data
Integration and Interoperability

Data Management Planning

Responsible data use, data privacy
ethical principles, legal issues

DM-BoK selected KAs

(1) Data Governance,

(2) Data Architecture,

(3) Data Modelling and Design,

(4) Data Storage and Operations,

(5) Data Security,

(6) Data Integration and Interoperability,
(7) Documents and Content,

(8) Reference and Master Data,

(9) Data Warehousing and Business Intelligen
(10) Metadata, and

(11) Data Quality.

EXTENSIBILITY Paint: TBD
General principles | Data type registries, PID, metadata| Proposed new KA for DBoK
and concepts in Gener al Data Manageme
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Knowledge
Area Groups
(KAG)

Knowledge Areas
(KA)

Suggested Knowledge Units (KU)

Mapping to CCS201(hcluding suggested Datal
Science extensiongnd existing BoKs

DataManagement
and organisation

Research data infrastructure, Open
Science, Open Data, Open Access,
ORCID

Datainfrastructure compliance and
certification

Ethical principle and data privacy

1 Data Lifecycle Management

i1 Data archives/storage compliance ai
certification

New KAs to support RDA recommendations a

community datamanagement models (Open

Access, Open Data, etc)

1 Data type registries, PIDs

9 Data infrastructure and Data Factories

1 New KAs tdollow RDA and ERA communi
developments

EXTENSIBILITY Point:

TBD

KAG4DSRM: | Scientific/Researcl Research methodologparadigms Proposed newKA for DSBoK
Scientificand | Methods andresearch cycle To develop DSRM related competences:
Research : : : 1 Research methodology, research cycle (e.(
Methods Modelling and experiment planning|  step model Hypothesis Research Methods
group . _ _ Artefac.t—Valldatlon). .
Data selection and quality evaluatio f Modelling and experiment planning
— 1 Data selection and guality evaluation
:‘;?;;? Sifu?ensag:(;sb:gfeec??h 1 Use cases analysisesearch infrastructureg
and projects
Research data management plan a| 1 TBD further extensions
ethical issues
EXTENSIBILITY Point: TBD
KAGS5DSBRI: | Business Process | Business processes and operations PMI-BoK selected KAs
Busness Management i : 1 Project Integration Management
process Project scope and risk managemen| ¢ Project Scope Management
management I Project Quality
group 1 Project Risk Management

EXTENSIBILITY Point:

TBD

Business Analysis
organisation and
management

Business Analysis Planning and
Monitoring

Requirements Analysis and Design
Definition

Requirements Life Cycle
Management (from inception to
retirement)

BABOK selected KAs

1 Business Analysis Planning and Monitori
describes the tasks used to organize 3§
coordinate business analysis efforts.

1 Requirements Analysis and Design Definitig

1 Requirements Life Cycle Managemefroifn
inception to retirement).

_ . i Solution Evaluation and improvements
_Soluhon Evaluation and _ recommendation.
improvements recommendation
EXTENSIBILITY Point: TBD

Business analysis
and enterprise
organisation

Agile Data Driven methodologies,
processes and enterprises

Use cases analysis: business and
industry

Proposed new KA for DBoK

General Business processes and operations K

1 Business processes and operations

1 Agile Data Driven methodologies, process
and enterprises

1 Use cases analysis: businassl industry

TBD further extensions

EXTENSIBILITY Point:

TBD
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Appendix D Example ECTS points assignment to different Data Science
Professional groups

Table13 Distribution of ECTS credit points between specific learning outcomes for profiles D8B01

LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc | MSc BSc | MsSc BSc | MSc
Data Science Data Analytics
LOt DSDADA- Use appropriate statistical 5 25
DA techniques and predictive analytics on
available data to deliver insights and
discover new relations.
LO1.01| DSDAO Use predictive analytics to analyze
big data and discover new relations.
LO1.02| DSDAO2 Use appropriate statistical 5 10
techniques on available data to deliver
insights.
LO1.03| DSDAO03 Develop specialized analytics to 5
enable agile decision making.
LO1.04| DSDAO4 Research and analyze complex da|
sets, combindlifferent sources and types of
data to improve analysis.
LO1.05| DSDAO5 Use different data analytics 5
platforms to process complex data.
LO1.06 | DSDAO0G Visualise complex and variable dat 5
Data Science Data Management
LO2 DSDMDM - Develop and implement data 15 15
DM management strategy for data collection,
storage, preservation, and availability for
further processing.
LO2.01| DSDMOZ Develop and implement data 10 10
strategy, in particular, in a form of Data
Management PlaiDMP).
LO2.02| DSDMO02 Develop and implement relevant
data models, including metadata.
LO2.03| DSDMO03 Collect and integrate different datg
source and provide them for further analysis
LO2.04| DSDMO04 Develop and maintain historical
data repository of analysis results (data
provenance).
LO2.05| DSDMO5 Ensure data quality, accessibility,
publications (data curation).
LO2.06 | DSDMO06 Manage IPR and ethical issues in 5 5
data management.
Data Scienc&ngineering
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LO ID

Data Science Competence

ECTS credit pointsy Knowledge levels

Familiarity

Usage

Creation

BSc

MSc

BSc

MSc BSc

MSc

LO3
ENG

DENGENG- Use engineering principles to
research, design, develop and implement

new instruments and applications for data
collection, analysis and management.

15

LO3.01

DSENGO04Use engineering principles to
researchdesign, prototype data analytics
applications, or develop structures,
instruments, machines, experiments,
processes, systems.

LO3.02

DSENGO02Develop and apply computational
solutions to domain related problems using
wide range of data analytigdatforms.

LO3.03

DSENGO03Develops specialized data analys
tools to support executive decision making.

LO3.04

DSENGO04Design, build, operate database
technologies.

LO3.05

DSENGO05Develop solutions for secure and
reliable dataaccess.

10

LO3.06

DSENGO6Prototype new data analytics
applications.

Data Sc

ience Research Methods

LO4
RM

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

LO4.01

DSRMOZ Create new understandings and
capabilities by using the scientific method
(hypothesis, test, andvaluation) or similar
engineering research and development
methods.

LO4.02

DSRMO02 Direct systematic study toward a
fuller knowledge or understanding of the
observable facts, and discovers new
approaches to achieve research or
organizationaboals.

LO4.03

DSRMO03 Undertakes creative work, making
systematic use of investigation or
experimentation, to discover or revise
knowledge of reality, and uses this knowled
to devise new applications

LO4.04

DSRMO04 Ability to translatestrategies into
action plans and follow through to
completion.

LO4.05

DSRMO5 Contribute to and influence the
development of organizational objectives.
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LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc MSc BSc MSc BSc MSc
LO4.06 | DSRMO06 Apply ingenuity to complex 2
problems, develop innovative ideas

Business Process Management

LO5 DBPMBPM- Use domain knowledge 4 6
BPM (scientific or business) to develop relevant
data analytics applications, and adopt
general Data Science methods to domain
specific data types and presentations, data
and process modelsyrganisational roles and
relations.

LO5.01| DSBPMO01Understand business and provide
insight, translate unstructured business
problems into an abstract mathematical
framework.

LO5.02| DSBPMO02Use data to improve existing
services odevelop new services.

LO5.03| DSBPMO3Participate strategically and 2 2
tactically in financial decisions that impact
management and organizations.

LO5.04 | DSBPMO04 Provides scientific, technical, and 2 2
analytic support services to other
organizational roles.

LO5.05| DSBPMO5Analyse customer data to 2
identify/optimise customer relations actions.

LO5.06 | DSBPMO06 Analyse multiple data sources fof
marketing purposes.

Tablel14 Distribution of ECTS credit points between specific learning outcomes for profiles D$B10

LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc | MSc BSc | MSc BSc | MSc
Data Science Data Analytics
LO: DSDADA- Use appropriate statistical 25 5 20
DA technigues and predictive analytics on

available data to deliver insights and
discover new relations.

LO1.01| DSDAO Use predictive analytics to analyze| 5
big data and discover new relations.

LO1.02| DSDAO02 Use appropriate statistical 5
techniques on available data to deliver
insights.

LO1.03| DSDAO03 Develop specialized analyticsto | 5
enable agile decision making.

LO1.04| DSDA04 Research and analyze complex da| 5 5 10
sets, combindifferent sources and types of
data to improve analysis.
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LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc MSc BSc MSc BSc MSc
LO1.05| DSDAO5 Use different data analytics
platforms to process complex data.
LO1.06| DSDAO06 Visualise complex and variable daf 5 10
Data Science Data Management
LO2 DSDMDM - Develop and implement data 10 10
DM management strategy for data collection,
storage, preservation, and availability for
further processing.
LO2.01| DSDMOZ Develop and implement data 2 2
strategy, in particular, in a form of Data
Management PlagDMP).
LO2.02| DSDMO02 Develop and implement relevant 2 2
data models, including metadata.
LO2.03| DSDMO03 Collect and integrate different datg 2 2
source and provide them for further analysig
LO2.04| DSDMO04 Develop and maintain historical
data repository of analysis results (data
provenance).
LO2.05| DSDMO5 Ensure data quality, accessibility, 2 2
publications (data curation).
LO2.06| DSDMO06 Manage IPR and ethical issues in 2 2
data management.
Data Scienc&ngineering
LO3 DENGENG- Use engineering principles to | 25 25 20 10
ENG research, design, develop and implement
new instruments and applications for data
collection, analysis and management.
LO3.01| DSENGO04Use engineering principles to 5 5 5
researchdesign, prototype data analytics
applications, or develop structures,
instruments, machines, experiments,
processes, systems.
LO3.02| DSENGO02Develop and apply computational
solutions to domain related problems using
wide range of data analytigdatforms.
LO3.03| DSENGO03Develops specialized data analys
tools to support executive decision making.
LO3.04 | DSENGO04Design, build, operate database | 10 10 5
technologies.
LO3.05| DSENGO5Develop solutions for secure and| 10 10 10 10
reliabledata access.
LO3.06 | DSENGO6Prototype new data analytics
applications.
Data Science Research Methods
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LO ID

Data Science Competence

ECTS credit pointsy Knowledge levels

Familiarity

Usage

Creation

BSc

MSc

BSc

MSc BSc

MSc

LO4
RM

DRM-RM- Create new understandings and
capabilities by using the scientific method
(hypothesis, test/artefact, evaluationpr
similar engineering methods to discover ney
approaches to create new knowledge and
achieve research or organizational goals.

10

10

LO4.01

DSRMOZ Create new understandings and
capabilities by using the scientific method
(hypothesis, test, andvaluation) or similar
engineering research and development
methods.

LO4.02

DSRMO02 Direct systematic study toward a
fuller knowledge or understanding of the
observable facts, and discovers new
approaches to achieve research or
organizationaboals.

LO4.03

DSRMO03 Undertakes creative work, making
systematic use of investigation or
experimentation, to discover or revise
knowledge of reality, and uses this knowled
to devise new applications

LO4.04

DSRMO04 Ability totranslate strategies into
action plans and follow through to
completion.

LOA4.05

DSRMO5 Contribute to and influence the
development of organizational objectives.

LOA4.06

DSRMO06 Apply ingenuity to complex
problems, develop innovativilleas

Busines:

s Process Management

LOS
BPM

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

10

10

LOS5.01

DSBPMO01 Understand business and providg
insight, translate unstructured business
problems into an abstract mathematical
framework.

LO5.02

DSBPMO02Use data to improvexisting
services or develop new services.

LO5.03

DSBPMO03 Participate strategically and
tactically in financial decisions that impact
management and organizations.
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LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc MSc BSc MSc BSc MSc
LO5.04| DSBPMO04 Provides scientific, technical, and 4 4
analytic supporservices to other
organizational roles.
LO5.05| DSBPMO5Analyse customer data to 2 2
identify/optimise customer relations actions.
LO5.06 | DSBPMO06 Analyse multiple data sources fof

marketing purposes.

Tablel15 Distribution of ECTS credit points between specific learning outcomes for profiles D$B14

LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc | MSc BSc | MsSc BSc | MSc
Data Science Data Analytics
LOt DSDADA- Use appropriate statistical 20 5 15
DA techniques and predictive analytics on
available data to deliver insights and
discover new relations.
LO1.01| DSDAO Use predictive analytics to analyze| 5
big data and discover new relations.
LO1.02| DSDAO2 Use appropriate statistical 5
techniques on available data to deliver
insights.
LO1.03| DSDAO03 Develop specialized analytics to
enable agile decision making.
LO1.04| DSDA04 Research and analyze complex da| 5 10
sets, combindifferent sources and types of
data to improve analysis.
LO1.05| DSDAO5 Use different data analytics 5 5 5
platforms to process complex data.
LO1.06| DSDAO06 Visualise complex and variable dat
Data Science Data Management
LO2 DSDMDM - Develop and implement data 10 10
DM management strategy for data collection,
storage, preservation, and availability for
further processing.
LO2.01| DSDMO® Develop and implement data
strategy, in particular, in a form of Data
Management PlaiDMP).
LO2.02| DSDMO02 Develop and implement relevant 2 2
data models, including metadata.
LO2.03| DSDMO03 Collect and integrate different date 2 2
source and provide them for further analysis
LO2.04| DSDMO04 Develop and maintain historical 4 4
data repository of analysis results (data
provenance).
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LO ID

Data Science Competence

ECTS credit pointsy Knowledge levels

Familiarity

Usage

Creation

BSc

MSc

BSc

MSc

BSc

MSc

LO2.05

DSDMO5 Ensure data quality, accessibility,
publications (data curation).

2

2

LO2.06

DSDMO06 Manage IPR and ethical issues in
data management.

Data Sc

ienc&ngineering

LO3
ENG

DENGENG- Use engineering principles to
research, design, develop and implement

new instruments and applications for data
collection, analysis and management.

70

45

75

LO3.01

DSENGO04Use engineering principles to
researchdesign, prototype data analytics
applications, or develop structures,
instruments, machines, experiments,
processes, systems.

10

10

LO3.02

DSENGO02Develop and apply computational
solutions to domain related problems using
wide range of datanalytics platforms.

10

10

10

LO3.03

DSENGO03Develops specialized data analys|
tools to support executive decision making.

10

10

LO3.04

DSENGO04Design, build, operate database
technologies.

30

10

30

LO3.05

DSENGO05Develop solutions fosecure and
reliable data access.

LO3.06

DSENGO6Prototype new data analytics
applications.

10

10

Data Sc

ience Research Methods

LO4
RM

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

LO4.01

DSRMOZ Create new understandings and
capabilities by using the scientific method
(hypothesis, test, and evaluation) or similar
engineering research and development
methods.

LO4.02

DSRMO02 Direct systematic study toward a
fuller knowledge or understanding of the
observable facts, and discovers new
approaches to achiewesearch or
organizational goals.

LO4.03

DSRMO03 Undertakes creative work, making
systematic use of investigation or
experimentation, to discover or revise
knowledge of reality, and uses this knowled
to devise new applications
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LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc MSc BSc MSc BSc MSc
LO4.04| DSRMO04 Ability to translate strategies into | 1 1
action plans and follow through to
completion.

LO4.05| DSRMO5 Contribute to and influence the
development of organizational objectives.

LO4.06 | DSRMO06 Apply ingenuity to complex
problems,develop innovative ideas

Business Process Management

LO5 DBPMBPM- Use domain knowledge 5 5
BPM (scientific or business) to develop relevant
data analytics applications, and adopt
general Data Science methods to domain
specific data types angresentations, data
and process models, organisational roles ar
relations.

LO5.01| DSBPMO01 Understand business and providg 2 2
insight, translate unstructured business
problems into an abstract mathematical
framework.

LO5.02| DSBPMO02Usedata to improve existing 1 1
services or develop new services.

LO5.03| DSBPMO3Participate strategically and
tactically in financial decisions that impact
management and organizations.

LO5.04| DSBPMO04 Provides scientific, technical, and 2 2
analytic support services to other
organizational roles.

LO5.05| DSBPMO5Analyse customer data to
identify/optimise customer relations actions.

LO5.06| DSBPMO06 Analyse multiple data sources for
marketing purposes.

Table16 Distribution of ECTS credit points between specific learning outcomes for profiles DSP17

LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc | MSc BSc | MSc BSc | MSc
DataScience Data Analytics
LOL DSDADA- Use appropriate statistical 15
DA technigues and predictive analytics on

available data to deliver insights and
discover new relations.

LO1.01| DSDAO Use predictive analytics to analyze| 5
big data and discoverew relations.

LO1.02| DSDA02 Use appropriate statistical 2
techniques on available data to deliver
insights.

LO1.03| DSDAO03 Develop specialized analytics to
enable agile decision making.
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LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc MSc BSc MSc BSc MSc
LO1.04| DSDA04 Research and analyze comptiata
sets, combine different sources and types 0
data to improve analysis.
LO1.05| DSDAO5 Use different data analytics 5
platforms to process complex data.
LO1.06| DSDAO06 Visualise complex and variable daf 3
Data Science Datilanagement
LO2 DSDMDM - Develop and implement data 10
DM management strategy for data collection,
storage, preservation, and availability for
further processing.
LO2.01| DSDMOZ Develop and implement data
strategy, in particular, in a form of Data
Management Plan (DMP).
LO2.02| DSDMO02 Develop and implement relevant 5
data models, including metadata.
LO2.03| DSDMO03 Collect and integrate different datg 5
source and provide them for further analysis
LO2.04| DSDMO04 Develop andnaintain a historical
data repository of analysis results (data
provenance).
LO2.05| DSDMO5 Ensure data quality, accessibility,
publications (data curation).
LO2.06 | DSDMO06 Manage IPR and ethical issues in
data management.
DataScience Engineering
LO3 DENGENG- Use engineering principles to | 85 50
ENG research, design, develop and implement
new instruments and applications for data
collection, analysis and management.
LO3.01| DSENGO04Use engineering principles to 10 5
research, design, prototype data analytics
applications, or develop structures,
instruments, machines, experiments,
processes, systems.
LO3.02| DSENGO02Develop and apply computationall 10 10
solutions to domain related problems using
wide range of datanalytics platforms.
LO3.03| DSENGO03Develops specialized data analys| 10 5
tools to support executive decision making.
LO3.04 | DSENGO04Design, build, operate database | 40 15
technologies.
LO3.05| DSENGO5Develop solutions fosecure and | 5 5
reliable data access.
LO3.06 | DSENGO6Prototype new data analytics 5 10
applications.
Data Science Research Methods
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LO ID

Data Science Competence

ECTS credit pointsy Knowledge levels

Familiarity Usage

Creation

BSc MSc BSc MSc

BSc

MSc

LO4
RM

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

5

LO4.01

DSRMOZ Create new understandings and
capabilities by using the scientific method
(hypothesis, test, and evaluation) or similar
engineering research and development
methods.

LO4.02

DSRMO02 Direct systematic study toward a
fuller knowledge or understanding of the
observable facts, and discovers new
approaches to achieve research
organizational goals.

LO4.03

DSRMO03 Undertakes creative work, making
systematic use of investigation or
experimentation, to discover or revise
knowledge of reality, and uses this knowled
to devise new applications

LO4.04

DSRMO04 Ability to translate strategies into
action plans and follow through to
completion.

LOA4.05

DSRMO5 Contribute to and influence the
development of organizational objectives.

LOA4.06

DSRMO06 Apply ingenuity to complex
problems, developnnovative ideas

Busines:

s Process Management

LOS
BPM

DBPMBPM- Use domain knowledge
(scientific or business) to develop relevant
data analytics applications, and adopt
general Data Science methods to domain
specific data types and presentationdata
and process models, organisational roles ar|
relations.

LOS5.01

DSBPMO01 Understand business and providg
insight, translate unstructured business
problems into an abstract mathematical
framework.

LO5.02

DSBPMO02Use data to improvexisting
services or develop new services.

LO5.03

DSBPMO03 Participate strategically and
tactically in financial decisions that impact
management and organizations.
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LO ID | Data Science Competence ECTS credit pointsy Knowledge levels
Familiarity Usage Creation
BSc MSc BSc MSc BSc MSc
LO5.04 | DSBPMO04 Provides scientific, technical, and 2
analytic supporservices to other
organizational roles.
LO5.05| DSBPMO05Analyse customer data to
identify/optimise customer relations actions.
LO5.06| DSBPMO06 Analyse multiple data sources fol

marketing purposes.
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