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1. Introduction and Problem Descripti on

Exiting the financial crisis, the European Union has set a clear path in 2010 for a
Union wide change, bound to the Europe 2020 Strategy. Europe should deliver a smart,
sustainable, and inclusive growth. A growth which can't be tackled without an ediucat
and capable workforce. As syatwo of the five main pillars of the Europe 2020 Strategy

to guide targets on a national levale employment and education.

Following the lead of Europe 2020, the Smart Specialisation Strategy (s3) strives to
connect and@ssist EU countries and regions to develop, implement and review Research
and Innovation Strategies on a local level. Smart Specialisation centres around fostering
micro, macro and meso level competitive advantages and potentials for exceliémce
a stong focus on entrepreneurship and innovation, and recommendations for changes to

acquire them in a new knowledge economy.

At the same time, there is an ongoing pressure of globalization and
internationalization, blurring the borders between markets eeviqusly segregated job
profiles and theirrequirements. More and more economies are becoming service
economies, increasingly incorporating ICT technologies to empower services, which
require changes in the profiles amdthe variety of workers. Finallythe civil society
becomes enclosed and infused with technology, coming nearer to a network society where

communities are increasingly virtuahd interconnected

In this frame, change and the ability to cope with chargesomes an essential trait
for the modern workeriThe problem isthat the traditional education can't cope with
this transformation and in this way, fails to meet the urgency of adaptationWell
trained workers in a smart economy need a continuous edueationing in short ycles

of training and practiceyhich takes place within their job environment.

The focus is twofold: improving the present waskd developing the ability to learn
for future work requirements. The need for job knowledgehere a union of the
educational supplyrl economical requirements and leads to the question on how to keep
the job knowledge upo-date and how to effectively train on the job.

This requires such education that is fit to purpose and time regarding the

1 Job knowledge is here seen as the knowledge needed to perform specific job roleldes inc
conscious expertise and tacit knowledge.
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selection and setup of educational mat@l - to finally harness the real potential for
a smart growth anda participation in the knowledge economy.

1.1. Background and Focus of the Thesis

Modern workers have to cope withanychanges and new flexible requirements in
their working environment. Projecmay require new skills, emorkersmay leave the
company- leading to a shift in responsibilities or new labour market opportunities
motivat to acquie different skill sets. Coping with changes and satisfying the need for
personal improvementreaes a high neetb knowthe extenof the personal educatipn

e.g. througlcontinuous selssessment to monitor the personal progress.

Over the lastyears semantic technologies emerged as a new approach to see
knowledge as a structured and connected,asgber than an isolatexhe. This also had
a great effect on the vision about ahd handling of organisational knowledge. Based on
the technologiesemerging fromthe last iterations of theeb — first developing tcan
application driven web (web 2.@nd then to a semantic web (web 3-@G)ew improved
ways to store, access and update knowledgeleveloped, together withew, proven
solutions and best practices.

Information is now interconnectednd as such offers new possibilities to learn and
ediwcate what a person needs to know to perform well in difféeanbhingsituations as
formal educationguring theirjob or— one step further for their future job and future
education.With the blenéhg of learning and semantic web technologias new
generation of systems emergetiat makes use of interconnected informaticend
semantically enriched knowledge structuteshelp people to learn what they need to

know.

So, to cope with changasd to overcomthe limitations of a statjéormal education
new educational systemsnaking use of connected and structured knowledgeild fill
the gap and connewathat a person knowandwhat is needed to fit to new requirements
in situationdike: applying for a new jb, pursuing a new educationataptirg to changes
within the job roles. Bytas access to information becomes more flexible and the
information delivered becomes more extensive and connected, the selection of the right

information at the right time iglsobecoming more and more important.



Single, isolatedpiecesof informationcan beturned into a network of information,
presenting when enhanced bthe power of semanticsa knowledge structure. This
structure- by disclosing the context of the required knowledgaables anore flexible
way of learning While peopleare able to judgerhat are theelevant conceptsin such
domainghat they know wellthis becomes a considerglblarder task in new domains of
knowledgeln situations where a person explores new knowledge the qudstioiely
arises'Wh at t o | Sodaranapproachs distnguish the relevance of concepts

in a given domain to enable learnilsgmissing.

This thesis will explore how to use the information about the structure and the
semantic of a knowledge sticture in a field of learning, to create a measure for
describing the importance of the single conceptsurthermore, this thesis will examine
how an implementationof this new measurén an adaptive systerof technology
enhancedearning can be realized.

1.2. Detailed Research Questions

1 Research question 1How canthe semantic model of a learning domain
be utilised tadentify which knowledge areds)is (are)of high importance
for learning in comparison to other knowledge (concepts) within the model
of the domain? lethodology{Modelling][Experiment))

A semantic model is a conceptual model and an abstraction of a specific part of the
real world. It includes additionally semantic information to describe its individuals and
the “how" of this eegard, the arlodelt exptaimssin a formal way the
semantic of its instances and relations. Many different semantic models of different
domains of life exist. In the context of learning, a semantic model can model the learner

or the domain of learning.

The semantic model of a domafdomain ontology)- used within this thesis
includes the concepts or knowledge which are needed in the ddrhasemantic model
explicitly model s di fferent relati-ons b

k nowl edm@dspeaatizdd relations. Furthermotke conceptscanbe different

2Wi thin this thesis "concept and 'knowl edge® are
with a different context: concept is used when addressing the elements within the structure to store

moddled knowledge, while knowledge is used in the context of learning and modelling the knowledge to
learn.
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and belong to different types or classésndividuals,like knowledgearea example or
basic concept. The relations and concepts andftivenalizedtypes, enable a structured,

semantic rich domain model, which in turn enables to structure a learning process.

Throughoutthe process of learning a learner lesand masteyconcepts one after
another till the domain is mastered. Nalae question is- is it possible to use the
informaion about the structureHpw are concepts connectedl?and the information
about the semantic of the domail{at is connected?in a sysematic way to create a
measuréo rate which concep&hould be mastered first in a domain and therefore should
beassesed first and aenabledettay pr aster, mpreosustamable © t o

or more specializedgarning

| mportance®® in the context of |l earning or
meanings as ' signif i can tofthisthess and mthecontertg f ul “ .
of supporting the assessment of concepts for learning, the importance is interpreted in two
dimensions: a quantitativeHow wellconnected are concepts in a netwojkand

gualitative How needed and central is a single ampt for connected concepts, based

on its underlying semantic)? Based on these considerations, a working definition of
concept i niedegreeaanwhieh aicaceptis connected, and central in terms

of its semantic, to other concepts in a domaietwork of concepts .

1 Research question 2How can ameasure, quantifying the importance of
conceptsin a semantic modéle utilized, integrated and implementedn an

online assessment solutio@dthodology: [Build][Experiment)

Measur i ng o eimpodanae bfancepts applying the domain model,
enables to select which concepts are valuable to learnaficsto explorethe given
domain. Learning is an incremental process with phases of learning and reflection. To
cope with the complexity ofamains to learn, a system to support the learning process
has to do a selection of concept®ould beearred first. One possible solution fdhe
selectionis to assess the state of knowledge of a learner on a selected domain. The gained
information carthen be used to tailor learnip@ths and provide personalized learning
recommendationsn this regargdknowing which concepts are important for learning will
give an indication what to assess firsto detect the current training need, which then
suppots to tailor the learning and reflection to focus on concepts which are beneficial to

be learned first.



In online, technology enhanddearningsolutions, learning can be translated into a
continuous cycle of online assessment and tailoring of learnisgndiag a weldefined,
sound measure whiaefinesthe importance of concepts within a semantic model of the
domain-that is the outcome of Research Questierttie next step is to defifew the
measurecan be utilized in suppomg and franing the coninuous assessment of the
training need. Furthermorillowing the utilization ofthe concept importance, how can
the measure be implementadto an assessmenalgorithm for aspecific technology

enhanced solution for assessment and learning?

1.3. Research Cont ext

In the current research the focus isnmrk-force educatiorand lifelong learning In
this regardpotentialmodelling approaats of concept importanceaveto beinvestigated
by taking into consideration batlearning theories andan organizational context In
contrast, gasping the personal education and development potential, requires the testing
of the current state of educatidhrough assessmenwhile adapting to the personal
performance and learning potentjalas addressed bgdaptive testing and user
modelling. Furthermorenetwork analysisis becoming a strong driver to gain insights
about networks of peoplenformationand knowledge and yieddhe potential to discover

deeper the relationship between single knowledge elements.

To createanew measure of concept importanggecificallymethodologies from the
field of user modellingwill be investigated User modelling captures how to describe
usersand their knowledge and backgrouhdough specific representations. It is uged
technoloy enhanced solutions for learning famontent adaptation and representation
adaptationandfor derivinglearningrecommendatias Especially for applications in the
field of education, user modelling takes the perspective of describing thbassebn
the structure of the knowledge domain to learn. Inréggrd,it provides a suitable view
and fundament for a new concept importance measure in the context of learning and
education.Especially semantic enhanced domain models willcbesideredas they
further specifya semantic dimension to the learning domain, which can be exploited to

model a concept importance measure.

Accordingly, the new concept importanaaeasurewill be created,taking into
consideration the principles and methodkeafning theries, organisational learning and
networks analysis in the context and applicatioaddptive testingrigure 1 visualizes
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the connections ofopics whichwill be discussed in detaih the literature reviewAs
visualized inFigurel, this thesiswill use User Modelling as a starting point to develop

the initial ideas to create the concept importaneasureTo frame and shape the ideas,

the fields of Organisationdlearning, Learning Theory and NetwoAnalysis will be
considered-backgrounewise andegardingcommon solutions anfdirtherimplications.

These areas are considered to ultimately enable to utilize the concept importance measure
for Adaptive Testing and Learning Recommendation -aind a labour market context

potentially to enable Prgelection with a system, using the measure.

Organi
sational

Pre

. lection
Learning SEIECHO

Focusing on Learning Adaptive

Modelling Theory Testing

Learning
Recom
mendation

Network
Analysis

Figure 1. Supporting focus, considerations, and applicatiookthe planed research.



2. Training and Education in the Organisational
Conte xt

With the ongoing integration of new, computerized devices in our daily lives and
especially the development of new technologies accelerating with the push of the Internet,
different, previously manual tasks havesraerged as new technology enhancedigas.
Training and education are especially profiting here from the new opportunities in

integration and developments in the related fields of science.

Assessing human education, abilities and various aspects of performance always
comes with the need f@ strong set of methodologies from the field of education. They
are supported by enhancements in the field of neuroscience, where more and more
processes and relations of human reasoning are explored, enabling a better understanding
of learning and inte@ting insights from the psychology of learning. At the same time, in
the organisational context, the i mpact ol
factor in the economic success of human capital, resulting in new disciplines on how to

improveand assess individual knowledge.

2.1.  Continuous Training

Kuckulenz (Kuckulenz, 2007)introduces continuous training under the aspect of
human capital. Human capital goes back to the seminal work of Becker (Becker 1964).
Blundell, Dearden, Meghir and Siand8lundell et al., 1999)Yefine the three main

components of human capital as:
1 early ability (acquired or innate)
1 qualifications and knowledge acquired through formal education

1 and skills, competen@eand expertise acquired through training on the job;

(or acquired in the migration to a new job)

Learning, in the sense of human capital, is an investment in personal education,
temporarily giving up a part of the current income in favour of an expedbdrhater
income on a personal level and a higher expected productivity of the workers on the
organizational level. Blundell, Dearden, Megland SianesiBlundell et al., 1999)

address r ai ni ng, based on the use in empiric
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courses designed to help individuals develop skilsat mi ght be of us
exclude formal training in the form of school and pastool education. Furthermore,
they make evident a strong correlation between the performance in the two earlier
components and the likelihood to engage in aoiditi job related training and the

performance on the same training.

Even though the general definition of training excludes regular education as formal
training, embarking upon higher education implies a job relevant and job targeting
decision and, whiléormalized, requires sethotivated learning behaviour. In this regard
this chapter will address training and education synonymously, implying a process of for
the job and on the job training and focus on these respects. Furthermore, change is
becoming a @nstant in daily life, following the pace and requirements of the markets,
variations in labour and formal education undergoing constant change. Testing is the
important factor to outline the current education and ga workhorizon, supporting
the knowedge worker to selssess current strengths, potentials and the bottlenecks

towards a next stage of education.

For a situation of training and education, computer aided, adaptive tests are one
powerful enabler to connect the knowledge within a fielddofcation. Current solutions
to support a computer aided test preparation and test execution, neglect the fact that
education and testing always takes place within a context, evolving around a problem

context, given by the organisation, in line with thef@enance of the assessed individual.

2.2. Formal, Non -formal and Informal Learning in

the Organisational Context

Learning and especially organisational learning is a fractured area with different views,
strengthening a variety of differing fundamentals andyimtsi As such the definitions of
types of learning are still an object of discussion. With the target of creating a common
understanding, different organisations over time promoted different sets of definitions,
while matching in the three major types eatning: formal, noffiormal and informal
learning. Especially for use in policy and decision making, within and across countries,
with the OECD, UNESCO and CEDEFOP, three grand multinational organisations
proposed definitions for the three types of leagnim line with the development in the

literature of organisational learning, as shown belowahlel.

e



Table 1: Types of learning for policy making.

OECD (OECD, 2013) UNESCO (UNESCO, n.d,) CEDEFOP
based on(Commission, 2001) (CEDEFOP, 2011)

Formal Formal learning is Formal learning occurs as a Learning that occurs
Learning always organised and result of experiences in an in an organised and
structured, and has education or training structured
learning objectives. institution, with structured  environment (in an
Fromthe e ar n e r learning objetves, learning education or training
standpoint, it is always time and support which leadsinstitution or on the
intentional: i.e. the to certification. job) and is eglicitly
| earner ‘s e Formallearning is intentional designated as learnin
objective is to gain from the | ear (intermsof
knowledge, skills and/or objectives, time or
competences. resources).
Formal learning is
intentional from the
|l earner ' s
view. It typically
leads to validation
and certification.
Non- Mid-way between the  Non-formal learning is not  Learning which is
Formal first two, nonformd provided by an education or embedded in planned
Learning learning is the concept training institution and activities not
on which there isthe  typically does not lead to explicitly designated
least consensus, which i«certification. It is, however, as learning (in terms
not to say that there is  structured (inérms of of learning objectives,
consensus on the other learning objectives, learning learning time or
two, simply that the widetime or learning support). learning support).
variety of approaches in Non-formal learning is Non-formal learning
this case makes intenti onal f isintentional fromthe
CONSensus even More  perspectivéwWerquin, 2007) | ear ner ‘s
difficult. view.
Nevertheless, for the
majority of authors, it
seems clear that nen
formal learning is rather
organised and can have
learning objectives.
Informal  Informal learning is Informal learning results fromLearning resulting
Learning never organised, has no daily life activities related to from daily activities

set objective in terms of work, family or leisure. Itis related to work,
learning outcomes and isnot structured (in terms of  family or leisure. lis

never intentional fsm learning objectives, learning not organised or
t he | ear ner timeorlearning support) and structured in terms of
Often it is referred to as typically does not lead to objectives, time or
learning by experience certification. learning support.
or just as experience. Informal learning may be Informal learning is
intentional but in most cases iin most cases
is nonintentional (or unintentional from
_incidental */the | earne

perspective.
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All three definition streams share a common core with a slightly different emphasis,
as sem in Table 2, based on the UNESCO definition and taken (k&erquin, 2007)
An i mportant factor i's the wuse and reasoning
Informal learning differentiate here that a situation may have an intention as the acting
peson has a goal but the main intention is n

inevitable, unconscious consequence.

Table2: Differences of learning framegWerquin, 2007)

Organised Learning Intentional Duration Leadsto a
Objective Qualification

Formal Yes Yes Yes Rather long Yes
Learning and/or fultime
Non-formal  Yes or No Yes or No Yes or No Rather short, or Nos
Learning parttime
Informal No No No NA No
Learning

Generalising and especially from an organisational yfemmal learning connects to
school and university education, offering certified degrees from accredited studies, while
nonf or mal |l earning means organisational traini
‘“organised® i n t hei malintepns efthe madiatédieduoation.ut not f
This is independent of the potential that organisations (internal or external) can certify

trained skills, with or without additional evaluation.

Fluent transition a A

Formal Non-formal Informal

Figure 2: Fluent transition between types ¢éarning.

As the understanding of formal, néormal and informal education is strongly
connected to the cultural background and the spatial environment, the line between the
former cannot be drawn in an absolute fashion and adds to-ti@mmndiscussiomwithin
the field. According with the variety of situations of learning, rather than being an
absolute categorization it is a transient scale, as showigume2, and is always a mix,

depending on the specific situation.

3 “Al most al ways
4 “"Usually no*



Easterly-Smith, Crossnan and NicolifitasterbySmith et al., 20003apture a part of
the areas of ogoing discussion under the term of operational learning. The riaen
starting fields "units or | evels of anal
learning is the sum of individual learning or needs to be approached differently. Here
Garratt argues that a small group of people could have a major icdluenstrategic
decisions within an organisation and as such a small group of senior managers could give

a good approximation of the thinking of an organisaf®arratt, 1987)

Fiol and Lyles suggest the organisational structure and procedures directly affects the
individual learningFiol and Lyles, 1985)while Shrivastava collects that the knowledge
of individual decision makers creates policies and procedures for organisations which are
then embedded into the organisational structure and the organisatmmatultural
norms (Shrivastava, 1983)Shrivastava summarizes furth&ur main aspects of
organisational learning: organisational learningassd apt ati on“, " assum
“devel oping knowl edge of and ti ost iaduwttc conm
e X p er | [kghlightirfg in his summary that organisational leagniis partially

motivated to respond to change.

People learn in a variety of different environments and situations and approach
learning intentionally and unintentionally, following conscious and unconscious goals
alike. Nonformal training in organisationasually takes place in a fit between the
organisational goals and the interests of the workers, e.g. within the framework of
seminars and training systems. Nonmal learning approaches are opening the potential
for an effective and egoing education whin organisations and make use of previous
formal education while the teaching offered is driven by the organisational interest, also
embedding as such the organisational culture and benefiting from the job relevance for
the workers, and overall facilitag further implicit informallearning processes.

Vaughan and CamerofVaughan et al.,, 200Q). 2) gives a set of reasons why
assessment in the workplace is yet urggrlored in the current literature, placing
emphasis on the impact of informal leawgi including one emphasis on the
understanding of learning:

"There are several, interwoven reasons wh?
directly with workplace assessment. Firstly, workplace assessment is closely

related to forms of learning thate not recognised or understood as learning,
whi ch means that such | earning is | ess | il
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A technology enhanced testing and learning solution could act here as a great
benefactor and yield a high potential for more additional infornaahlag outcomes. It
could provide the impact of organisational learning in a timely and spatially independent
fashion, based on the need of the organisation and accessible in situations where workers

are searching for further education.

Furthermore, @edinology enhanced approach can foster the isaiate between
organisational antheworkers learning interests through basing the learning and testing
on the processes of the organisatienwhich connect the structural aspects of the
organisation with thgob roles and job role competencies of the individual workers. To
assesand motivate the learning tifese competencies across a wide range of individuals

a degree of adaptivity is mandatory for a working and sustainable assessment.

2.3.  Short Summary: Training and Education

Table3: Summary® Training and Education in the Organisational Contekt.

Aspect Description
Continuous training Fast changing markets and job profiles require flexible, educe
need workers and a continues traigi. Training in norformal

education and higher education requires foremost a self
motivated flexible learning behaviour.

Lack of assessmentin  The assessment in the workplace is yet wedefored in the

non-formal/informal literature. Technologenhanced learning can here fill the gap, i
training a timely and spatially independent fashion.

Need for flexible, To enablean assessment and learningoas different individual
adaptive solutions and organizational needs, flexible and adaptive systems for

technology enhanced learning are needed.




3. Concepts of Adaptive Testing

In knowledgedriven professions adapting to new fields of knowledge and expertise
is a daily necessity, which also covers cases of organisatemmal change. Maintaining
and extendig here the right set of knowledge, requires personalized development with
the potential to follow multiple paths of education in dependency of the personal context.
To fully unlock the personal potential in a resourceful way, education has to mediate
between the need to educate and the ability to learn. This requires an open and adaptive
approach to testing, maintaining a balance between the time to assess the state of the

learner and his/her time tedrn detected gaps in education

3.1. Assessment and Self -Assessment in the

Context of Education

Structured education is still frequently packed into static built curricula with one main
path created to master the contents. To enrich this main road of education and to cope and
connect to individual learning situatis, students have to identify the gap between their
own knowledge and the expectations of the specific curriculum. So as students evolve
throughout the fields of higher education, they are steadily encountering situations where
they have to evaluate theaxisting knowledge and reason on ways to expand their
knowledge. Further students tend to misjudge their personal skills, with their self
prediction being often substantive and systematically flafileohning et al., 2004)A
systematic and objective solution for safsessment could help here to support self
prediction of personal proficiency and to preventraryg or biased sekvaluation.

Selfassessment provides feedback to the students about their personal performance
in relation to the target of education, which is prolonged by more learning and repeated
selfassessment. This feedback cycle is usualggiated into other technology enhanced
learning solutions in the frame of a learning management system (LMS) also known as
virtual learning environment (VLE), which combsweducational services with channels
of feedbackLonn and Teasley, 2009Dr the feedback could be mined, even from high
volume, high throughput educational systems like MO@Caa and Medouri, 2013)
Seidel, Perencevitch and Klett, summarizes here the requirements and disthnees b
the tutor and the student in technology enhanced environments of le¢g@aidgl et al.,

2005)
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A survey of the market by the OECD in 2005 indicated that within the tertiary
education, systems often focus mainly on management acti{iDED, 2005)
neglecting the potential for a full learning support, especially for individual learning.
Indeed one of the best ways of education is a direct tutoring of short reoctearimgg
paths, as shown by BloofBloom, 1984 ¥or classic tutoring and Fletch@letcher, 2003)
for computer mled systems. Further, as Jonassen shows in his thesis about constructivism,
knowledge to assess for any scope of learning is interrelated and associated with past

experiencegJonassen, 2009)

Following Jonassen, knowledge in education could be split into nine types across three
categories to capture the human cognitive behaviour. In higsdien, eight out of nine
knowledge types underline that knowledge in the scope of learning is interrelated and
strongly associated with previous experiences. As such, a supporting solution-for self
assessment should grasp and formalize the knowledgeédssas the context of related
knowledge.

An important factor in learning is the distance between the expectation of the tutor
and the learning performance of the student. Here a short cycle of repeated assessment
and learning is a major factor for a leefbersonal learning performan&oediger, 2008)

This aspect directly benefits from the focused concentration on knowdedgs as the

main exchange concept between students and tutors.vé&s further the close
connections between learners and educators via direct tutoring is one major enabler for
computer aided systen{Eletcher, 2003)each &p towards a more direct interaction

through focused concepts is an additional supporter.

In technology enhanced assessment and especially wassel$sment, with its
stronger correlation to personal education, the educated knowledge has to be s=en in th

environment of past experiences and related knowledge to improve situations of learning.

3.2. From Classic to Adaptive Testing

For an adaptive test, in contrast to a classical linear test, the number of test items and
the order of questions is only determirgeding the test itself. The goal is to determine
the knowledge level of the test taker as precisely as possible with a number of questions
as low as possible. It does not require deep analysis to realize that in contrast, linear tests

have always been csinucted to meet the requirements of-ggsers.



Selecting the adequate examination method or setting up a good test is far from being
an easy task. A test that is much too easy or much too difficult is a waste of time. If the
test is too easy for the mdidate, it is likely to invite unwanted candidate behaviour such
as thoughtless mistakes. On the other hand, questions that are much too hard also produce
generally unreliable test results, as candidates will give up early and cease to seriously
attempt © answer the questions, resorting to guessing, response patterns and other forms

of unwanted behaviour.

According to traditional testing methods, all candidates should get absolutely the same
questions. This way the results and the performance of casaslidah be easily and
clearly compared. Adaptive testing breaks away with this approach. Every candidate may
receive entirely different question and not even the order of questions is defined in
advance. This means, answers of previous questions deterimicte questions will be
asked in the following steps.

3.3.  Adaptive Knowledge Testing

An adaptive methodology was first applied in psychology and Alfred Binet worked
out the first form of adaptive testing in 19(Bimon and Binet, 1904QIf r ed Bi net ‘ s
was to develop intelligence tests which were aimed at diagnosing the individual. By
moving away from the target of assessing an assumed homogenous group he could
eliminate the issue of fairness, providing the same test framework bwiagsesn the
basis of personal performance. He then customized the test based on an individual rank,
by ordering the items (questions) according to their assumed difficulty. He would then
start testing the candidate through continuously estimating thizalple level of the

candidate's ability, based on the difficulty of the asked items.

The selection of items then represented a subset of the overall set of available question
items which he believed to meet the detected level of the candidate. If gees&omn
answered correctly Binet would assess successively harder item subsets and would stop
as the candidate failed frequently. Vice versa, if the candidate failed questions, then Binet
administered successively easier item subsets, finishing if thededmdsucceeded

frequently.

For an adaptive test, in contrast to a classical linear test, the number of test questions
and their order is determined within the process of testing. The target is to find-a trade

off between determining the knowledge levelrd test candidate as precisely as possible
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while administering questions in numbers as low as possible. An adaptive tests favours
detecting the capabilities of the test candidates in contrast to linear tests, which are

constructed to reflect and meet tleguirements of tegjivers.

A challenge for this type of adaptive tests is, concurrent to linear tests, to set up a test
or set of test items which assess an appropriate level of difficulty. Both an easy test and
one that is too complex may fail. If asteés too easy for a candidate it may invite unwanted
human behaviour such as careless mistakes or unneeded, yet wrong assumptions.
Furthermore, questions and question sets which are much too hard to answer produce
generally unreliable test results, infheeng candidates to give up early and inviting
frustration, leading to guessing, response patterns and additional unwanted and biasing
behaviour. Within traditional testing methods, candidates should be assessed by the same
set of questions, static in nuetband assessed completely. This renders the results and
the performance of each candidate comparable and reliable for repetition

Binet's procedure has been improved and refined by many authors, like Lord (1980)
(Lord, 2012)Henning (1987 Henning, 1987and Lewis and Sheehan (1998heehan
and Lewis, 199). In their approaches, items are stratified by their difficulty level, and
subsets of items are formed at each level. The test starts with administering subsets of
items and it goes on with moving the difficulty up or down in accordance with the success

rate on each subset.

3.4. Computerised Adaptive Testing

Among the different approaches for adaptive testing, computerized adaptive testing is
a well explored example on how to realize adaptivity and provides a solid researched
ground with a strong link to thaitial idea of adaptive testing.

Reckase developed the first computer aided adaptive testing irfR8@Kase, 1974)
fusing the potentials of IT systems with adaptivity and a user centric strategy to overcome
the limitations of lirar testing. In case of computer adaptive testing (CAT), it is not the
testgivers task anymore to select the items, define the order of further items and evaluate
results, as the computer will execute all these tasks. The candidate gets administered
questons automatically, with a difficulty level that is accordant to his estimated ability
level, with which examination stress is reduced and a suitable level of motivation is
assured. But the most important feature is that the time of testing is much,sha®rter
shown by Welch and FricfVelch and Frick, 1993)



Linacre(Linacre, 2000provides a detailed description of the theoretical backgtou
major types and logic of operation in adaptive testing. Several methodological approaches
have been developed for CAT which evolved from the principles of psychometric
measurement. Nowadays CAT has reached a broad application from local education
(Cekerevac Zor atthhmohile solutPmrstoramart degic@{TBantafillou
et al., 2008) From the numerous variations, Item Response Theory (IRdl)and and
Wainer, 1993)and Knowledge Space Theoflyalmagne et al., 1990jave spread the

most.
The main characteristics of CATindependently from the approaelare:

1 The test can be taken at the time most convenient to the examinee; there is no

need for mass or grovgadministered testinghus saving physical space.

i As each test is tailored to an examirsa®l no two tests need be identical,

which minimizes the possibility of copying.
1 Questions are presented on a computer screen, one at a time.
1 Once an examine keys in and confirms his amste is not able to change it.

1 The examinee is not allowed to skip questions, nor is he allowed to return to a

guestion which he has confirmed his answer to previously.

1 The examinee must answer the current question in order to proceed onto the

next.

1 Theselection of each question and the decision to stop the test are dynamically
controlled by the answers of the exami(Eeissen and Mislevy, 1990)

1 Providing the simplest version of adaptive testing, dichotomous items
(multiple choice questions) are weighted along a linear scale and answers can

only have two values a time (true or false).

Gershon(Gershm, 1992)suggests, that the first item, and perhaps all items, should
as a tendendye a bit on the eas side, giving the candidate a feeling of accomplishment
in a situation of challenge. If there is a criterion glasidevel, then a good startingeiin

has a difficulty slightly below that.

In case of tests consisting of polytomous items, answers can have more than two

values. Typically, the tedaker would not be able to recognize any difference between a
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strictly dichotomous question and a polytama@uestion. The difference is in the scoring.
False answers (distractors) may be more correct than others, and so are given greater
scores (or credits). Naturally, the correct option is given the greatest score. At the same
time, selecting questions fortast from a set of polytomous items requires more care
since it is not possible to define the difficulty of all items with intermediate levels which
indicate different ability levels.

Since polytomous items are more informative regarding the candiddtenpence
than dichotomous items, polytomous CAT administrations usually comprise fewer items.
At the same time writing polytomous items, and developing defensible scoring schemes

for them, can be difficult.

A CAT-based system cannot operate adequatdlyowi an objective measurement
model that enables the evaluation of results. Most of the compddgtive testing
systems are based on the models of R&Rakd, 1960)and Wright(Wright, 1988)

Almost all ability tests are based on the hypothesis that abilities can be ranked along
one single dimensn. But in the average, no test is exactly-ditaensional. If candidates
are to be ranked relative to each other or relative to some criterion levels of performance,
an approximation to unidimensionality has to be achieved. When a new item is entered
to the testbank it has to be decided how to determine the difficulty level of the new item
and how to preserve the unidimensionality of the test. In most of the cases the estimation
of the difficulty of new items could be reduced to a matter of maintainic@naistent
stochastic ordering between the new and the existing items in thgRaséh, 1960)
Instead of defining the real difficulty level, the difficullgvel and ranking of the new
item is defined by comparing it to old items in the bank. The primary goal is to maintain
a consistent stochastic ordering. Its most spread tool is the Rasch (Roslkehm and
Jansen, 1984)

The essence of the dichotomous Rasch model is that it presents a simple relationship
between the tegtikers and the items. Eat#sttaker is characterized by an ability level
expressed as a number along an infinite linear scale of the relevant ability. The local origin
of the scale is chosen for convenience. The ability oftéd®tr n is identified as being Bn
units from that loal origin. Similarly, each item is characterized by a difficulty level that
is expressed as a number along the infinite scale of the relevant ability. The difficulty of
an item i is identified as beingiinits from the local origin of the ability scale.



Accordingly, the relationship between témiters and items is expressed by the Rasch
model(Thorndike and Linacre, 2000)
ae 0 jo 6 70 (1)
Where Ri is the probability that tegaker n succeeds on item i, angl B the
probability of failure. Wridnt (Wright, 1988)suggested here in 1988 an algorithm which
is easy to implement, and could be successfully employed at the end of eaclglearnin

module to keep track of student progress.

The Item Response Theory (IRT) were introduced to CAT by Wainer and Mislevy
(Thissen and Mislevy, 199@nd is a statistical framework in which examinees can be
described by a set of ability scores that are linking the actual performance on test items
and the examinees abilities. In thegard it is extending the se of the Classical Test
Theory (CTT), where characteristics of the #adter and the test could not be separated.

For a classic, linear test structure, CTT and IRT could perform similar, when used for
pretesting test items, and offer the same qualityh V€ TT being more invariant than
IRT methodologiegFan, 1998; Lawson, 1991)evertheless, for CAT, where tailoring,
adaptive test llds are the focus of interest, IRBsed methodologies are mandatory to
enable the system to provide test items in an adaptive and personalizing (Saagey
2003)

Each item can be associated with one or more of the following parametbes
difficulty level, the discriminatory power and the guessing factor. The difficulty level
describes how difficult and complex an item is, the discriminatory power explains how
well the test item differentiates students of different proficiency level, while the guessing
factor is the probability that a student can answer correctly by simply guessing. Before
each test, the test bank must be balanced and checked that there are-meptresented
or undefrepresented knowledge areas. Finally, the values of test item parameters must
be defined. The progress of testing under IRT is givénguare3.

In line with the observation of a potential bafsquestions, Vandenberg and Lance
(Vandenberg and Lance, 2000phderlined, that a missing assessment of differences
across assumptions may lead to an inaccurate reasoning. In the cultural context, this
phenomenon is identified and formalized by Differential Item Functioning (DIF). In case
a person with the same underlying ability has a different chance to answer a question

correctly because of differences in the cultural background, this question is gliziwin
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Makransky and GlagMakransky and Glas, 2013nodelled here a solution for
Computerized Adaptive Testing, virtualising a question with DIF and attachingexto

label to account it differently according to the cultural context, whileastsessing the

same question.
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Figure 3: Computerized Adaptive Test algorithm, following the process designed by
Thissen and MislevyThissen and Mislevy, 1990)

3.5.

Limitations of Computerized Adaptive Testing

CAT focuses on judging the ability of learn@rs specific domain of learning, based

on the known difficulty of questions, called items, while adapting the length and course

of the test to the detected ability of the learner. To offer an adaptive test, a CAT system

makes use of a repository of quess with known difficulty measures. Various methods

exi s

t to

deri ve

t he

di fficulty

Theory (IRT)(Bunderson et al., 1988; Lord, 2012)

of

i t ems

According to Welche and Frick, IRT based models need between 200 and 1000

examinees to dgher sufficient feedback to estimate the necessary item parameters, which

renders systems dependent on stable repositories of (iéelsh and Frick, 1993)

Welche and Frick also proposes a hybrid extensionguesipert systems, to shorten the

w h



time needed for estimation, yet, the high number of examinee per item is an obstacle to
integrate new items. A different limitation is the validity of items. As items take iterations

of examinees to estimate, an early usieons will lead to higher estimation errors and a

|l esser | i kelihood for a valid adaptation
develops here an approach for calibration, using phases of random and adaptive
assessment to propose a comprenbstween online item estimation and text length
(Makransky and Glas, 2014¥%tillt he f act or “t i +based tsaution s e

remains dimitation.

Another limitation is that models as IRT are accounting for only one dimension of
ability only, e.g. on mathematical items for algebraic ability. Yet other abilities may be

tested with a similar or r ec bitymbaomeecdmes et

the initial l i mitati on, Reckase coll ect s,

Response Th e(Reckase, 2008MIRTT gpproaches which can take into
consideration different abijitsets as a vector of personal characteristics on items and sets
of items. While MIRT approaches are well used and well explored, they also introduce
new requirements and limitations. To integrate multiple dimensions more complex
considerations and highamounts of examinees are needed. The approach enables a
higher flexibility in terms of the number of ability dimensions but it furtharts the

flexibility to add new items and consider different dimensions for a test

A CAT-based test is focusing spically on rating the ability of a learner. While this
implicitly incorporates the exploration of the field based on the online assessment, the
main target is testing and not learning. To learn to further adapt to the learning progress,
new approaches ameeded. Baderson, Inouye, and Olsen in 1988 summarizes four

generations of computerized educational measure(Benterson et al., 198§). 5}

1 ‘ Generation 1. Computerized testing (Cadiministering conventional
tests ly computef.

1 * Generation 2. Computerized adaptive testing (CAdijoring the
difficulty or contents of the next piece presented or an aspect of the timing
of the next item on the basis of examinees' respdnses.

1 ® Generation 3. Continuous measurement (Cljng calibrated measures
embedded in a curriculum to continuously and unobtrusively estimate
dynamic changes in the student's achievement trajectory and profile as a
learner:



Doctoral Dissertation

1 ® Generation 4. Intelligent measurement (1ioducing intelligent
scoring, irterpretation of individual profiles, and advice to learners and
teachers, by means of knowledge bases and inferencing procédures.

Dynamic changes are part of the expectédg@neration, to continuously track
learners across different parts of a curriouluindependent of individual areas.
Generation 4 extends to intelligent scoring, incorporating different sources of information
about the | earner and introducing inference. )\
forecast, the '8 and 4" generatiomevertheless forecasts the current development well
and pictures another limitation of CAJased approaches, that is a lack of interpretation
of the user profiles of learners beyond the tracking of abilities, to finally enable a

personalized, inferendeased ground for recommendation.

To finally enable a new approach, working on a connected knowledge, rather than
tracking singular, individual concepts, and being aware of the dependencies between
concepts and the individual profile and progress of thedearather than tracking single
abilities on fixed domains, a different approach is needed. A new approach should be
domain and domain structure aware, flexiblebanges irthe underlying domain and
being able to fast adopt to changing and new sets rafeqs to learnAmong many
available solutions for assessment and learning, especially the STUDIO solution for
technology enhanced learning and assessmentdit$o the set requiremenfgas, 2007)
and can be also applied in an organisational learning cqi@ekior ad Ko, 2016) The
STUDIO system builds upon a complex, flexible and detailed semantic strudiuee
domain ontology- and makes use of an adaptive assessment test which can be adopted
to a range of assessment strategies. Furthermore, the systemestagieth statistics and
visualization interface which enables to extract and visualize the progress of individuals

and groups of individual@Veber and Vas, 2015)

3.6. A Generalized Approach to Adaptive systems

Burgos, Tattersall and Koper define adaptivity in the contextleting as' t h e
ability to modify eLearning lessons using different parameters and a set-défmmed
rul,evkileincontrast adaptability is the possibility f:
eLearning | e s s o(Burgds yet at., ”60m)&wether they“divide the
phenomenon of adaptation into three types:



1. Interfacebased:Which is also known as adaptive navigation. Elements and
options or configurations are adapted in terms of properties as Si#@rpos

and colour.

2. Learning flowbased:The learning process is adapted in terms of the sequence
of learning contents. Learning is a dynamic and personaksedingpath,

customized to each user based on the known performance for each run of a

course or gstem.

3. Contentbased: The respective content of resources and activities changes

based on the feedback and insights on learning.

Vandewaetere, Desmet, and ClareblMandewaetere et al., 201ddmpared 53 well
selected publications on the value of learner models for compased adaptive learning
environments in their study T h e contribution of l ear n.
development of computeased adaptive leari n ¢ envi Ooen maont s *“
observation of the study is the great variability in the research domain of adaptive systems.
Following in many cases an interdisciplinary approach for research, developed
approaches are often not aligned in terms of desighadelogy and evaluation. Based
on this lack and the synaptic character of the study, Vandewaetere, Desmet, and Clarebout

extracted a common ground on the development and structure of an adaptive system.
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Figure 4: The tripartite structure of adaptive instruction, by Vandewaetere, Desmet,
and Clarebout(Vandewaetere et al., 2011)

In their collection, an adaptive instruction can be consideseowaing a tripartite

nature into which a system is split in terms of functions. The first component captures the
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source of adaptive instruction (To what will be adapted?), the second component
summarizes the target of an adaptive instruction (What willdapted?). Together the

components are connected to each other by pathways of adaptive instruction (How to
translate the source into a target?), as the third component of the triple structure. An

overview of the concept and building blocks is givefigure4.

Following the proposed structure, Vandewaetere, Desmet, and Clarebout, extract

three groups of parameters which act as source for adaptation:

1 Cognition capturing characteristics of cognition, as workirgnmory capacity,
prior knowledge, cognitive style, learning style and learning goals or goal

orientation.

1 Affect with characteristics of learners, as frustration, confusion, eureka/delight,
certainty and frustration, mood and sefficacy on the boundase of

cognition and affect.

1 Behaviour noting characteristics of behavioural styles on comghased
environments, as interaction parameters with a possible need on learner
control and help or feedback, the degree of-tilated learning, or the

numberof tries per task, received grades and exercises solved.

The target of adaptive instruction can vary strongly with the application of adaption
and could be split into three dimensidiandewaetere et al., 201Tjhe most common
first dimension captures the learning material and content itself, the accompanying
support, display and additional elements which can be adapted to the learner or the

interaction with the sysim, as hints, prompts and agents.

Within the second dimension, time related factors of adaptive instruction are captured
as static/constant before the instruction starts, based on earlier information, learner
models with long term and general informatitimen adaption instruction can be based

on measures across the use of a system.

The third dimension of the target of adaptive instruction tackles the method which the
adaptive instruction is offering and their degree of control as program or instructor
cortrolled adaptive systems, using learner characteristics evaluated as useful for the
application. Further learner controlled methods, which uses shared control and adaptive
guidance, can be applied. Finally, in an open learner model (OLM), the user model is



open to the user as an additional source of information for learning, shifting the process
more into selresponsibility.

Table 4, derived from(Vandewaetere et al., 20119ummarizes the frequency of
adaptation targets in adaptive instruction and adaptive learning systems, showing that
content, presentation and navigation are thet mmsmon targets of adaptation.

The translation of the sowdnto a target of adaptation depends heavily on the type
and implementation of an adaptive system. In thgardtwo different views can be
compared: adaptive and intelligent technologies. Vandewaetere, Desmet, and Clarebout
S umma r i Adagtivity hassysterh does not make that system intelligent, or the other
way ar AsBrusildvsky and Peylo gathet Adapti ve and intell |
are two different notioris (Brusilovsky and Peylo, 2003)nd as such represent two
different approaches. Adaptive systems take into account the information, gathered in a
learner model and behave different for different groups of students, while intelligent
systems make use of artificial intelligence methodologeamprove the support of the
learner—e.g. throu§ machine learning techniques.

Table4: Frequency of adaptation targets in funded research solutiengublications
can address multiple targe(¥andewaetere et al., 2011)

“"Target o f aFrequency of a specific adaptation target among 29

analysed researches

Content
Content 6
Personalized suggestions of
content 1
Web-based raw contg
filtering

Lesson contents
Appropriate exercises

e i

Presentation
Presentation
Presentation style
Adaptive presentation

O h~hPF M

Navigation

Navigation
Personalized navigation
structure

Adaptive navigation
Navigational route
Navigational control

=

ORRPNR

Instruction
Instruction 4
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Instructional strategies

gl -

Feedback

Feedback

short feedback
Appropriate feedback

AR RN

Hints

Hints

Meta-cognitive guidance
Suggestion

AR RN

Difficulty
Difficulty level
Level of material

N R

Others

Adaptive group formation
Prompts

Summaries

Assertions
Metacognitive guidance
Adaptive pacing
Interactive Help
Masterydecisions
Remediation decisions
Messaging

BPRRPRRRRRRRRR

Limitations can be as divazsas the systems applying adaptive solutions for learning
an instruction but following furthegivVandewaetere et al., 201f) 124) Vandewaetere,
Desmet, and Clareboatdress as an universal constraint of current research:

" Irrespective of the source of adaptive instructicthe learner, the interaction
between learner and environment, or betimost of the developed learner models

stay behind the bars of theoretigabpositions and only few learner models have
been empirically tested.

As such, collecting, aggregating and analysing adaptive systems in practical
environments and throughout diverse situations and contexts of learninpetpato
overcome the current fieits of evaluation.

3.7. Learning Management and Intelligent Tutoring

Systems

Solutions for technology enhanced learning are usually embedded into the bigger

frame of learning management systems (LMS) or virtual learning environments (VLE),



which additionallyintegrate different functionalities supporting the managerial aspects of
institutionalized education. On an abstract level, LMSs combine educational services with
channels of feedbac.onn and Teasley, 2009The different potential technological
options and requirements for frameworks of LMSs are summarized by Seidel,
Perencevitch and KlefSeidel et al., 2005)

As part of a complete learning and management apprspetific learner and domain
centred solutions exist which support the learner with instruction and access to tailored
educational content, including feedback loops for testing tlaelapting the mediated
content. In this instructional frame a variety@thnology enhanced solutions are applied.
The main systems are based on Computerised Adaptive Testing E&&fion3.4),
Adaptive Hypermedia Systems (AHSectiond) and Intelligent Tutoring Sysins (IRT).

Murray summari zes, b a s dntelligem Tutdtengn Yystems a n d
(ITSs) are computdnasednstructional systems with models of instructional content that
specify what tdeach, and teaching strategies that specify how to te@durray, 1999;
Ohlsson, 1986; Wenger, 198F)urray distinguishes in the frae of ITS: Content Models,
managing and providing content i-tmef By “c on
content creation; and Instructional Models, modelling instructional strategies to get closer

to the benefits of an individual instruction by acteer.

While all types of technology enhanced systems for learning incorporate the aspect of
adaptation to the ability, performance, and/or profile of a learner, especially ITSs focus
on reasoning and doing inference on the available information abowattmed. In this
regard, ITSs focus on filling the role of a tutor, providing an individual teaching
experience, making use of a range of adaptation options to adapt to the learner. In line
with the allegory of the cav@lowett, 1901)an automatic tutor can always only be a
partial projection of a real tutor, yet, in contr@Sorbett et al. summarizes a clear benefit:

i f such systems [I TSs] realize even half
promi sed t o (Goebettetab 49 nt i al “

For the majority of technology enhanced solutions for learning, including ITSs,
learning happens in a blended learning environment. Blended learning applies if a system
is embedded in a bigger educat frame (curriculum, whole or specific domain) and
supports the regular learning. Within thieesis,it is assumed that any solution that is
developed within this work to support the learning process will be embedded in a
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technology enhanced solutior fearning. Furthermore, it is assumed that such a solution
will work in a blended learning environment, where learners have a basic understanding
of the specific domain of learning and use the system to increase their understanding of
their individual leaning progress and complete their personal knowledge within the given

domain.

3.8.  Short Summary: Concepts of Adaptive
Testing

Table5: Summaryof " Concepts of Adaptive Testifig

Aspect Description

Need for adaptive testing In order toenable efficient, personalized learnihearners
knowledge gap have to be identified individually. At the same
time, self-prediction and selévaluation tend to be flawed. An
objective solution for selassessment can close the gap.

Short assessment ah To close the distance between tutoring and the learning

learning cycles performance of a student or worker, short cycles of repeated
assessment and learning are important.

Tripartite nature of An adaptive instruction is based on a useenvironment driven

adaptive systems source and adapts to a specific target of adaptive instruction.

this regardanadaptation of a system to learning needs has to
based either oa model of the learner or the domain of learning




4. State-Of-The-Art of User Model ling

To cope with today‘'s rapidly changing e
overload there is surely a need for more flexible workéisthe same time- to support
the learners and workers of tomorrevthe software they use to learn and wado has
to adapt to their specific needsechnology enhanced solutions for learning or learning
support encompass different fields of application, as mobile learningaming,
educational gameand hybrid solutions. Especiallwhen asystem adapts itiaterface,
interaction and behaviour, based on #u#ive interaction with the useand based on
information about the user, the model of the user has to be an explicit paradéftive
solution.One class of useadaptive systems with a strong focusindividual learning
and adaptationsare Adaptive Hypermedia (AH) or, more specifically, Adaptive
Educational Hypermedia (AEH3ystems Adaptive Hypermedia Systems (AHS) are
regarded as a specialization of adaptive systems in education, implementirgifia spe
user model for individual users to adapt
s knowl(Brubipwsky,d99€). goal s

user

To facilitate adaptive behavioura system needs a conceptualisation of the,user
captured atheuser modelThe user model is a representation of distinctive features and
information about an indidual user.This provides the base fadaping a system taa
specific useor groups of userdy adjustinghe systems behaviouhelook andselection,
and therate and granularity of information. If e.g. a system offers information about
specificppcesses within an organisation, the
job-role and position to prioritise and personalise search results to offer the most relevant
selection(Jameon, 2003; Micarelli et al., 200@dapted to the user. When a user is
reading deeper into the search results, the system can further adapt links to other
information source¢Brusilovsky, 2003; Weber and Specht, 1987 )prepare relevant

learningresources to learn about the current rea¢idagger et al., 2002)

4.1. User Models: Madeéelling ' W

User models are a flexible approach to capture features of &pseific realisation
of a user modslcan vary in terms of structure, representatiamtent and complexity.

According toBrusilovsky and Millanuser models can hkdifferentiated into® mod el s

s Especially in an educational context, user models are also addressed as student models.
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that represent features of the user as an indiviflual a n miodels]that represent the
current cont ext (Brdsilovekg end Widée,r2009) Theyofurtker
distinguish thatthe former type of modslappiesto all adaptive web systems, while
contextual models are of importance in chaggenvironments of learning asmobile

and ubiquitous systemahere the working and learning context is subject to change.

Chrysafiadi and VirvoChrysafiadi and Virvou, 2013ummarize SelfSelf, 1990)
whoargues t hat student modeling is a process devec
i ssues such as analyzing t he student ‘s per
mi sconceptions, represent i mgprie and dcquirdd s goal s
knowledge, maintaining an episodic memory, and describing personality

characteristics.

Three basic questions are gatherehyysafiadi and Virvodor student modlling:
“ what to model, how and whyChrysafiadi and Virvou, 2013Jurthermore, wh a
focus on the user as an individual of a designed me&desilovsky and Millandefines
five distinctivefeatures of a user metl concerninghe questionswhatto modél. * t h e
user‘s knowl edge, i nterests, .ghesadifferent backgr our

featuresand their relevancaredescribed irmoredetailin the following sections

4.1.1. User ‘s Knowl edge

The us eledgs isok ceotralimportancein usermodelling and in many
applicationcasest is the only feature modelled.he knowl edge i s observed
knowledge on a specific toptavhich istaughtor supportedby the systenasthedomain
of learning. A characteristicof a knowledge centred user models t ha't the wuser
knowledgecanchange between two points in timlecanincrease in terms of learning
and decrease in terms of forgetting. Asbasequencehe modelling of knowledgie an
adaptivesysse comes with the need to recognise chan

update the user model to reflect ttetected knowledgehanges.

The mostbasic concepto createa user knowledge model is tlsealar model It
estimates the level die existing useknowledge of the provided learning material as a
single value on a given scale. E.g. quantitative as a number in an interval [0,5] or
gualitative as good, average, badthisregard they behave similar to stereotype models
(discussed in detaiih Section4.2).



Thecommonapplicationof a scalar modask the classifcation ofusers into different
userclasses The model estimatdbe detected level of knowledgen a defined scale,
acting as the range of classes. A scalar inzatehenbe used to classify users into simple
classes, fitting their detected knowledge leaatl presestcontentaccordingly A system
can thercreate- based on the detected classan adaptivédehaviour, as e.g. an adaptive
presentation which vistai zes content f I thtoughfdteritg@ndt h e

rearranging parts of the presented material.

The model can be used to create full page or partial outputs for adaptive hypermedia
(Encarnacéo, 199 Premlatha and Geetha, 20b5Jeed stronger structured concepts like
intelligent documentg§Ahonen et al., 1996wherecontentinstances are constructed on
demand from different structured resour&salar models focumn the usér knowledge

and make use of se#fvaluation and external testifay theknowledgeestimation

Yet, acording toBrusilovsky and Millan(Bruslovsky and Millan, 2007)the main
shortcoming of the scalar modslthe low precision. User knowledge, captured on a
reasonalyl sized domain, can differ imarious parts of the domain and may not be
sufficiently labelled by a singldimensionscalar asignmentA usermayhave mastered
the knowledge area of classificatiortiedomainof data mining buyetbeing a beginner
in the field of clustering. As Brusilovsky and Millssummarize® a s cal ar m (

effectively averages the user knowledge of tmealo .n “

An improvement orthe modellingof user knowledge is given tstructural models
Structural models are based on the assumption that domain knowledge is clustered into
independent fragments which together composes the dofasting models can be
differentiated across two aspects: the type of the represented knowlpdgseduralor
declarative— and theconceptof thec o mpar i son of the wuser*s
expert*s | evel 0 ¥ addressedvads elangie madel, expert madel @ra
‘i deal st u(Brestovskymarad diddn,“2007)

A prominent exampléor a declarative mode$ the overlay model, which represents
t he us e ddess alsubsefrah expert basedomain modelwhile the estimation

of the user‘'s knowledge is storedmodebhr ev
In contrast, ppceduralmodels could be modelled asarning NetworkgLN), created
initially by Koper and Tattersal(Koper and Tattersall, 2004)earning networks

incorporate an expeltased learning network domain which represents a graph of
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available leaming events, called activity nodes. Users are then mapped onto the learning
network domain and create a learning track while moving from one learning event to

another.

In a LN, the development of a user from arserprofile to another can be modelled and
tracked as e.g. the transition of one role to another (students, teacher, researcher,
practitioner), based on the single events leading to the role change. In this regana LN

be a powerful tool to also share and recommend a learning track to othsgvou
individuals of learners. The caveat is that the emerging comprehensive networks are not
well suited to consolidate a common knowledge domain to efficiently map the progress

of the user onta complete view ofhe domain.
4.1.2. User ‘s I nterest

The focus ontheuses interests is tightly connected to user profiles used for adaptive
information retrieval andor filtering systems in environments where large volumes of
information are availabléMorita and Shinoda, 1994and also usedin web-based
recommender systemb the case of recommender systems, the implementation and
applicationconsiderations have to be further distinguished fwwramerce recommender
systems andor systems in technology enhancedhere aspestof both informal and

formal learninghave to be taken into considerati@rachsler et al., 2009)

Thanks tee-commerce applicationthe use of user interest models has increased over
the last decade and is noapplied as widely as user knowledge based models.
Commercial examples are hé&xmazon, YouTube, Netflix, Yahoo, Tripador, Last.fm,
and IMDDb(Ricci et al., 2011)The wsef miterest has importance in environments where
the access to information is primarily interdsiven. The mitial models implemented a
weighed vector of keywords coding the interestd were dominant in early information

retrieval and filtering systen{&auch et al., 2007)

Conceptlevel models are an extension to the keywloaded approach, modelling the

user ‘s i nt espexiBctcannedionsiHeré the interests are modelled as a

weighted overlay of a concefgvel domain model. It is analogue to the modelling

approach of the overlay mod@lescribed in detailn Section4.3). On a contentich

domain modelan additionalconcept overlay can beusedtm d el t he user s i nt e
distinct aspects, overlaying the domain model. According to Brusilosky and Millan

(Brusilovsky and Millan, 2007 semanti c | inks i ndiffetee domai n n



kinds of interest propagation to compensate for sparsity, a standard problem of large

overl ay model s. “

To enable a mukconcept indexing, where selected documents are connected
throughout different domains, semantic modelsr semantic extensig to existing
models— can be used to connect multiple sources. With this approach the-aloddd
approach of systems and their domain models could be overdomeffer e.qg.
personalised news feeds, based omologyhe us
which is then used tmodel the relation between concepts of different dom@&oslan
et al., 2006; Frasincar et al., 2011)

4.1.3. User ‘s Goal s

A user goal or wuser task i s aageneeptwiths ent
the system. A user‘s goal can come in di
of the current work, a need for specific information, a learning goabmbinations of
these goals. Tracking the goal in an adaptive system meangtbwkat the user wants
to achieve As Brusilovsky and Millangathersthis comes with an additionahallenge
(Brusilovsky and Millan, 2007p. 10)

" The user's goal is the most changeable user feature: it almost always changes

from session to session and can often change several times within one session of
work.”

Initial research on user goals are addresasgy goalsn regardto work goals with
the arget of adapting interfacasdoffering intelligent help systen{Benyon and Murray,
1988; Fischer, 2001; Kaplan et al., 1993¢her studies investigate the relation to learning
goals and the context of instructional planning and sequencing syfenssiovsky,
1992; Lester et al., 1999 pplications in the context of user goatn behypertextbased
help systems and adaptive information ascesystems, which benefit from an
identification of user goals to adapt their acdedbe available informatiofEncarnacéao,
1997; Franciscdrevilla and Shipman Ill, 2000

A user‘'s goal i using@ doal eataloguenapdroacm evhith daehaves
similar to an overlay knowledge modédescribed in more detail Section4.3), capturing

the user's goal s as goas. The adaptiva gystdamocanahenc a t
recognise goals based on the goal catalogue, while the catalogue could be implemented

as a set of goals or as a more complex goal or task hierarchy. Defined goals in goal
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catalogues are derived from experience or areaeted from adaptive interfaces and
instructional planningBrusilovsky and Millan, 2007)

A goal hierarchyis more stablesincegoalsare continuouslydecomposednto sub
goalsandshorttime goals. In a basic implementatj@am adaptive system considerdy
one single goasactive at a time. Theser modellinghenhas to recognise or map which
goal is the current active goal. Based on the selectadthe adaptive system can then
adapt its behaviour to the active goal, e.g. through adaptation@ulekmitation of user
goals is thatderiving user goalffom a detectionprocesss not precisen general This
is especially true in environments &rle different information sources may capture the
current goals or only large scale logs of interactions deliver the appropriate feedback to

derive a goafLu et al., 2013py usingmethods oflata mining

4.1.4. User ‘s Background

Theus er ' s bdaeschbgsrpevwonsdexperiences collected outside afdiee

domainof a specific application. B&kgrounds can encompagsanularexperiences and

general experience labels as job roles and responsibilities, working experiences,

specialized process experiences and abstract backgrounds as specific views on the

knowledge domaim backgroundisconsidelle as a st abl e set of featul

change or change only slowly over time.

A user ‘s b awelkugedimput modconteat adaptation and can be used to
capturebackground information as the profession or known job roles to adapt content in

thatcontextThe user ‘s background is either filled w
or is detected and dergddromt he user ‘s i nt eE.g mtaimedcalwi t h a s
system the information about the profession couldappliedto scale the lesl of
knowledgethe presentatiomf knowledgeandthe complexity of the usdenguage tahe

detectedevels of a giveriarget grougsuchas doctors and nurséBeaumont, 1994)

Brusilovsky and Millan(Brusilovsky and Millan, 2007putline a similarity between
the perception and modelling of t'hRy uistes ‘s ba
natur e, user background is similar to the use
alsomostyaneasur e of knowl edge b.eHpwevedthetusee cor e do
and representation differs in application.



4.1.5. User ‘s I ndi vGQogniiheetNnd Tr ai t s

Learning Styles

A us e rintivgdual traits are features which define the user as a specific individual.
Individual traits are a collective name for a number of concepts and th@deggather
aspects aspersonality traits, cognitive styles, cognitive factors and learning styles
Individual traits are stable features which do not change or change enlgrogxtended
period of time.Individual traits are a valuable tool to adapt the system to the specific
needs of individuals or groups of users and can be used to differentiate users into groups

with similar needs.

Individual traits are collectedirectly from the useby well-designedpsychological
tests, essentially creating a specialised psychological profile. Each psychological test used
in this regard is specialised and custom prepared for one specific theory. An alternate
methodology is the use ofavhine learning based methodologies, detecting the individual
traits of a user, based on static information about the useoi#ladted information from
the utilization of the system by the ug&arcia et al., 2007g.g. capture@ds evertogs
and clickstreamgGundiiz and Ozsu, 2003)

As oognitive styles and learning styles share a numbdeatures,concepts and
consideration they are interchanden some research.earning styles focus on human
learning, while cognitive styles focus on the actual procgssihinformation. In
comparison to cognitive styles, learning styles are a more active topichaird
implementationn adaptive systemis also more frequerfollowing the implicit potential
of an impact on the quality of learningkbulut and Cardak cawlucted a study in 2012,
comparing 70 studies of pemviewed articles in international databases on the use of
learning styles in adaptive educational hypermé8kbulut and Cardak, 2012Put of
the analysed studigd.4%addressed learning stylég% FeldeiSilverman, 8.6% Kolb,
VARK 7.1%, Honey and Mumford 5.7%) and only 17.1&gnitive styls. Still —
especially for research considering learning styles in genetta¢ notion of learning

styles could sometimes be taken as a proxy for cognitive styles

The similarity is underling by the observation oRiding & CheemaRiding and
Cheema, 1991p. 194)who suggest that

“'"Learning st ylrgedasasnereamamoh term bra veplacament
term for cognitive style in the 1970[sT]he impression that is formulated in the
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usage of these terms is that those working under the umbrella of 'learning style’,
take cognitive style into consideration tlould probably describe themselves as
interested in more practical, educational or training applications and are thus
more 'actionorientated’, while the term cognitive style has been reserved for
theoretical, academic descriptions.

“

Riding and Rayner dmes cognitive style as an i ndi vidual *s preferr

approach to organising §Rididg andeRaynersaiBY i n g
Triantafillou, Pomportsis, Demetriadis and Georgiadou exthigl definition in the
following way: * Cognitive style is usually described as a personality dimension that
influences attitudesyalues and social interaction. It refers to the preferred way an

individual processes informatidn(Triantafillou et al., 2004)

As for learning styles, the definitions of cognitive styles and the emphasis of different
aspects can differ across researchers and their focus of consideration. The main views can
be categorised into the dimensions of fidependent/independent, impulsive/reflective,
conceptual/inferential, thematic/relational and analytic/global, as summarized by Liu and
Ginther(Liu and Ginther, 1999)

Ausburn and Asburn collect three specific aspects of cognitive stiAesburn and

Ausburn, 1978)whichcanalsocharacterize learning styltes

1 Stability: * [...] generality and stability over time and across tdsKEhe
majority of cognitive styles are behaving consistent acrasks for

individuals.

1 Relationship to ability: [...] minimal relationship with traditional measures
of general ability: Cognitive styles correlate to traditional measures as 1Q

tests but the correlation cannot account for all the variance in genditgl abi

1 Relationship to learning tasks:[...] the most important characteristic of
cognitive styles, at least to the field of educational technology and
instructional design, is their relationship to a number of specific

characteristics, abilities, andleamga ct i vi t i es .

Schmeck distinguishes twaverall types of learning styles a globatholistic/field
dependent/right brained and a focuskedailed/field independent/left brained and assert
t h although both styles are equally good for problem sglveach style is likely to be

nf o



associated with greater efficiency in specific tasks. The most effective problem solvers
should exercise strategies connected with both aforementioned $8dbsneck, 1983)

Coffield, Moseley, Hall ancEcclestone evaluated and compared in their seminal
report' Learning styles and pedagogy in post
r e v iime detail 13 of the most influential models of learning styi@sffield et al.,
2004a) The selection of 13 comes out of a pool of more than 70 thedh&ssshows the
strongappeal of the field of learning styles but it also pictures a fractured research area

with a high number of different, partially overlapping, approaches.

Learning styles and cognitive styles are used in a variety of applicationrs fielth
of adaptive educational hypermedi@kbulut and Cardak collect in their study on
* Maptive educational hypermedia accommodating learning s#leentent analysis of
publicati ons f (Atbulut 2ndl Cérdak, 2012Rydainic “and holistic
student modelling approachesder support of learning stylapplication with variables
as: knowledge/competency levéTriantafillou et al., 2003)cognitive traits(Graf and
Kinshuk, 2010) multiple intelligence¢Maria Zajac, 2009)learning goalg¢Del Corso et
al., 2001) cognitivestyles(Prieto and Garcia, 2006arning modalitie§Rumetshofer
and W03, 2003)spatial abilityyWang et al., 2006and learning behaour (Tseng et al.,
2008)

Learning styles are well-usedand well researched suppéot adaptive educational
hypermedia but especially in the recent years, researchers isolated limitations to the
application of learning styleOne major critique is that across all present studies the
general impact of learning styles on the learning performance is weak or naissilhg
Willingham, Hughes and Dobolyi useconstructeegtxampleto visualize the common
outcome of analysisissuming &itting and mixing auditive learners and auditive material
and visual learners and visual materia#sstellation aorrelation betwee the learning
style and the materialould be indeed provehut for a specificcase stillone single
representatiorstylewould still ¢ r e a best reault for both groupéNillingham et al.,

2015) Another common critique is thatAlthough there are a multitude of inventories
and models for assessing | Eaffreldetal.g206d)y | e s .

Robotham widens the discussionlearning styles and proposesstead of making
a forced learning style/performance linto promote a more setfirected learner
(Robotham, 1999)
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" Using existing inventories of learning styles, individuals are simply allocated to a
narrow range of categoes, containing a limited number of learning activities to
which they are, in theory, best suit¢d] Higher education teaching should seek

to move beyond the enhancement of performpntand consider the

development of foundation skills, such a§dekcted learning. An able self

directed learner maj...] choose to use a particular learning style that is relatively
narrow in nature, but they are consciously taking that decision, in view of their
perception of the needs of a particular situatfon.

While this view shares the criticism of an unreflective use of learningssitylso
highlights gprofit for adaptive system#daptive systemsan povide aconscious choice
of learningstylesfor thecontent and presentatieadaptatiorio the user. fie choicanay
besupported by methodologies to detect learning styeloffer choicesbut the choice
should be transparent to the uderthisregard,an active choice of learning styles can
complee of the user modekonsideringthe change of the setted learning style over

time.

4.2.  Stereotyp e Models

A basic user model & simplefeaturebased model. It takes the concept of a user and
attaches differenspecific features of individual users as knowledge, goals, interests or
learning stylesWhile a uer uses @& adaptivesystem,and interacts with the presented
content,the features of a user chande. thisregard to use a featurbased model, the
system has to track and detélseé changesof an individual uses for individual user
profiles, which ale have to be handled individual for the adaptation of the sygtem
alternativeapproacherethe stereotype modellingrhich groups users and user features

for a stronger framing of the possible adaptations

Stereotype models go back to the worlRidh (Rich, 1979) Stereotype models aim
to cluster the user of a system into groups, which are called stereotypes. These stereotypes
are then used to handéach usethe same wayvithin a specific stereotype class but
differenty across classes. In contrasttfeaturebased model a user is then represented

by one stereotype.

Within a stereotype users share a set of features which composes the steseatype a
class. But for modelling and adaptation only the information of the stereotype is used and
an adaptation algorithm only has to handlsingle information in contrast to sets of

features. In thisegardthe goal of stereotype modelling is to create apping from a



specific constellation of features to a stereotype class, representing the common, shared
knowledge and features of user that class. If a user changes the personal constellation
of features it doesn‘t r a&mgdassifiatiorato anethano d e |

stereotype, as shown igure5, based orfHnida et al., 2014)

C 1)
0]@)

Classify

Learner

OQyes |

Figure 5: Classifying learner into stereotygs, based othe figure of Hnida, Idrissi
and Bennani(Hnida et al., 2014)

A user is assigned to a stereotype whe
features in a respective stetygme. To derive a class, following Kg¥Kay, 2000) a
stereotyped integrates a set of triggering conditio® , where eachd® is a
Boolean expression based on a feature or a function over a set of features of the user

model, and a set of retraction conditions . A stereotypa) is activewhen Equation
(2) becomes true and steeotype is deactivated ifdoation(3) becomes true if any of
the respective conditions become trmethisregardthe assignment of stereotypes shares
similarities with an inference proceg®Rich, 1979) Usually one stereotype is
implemented as a default class in which users are added before a stereotype triggers. This
default class can also act as alfatk.
QMA O 01 PUWwo DL Q (2)
QWA 0 01 O® Do DO Q (3)
Stereotype models are widely used across adaptive and personalized tutoring systems
and are especially suitable to solve the problem of initizdizaof user models in cases
where only limited information is availableut additional user information can be
inferred from the assigned stereotyda this regard stereotypes can be used in
combination with other modelling approaches, where stereotypassed to initialize the
user model with known features thirswitch to another methodology more suitdiole
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the continues update of the user modelo improve stereotype models by integrating
machine learning methodologiéEsiriga and Virvou, 2004)

Even though stereotypes are a solid and appealing approach, they come with
limitations. Stereotypes are pneodelled- either by a human expert or based on machine
learning methodologies arttierefore inflexible andave to beexplicitly updated or
rebuilt in case of overall chang€$siriga and Virvou, 2002)Furthemore stereotypes
need apre-classification toidentify classesand for the stereotypes, while the process

could be error prune and time consuming.

4.3.  The Overlay Model

Brussilovsky and Millan summarizeoverlay knowledge modelling as the
represerdtion of* anindv i d u a l user‘'s knowledge as a subset
resembles expert knowledge of the subj@tusilovsky and Millan, 2007)n thisregard
it resembles, in the context of education, a mappirigef n o wn user ‘asa knowl edge
subset(Martins et al., 2008pnto a specific domain axpertisewhich is the object of

learning of a user within an adaptive system.

The model assumes that the student can have incomplete but koowltdge of the
target domainThe difference in the set of the student and the expert knowledge is
assumed to belack of skills and knowledge of the specific lea(Bamtcheva and Wilks,
2005, which has to be overcome through learning to finally master a do®eanlay
models, based on their nature, tend talbsignedexpertcentric and expedriven and
arecommonlydirectly engineered by expearor with the supportof an expertather ttan

being extracted and modelladtomatizedrom other representations.

Theinitial concept ofoverlay moded goes back to the work &@tansfield, Carr and
Golstein(Stansfield et al., 197&nd their seminal ITS implementation of the Wumpus
advisor (WUSOR) The solutiorwastargeted at graduate@ undergraduate students to
advise in caseof student r d e bad rmgveswithin the rule based game Wumpus
In case of bad moves, the system uses the overlay model and a set ofexjdasnndhe
flaws of the move, togethevith the rational of altenate moves, teaching the students
conceps of reasoning, probability andncertainty.The Wumpus advisowvasone of a
number of initialintelligent Tutoring SystemsTS) which shared strong connection to
expert systems and used different modetsich weresimilar to the overlay model but
different in their specific designs and implementations,@B8UGGY (Sacerdoti, 1977)



the LeeddVodelling System (LMS)Sleeman and Smith, 1984nd GUIDON(Clancey,
1987)

Overlay moded can be realized in different ways and have in common that the
student s known knowl e dane¢heexpected lmpmedgefa nt e d
specific domain The simpleststructurelessoverlayis a set or vector of independent
concepts the user has masteredhich enables dine-grainedt r acki ng of tr
knowledge Yet, concepts are seasindependentrom each other and for situations with
a low numler of observations and a large amount of concepts, only the observed fraction
of concepts are predictg8rusilovsky and Millan, 2007)One way to overcom this
limitation is the introduction of relations between concepidditionally, an overlay
model can bdurther detailedby attaching qualitativepumericand uncertaintpased
| ab el s weight& lolcanakpts in the student overlay of the madekpresent the
u s emastering okingle conceptmore granular

Concept 5
Concept 2
Concept 1 Concept 6
Concept 3 Concept 7
Concept 4

Figure 6: A domain model of the domain to learn, includingraumeric overlay.

An advanced overlay model can be created by introducing a domain model,
integrating elations between the modelled concepts. A domain overlay model can be
visualized as a network of connected concepts, as presentddua6. The network
visualizes the domain of l ear ni nigesthen d a
user‘'s known knowledge on the specific cc
other and numeric labels on concepts show the detected degree to which concepts are

mastered by the user.

4.4.  Semantically E nhanced Overlay Models

A further exta@sion toa domain overlaynodel is the introduction of different types
of relationships within a domain model, which is motivated by semantic netwoksn

as anetwork mode{Brusilovsky and Vassileva, 2003)
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A maja profit of asemanticnetwork models that the modelling ofnore complex
domains becomes possibke system can identify related concepts which are relevant to

master connected concepisdsemantiaelation types can be used to model relations as

priegiut es a n doexptess dapendercly. Bdsedimerseamantiextension,

users can receive a more detailed @odnplex feedbackon their learning neesl
Ontologies can have different applications in the context of user models and adaptive
systens as: providing a general user model ontol@ggckmann et al., 2005nodelling

the learning environment and desired competer{éiegla et al., 2014)modelling the
user‘s personal a (Pdnagrotopodlas etialc 20i@2pdfusermodet | o n

interoperability(Brusilovsky et al., 2005)

According to Panagiotopould®anagiotopoulos et al., 2012)ntologies have been
used widely for user modelling as 1) they provide a formal representation of abstract
concepts and can be reused and extended for many tasks and 2) enable the extraction of
new knowledgehrough inference on theontent of the ontologySpecifically,in the
context of user modelsnd adaptive systemSosnovskyand DichevaSosnovsky and
Dicheva, 201Q)clusters the application of ontologies in two main directions: 1) to model
the structure of the domain, W elements of the ontology represent characteristics of
the user and 2) to explicitly structure the user profile in terms of dimensions and states.
While the later direction shows similarities to stereotype models, the earlier direction

correlates to thalea of the overlay model.

A semantic enhanced overlay model provides the profit of an interchangeable domain
representation of the domain to learn, while providing the potential for an adaptive system
to reuse the structure and semanfithe modetomap t he wuser'
structure the recommendations for learning. Sosnovsky and Di¢Besmovsky and
Dicheva, 2010)highlight here that thé [ r ] epr esent ati on of a
ont ol ogy and modelling a wuser"
overlay on the top of it, enables the usage of standard representation formats and publicly
available inference engines, as well as an access to a vast pool of technologies for

ontol ogy mapping, querying, l earning.

The idea of a semantic enhadceverlay model can b&irther extendedby the
" projectionapproach to overlay modelsdevelopedy Brusilovsky(Brusilovsky, 1994)
In his approachthe user ogrlay— which captures the state of the user and is projected
onto the domain of learning is presented within a useentred architecturdn the

s |l earning g

domai

s kghtedw!| edge, [



projection approach the internal overlay model is combined with a set of rules (How to

proc
cases within the systerithe concept is to provide one application centric user model

use and howtotrarsfr m t he model ?) to adopt or

which then can bexploiteddifferently by different componentsf an adaptive system
as e.g. the leaimg manager or the visualization interfade, offer adaptatiorfor a

learning environment.

Components which offedifferent functionalitiesfor adaptation also canhave
different requirement®wardstheir input to finallyfacilitate the adaptatiorE.g., while
the usemmodel maydefinedegres to which the user mastered a concept, components
may only need the information if something is mastered or Tibé overlay projection
uses atthebaskec | assi c overl ay appr oachsnanericr epr
overlay onto the structured domain model, e.g. the progress on a specific topic in the
numeric range of-&. To account for the different component ne®&dasilovsky applies
a thresholdtechniqueas a projectom nd ' pr oj e ct s ‘of the degreenok r i c
mastered knowleddge abinary concept oknown and unknown, tailoring the projection
to the information need of the componémtich projection to applywhen and how is
decided bya set of rules, called@ojector, while one projectorsi used for one specific
component or scop@rojections can be useddbange the use ¢iie user model online

and ondemand without changing the user model itself.

In a similarfashion,alsoa semantic modelouldbe " projected to the specific need
of a component. To do sdhe semantic of single entities affweir relationscan be
translatedo a numericzalue, which e.g. can be usethrough applying projection rules
—to modify the degree to which a user mastered a coriegpif—for a given knovedge
element in a semantic enhanced domain meddhtions existhatmark other connected
knowledge elements as requirengeatfitting projector (ule) can define that the selected
knowl edge el ement can only be fwhicHae " knc¢
connected through ' requi rTdidwal, hé struceieantd i o n
semantic of the domain model further specifies the requirements of the associated
learning process and help to better sttadebehaviour of components

4.5. User Model-based Recommen der Systems

A user model is always connected to a specific purpose, recommending on the right

education, on the right set of adaptation rules for the interface and content of a system but
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also recommending on products in a more inukistcontext. The practical
implementation of recommendations and the theoretical foundation to derive
recommendations is given by the area of Recommender Systems. Drachsler, Hummel and
Koper collect in regard to user mod@Brachsler et al., 2008). 1)
‘“"The increasing use of Recommender Systems (RSc
their way through the possibilities on offer on the W\WW\dbivious. Many online
companies like amazon.com, netflix.com, drugstore.com, or ebafL.oatan et
al., 2003; Schafer et al., 1998)e using a RS to direct the attention of their
costumers to other products in their collection. The general purpose of

recommender systems is to{sedect information a user might b@erested in
(Adomavicius and Tuzhilin, 2005}

The same isalid for applications in education ardarning, building on the same set
of user models as e.g. user interéB@zzani and Billsus, 20QAyith the difference of a
stronger focus on t heAccardingtoDsmachdden Blumimeldnge and go
Koper a recommendation system in the scope of technolognentead | e atheni ng has
goal to support learners in their competence development in order to achieve a specific
learning goat A learning goal is here connected to a specific concept, or domain of
concepts which has to be mastered on a specificlevel. Spécl v i n the context o
n e t w e-askatworks of learners, where leaner can share learning activities in different
roles (teachers, learner or knowledge provideBjachsler, Hummel and Kopsuggest
two different types of recommendations: tgtructure Learning Activities in a
pedagogical way a n dsugdesi enierging learning paths to learfiet& further
overview of learning networks in technology enhanced learning is given by Manouselis
(Manouselis et al., 2011)

Furthermore Andersondistinguistesthe specificfeedback of recommender system
in terms of the power of the underlying madelthe context of expert systei@sderson,
1988)

1 Black Box Models:makes use of methods @asoningona domain, without
using an explicitly model of the domaigenerating a correct inpottput

behaviour without being able to deliver instruction

1 Glass Box Models:makes use on epert modelled or derived knowledge
representation, which enables reasoning and an explanation of the. results

Ander son theregperasysies [..] is going to be more amendable to



tutoring than a black box model because a major component of thest exp
system is an articulate, humanlike representation of the knowledge underlying

expertise in the domdin.

1 Cognitive Models: makes usef findings within the field of cognitive science
to not only represeraind reasotut alsoto accesknowledge in a huanlike

way.

Pazzani and Billsus collect in the context of product recommendations that:
“[alJ]l though there are different approachce
contentbased recommendation, no contbased recommendation system cae giwod
recommendations if the content does not contain enough information to distinguish
i t e mdn.the context of technology enhanced learning, items cant&retedas
content or adaptation goal s, f i tcanhohlgg t o
distinguished based on the content itself or based on the approach to apply the user model
onto the content and other adaptation goals, cannot be recommended in a valuable way
to the user. Furthermore, users who cannot be differentiated basleeironser model
will not receive different tailored recommendations from a system. So only by being
consciousness on the limits of the modellingaluable and workingecommendatiors
possible.One aspect in this sense is the need to be conscioustaloet * How® of
support for learning and consequently how a system should provide the specific

learning support to enable a continuous and sustainable learning.

4.6.  Short Summary: User Modelling

Table6: Summaryof * User Modelling

Aspect Description

Adapti ng t o Usermodels offer a conceptualization of users, modelling'use
features relevarinh the adapton of adapting system behaviour.
Knowledge can be presented as a feature of the user or as a
model of the domain to mast

Student overlay for the  Overlay models are matching user knowledge to a network

domain model representation adtargeted expert's knowledge amdnitorthe
progress of assessment and learning by labelling the concept
the model with numeric valuggacking the performance.

Need fora semantic A semantic network model enables to express more complex

domain model domains and derive a better learning feedback. Especially
ontologies are a major improvement as a domain mgaelg
ontologies arstructured, interchangeablendmodel the
meaning of individuatonceps$ andtheir relations).
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5. Learning Theor y Considerations

Throughout all situations of life education stays as a stable companion. This seems to
stay true with new and changing requiretsezoming with the new technology enhanced
society. But as the environment in which knowledge and processes to gain knowledge are
needed is changing, so are the requirements for education. While the discussion on how
to provide the best education is dive@nd in continues motion, one general question
persists as a steady consideratibiow should education be providece.g.top-down,
starting from the general and highlighting correlations or botipmteaching the
specifics first and introducing thetapt s f un d a me n tholv shoulddhisbde f ur

reflected in supporting technologies for education.

In a class room situation for a tajwn approach a teacher will try to give a general
overview first, introducing the big picture paired with an overattivation, contentand
outcomewise, showing the correlation between the aspects of the particular field and
immersing the students in a way which triggers the personal motivation to learn and
master an area. Following the example of De Gra{@rauwe, 2010)n the context of
Macroeconomics, addressing the-tigpvn approach from a system point of view, a top
down system is a system which respective agents understand the fully. They ble capa
to see the system as a blueprint in which they can optimize their actions. An alternative
understanding would be to see the system as a building which can be represented by its

blueprint which is understood by its architect.

Contrasting to a macsirst top-down approach, a botteop way of teaching will
tackle the details of a specific topic area first to piecewise develop the topic towards the
understanding of the whole area. The content focus is on teaching and mastering facts and
rules, important tainderstand the detailed parts of the overall picture as building blocks
which create the whole. A botteap approach is instructairiven and targets to break
down the complexity of an area and simplify the learning process through mastering the
details frst, making use of memorizing and repetition. Following further the example of
De Grauwe taken from a system perspective, in a beatjfonsystem, individuals
understand only parts of the system. The system then works by applying simple rules on
the individual level, together creating the whole, which this way resembles the behaviour

of natural systems.
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Strongly interwoven with the consideration of a-thpvn and bottorup education
is the comparison of behaviourisrand constructivisabased learning. Adotom-up
education is here favoured by the concept of behaviourism, which is based on studies on
animal behaviour and the response to rewards and punishment, widxopducation
aligns with the concept of constructivism, which understands learningoesc@ss of
connecting new knowledge to previous learned knowledge. As both pairs of concepts are
related, contrasting tegown against bottorap teaching and behaviourism against

constructivism is in many sititions a proxy for each other.

5.1. Behaviourism and Top-down Education

As summarized by Ertmer and Newligrtmer and Newby, 2013ehaviourism
makes use of the concept of stimulus and response. Learning, following behaviourism,
occurswhen a learner gives an adequate response to a presented stimulusilE.g.
showing a learner a specific math problem, the problem represents the stimulus, while the
fitting answer of the learner is the response. The key question of behaviourism is then
how to strengthen and sustain the association between the stimuli and a successful
response Furthermore,the long-term goal is to foster positive responses by adding

reinforcements to positive responses.

The proof of the positive effects of positive arajative reinforcements is going back
to the experimental work of Skinngkinner, 1974)Following thetheory,the learner is
characterized as reactive to the conditions of learning rather than active, weighting the

environment higher thmathe inert and active motivation of the learner.

Teaching in this framework takes a strong emphasis on preparing and controlling the
arrangement of stimuli and the consequences of given respbogermorethe learner
is continuously assessed to rgoize where to start the instruction and to detect which
reinforcement actions are effective for a specific learner. For transferring learned
knowledge to new situations, learners are expected to generalize situations, with features

shared or similar to pwvious learned behaviour.

Organizing teaching in the frame of behaviourism, emphasis strategies which improve
the linking between stimulus and response with methodologies like reinforcement and
practice. Learning happens through making use of recallintg, fageneralization,
association of explanations and performing/repeating learned procedurégrmore,



and simultaneously | imiting, It 'S recog

highe level skills and processing.

5.2.  Constructivism and Bott om-up Education

Furthermore summarized by Ertmer and New(®rtmer and Newby, 2013)

constructivism is a function of how the
experiences . Constructivism envisions the min
create its own reality. In thieegardthe mind is conceived as the source of the derived
meaning. The knower constructs a reality or interprets it, based on his or her perception
(Jonassen, 1991Following Jonassen, the knowledge is constructed as a result is based
on previous experience, the mental structures, and beliefs a person uses to interpret
objects and events. E.g. in a class room situation a teacher woolduire the general
problem to solve and give the question of methodology to the learners for reflection and
construction of their own methodologies in favour of connecting to their previous

experience to only then advancing to the detailed methodologies.

The concept of constructivism, as collected by Perfieskins, 1992)goes back to
the seminal work of Piag¢Piaget, 1954under the influence of cognitive psychology,
guided by researchers as Bruner and NeiasdrGoodman. In contrast to the view of
behaviourism, constructivism takes the view that the knowledge of a learner is mind
dependent and has to be mapped onto a learner. It receives ongoing attention since then,
and is used to observe and reason on ilegras an experience driven function, creating

meaning based on new and previous experience.

Teaching in the frame of constructivism takes an emphasis on practical involving the
learner in situations which are embedded into a meaningful context. Undergtas
strongly connected to the number of experiences collected in the context of the target
education, where the learner develops ideas to master the situations. Learning and the
transfer of knowledge always takes place in a context in the view ofgocingsm and

the different contexts offer different links to the knowledge to learn.

To organize teaching in the scope of constructivism the teacher focuses on telling the
story of a task, rather than setting the structure for the learning of the tabiarBe
Cunningham and Duffy argue in thisgardthat® i nf or mati on cannot b
i ndependent , aBedntrr e @lt, 19@l1)l earning | stie frame of

constructivism doesn‘t happen by | earni ng¢
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learning and effective use of knowledge comes results from usiragtjugredtools in

real world situations.

5.3. Technology Driven Ways to Learning Theories

In contrast to the clear separation of learning theories for a promotion of learning,
rather than teaching following a specific theory, the conscious selection of & thyeor
the teacher for a specific learning situation is crucial. The set of selectable learning
theories is wider than the tafpwn and bottorup or behaviourism and constructivism
and includes further theories as cognitivism and recently connectivism &ad of
alternative views on the theories with the concepts of objectivism, pragmatism and
interpretism. Resulting, the question arises if a learning theory is regarded as the leading
theory and if none is leading which theory to select at a givertimmeoser considering
new developments in learning environments like the rising impact of technology and

especially information systems.

An alternate view on the question of a selection of learning theories for learning
environment is given by one of the mostipinent citations for the use of constructivism
taken from the seminal work of Bednar, Cunningham and OiBkéglnar et al., 1991)

" Instructional design and development must be based upon some theory of

learning and/or cognition; effective design is possible only if the developer has
reflexive awareness of the theoreticakisaunderlying the design®

While the citation is taken as a strong emphasis for constructivism by the
constructivism community, Duffy corrects this image in an interfiew | nt er vi ew wi t h
Thomas Duffy,*“ 2000)

" It seems quite logical to me that no one is going to design instruction that they

think will be ineffectiveor counterproductive to learnin If they are acting in a

way that they believe will promote learning, then they must have some notion of

what | earning is all about. [e+] Besides acknowl

were simply arguing that it would be worthwhile for designers (andadrs in
general) to become more aware and better able to articulate their .views

Duffy underlines here, in contrast to a default learning theory selection, the
importance of the awareness of the designer in the process of instructional design, rather

than the selection of one and only one learning theory.



In thisregardthe awareness of the concepts and tools for teaching maybe sufficient,

but a thorough and conscious instructional design is mandatory for the learning success.

A careful and purposeandsituationfit selection and modification of a learning theory

outweighs the defaulting to one singular learning theory. Siemens emphasises in his

seminal work about connectivis(Biemens, 20054he definition of learning of Driscoll

(Driscoll, 2005 a persi stent change i n human perf
that “must come about as a result of the
w o r |Ad Siemens notes this d@fion* encompasses many of t he

associated with

behavi or i s(®emens,@¥P5i t i vi sm

Seeing learning and learning theories from themeral perspective even a hybrid

solution for organizing learning environments can be feasible and effective if designed

carefully. For an insight into the possible methodologies and tools a second look onto the

aspects of behaviourism and constructivea valuable. A comparison of behaviourism

and constructivism is given ifable7, based on the classification by Schykchunk,
1991)and the elaboration and extension of Ertmer and Néktigner and Newyp, 2013)

Table7: Comparison of behaviourism and constructivism, based on the classification
by Schunk (Schunk 1991) and Ertmer and Newby (Ertmer and Newby 1993).

Behaviourism

Constructivism

How does
learning occur?

Learning ocurs when a
proper response is given
following the presentation
of a specific environmental

Learning is the process of creating
meaning from experience. Learners
build an interpretation of the world
based on individual experiences
and interaction

stimulus.
Which factors The arrangement of stimuli
influence and consequences is the
learning? most important factor.

Environmental conditions
are emphasized before
learner related aspects.

Learner and environmental factors
are important and the interaction
between both creates knowledge.
Learning happens in a situational
context and it is important in which
situation the knowledge is used.

What is the role
of memory?

The role of memory is
neglected by the
behaviourism.

Constructivism i:
memorizingparticular facts.
Understanding is developed based
on continues use of knowledge in
specific situations. Learning needs
the factors activity, concept and

cultural context.

How does
transfer occur?

Transfer to an application
is the result of
generalizatio.

Transfer is reached by involving
the learner in authentic tasks linked
to and within meaningful contexts.

Strategies of learning are
important which strengthen

What types of
learning are

Learning is always observed in a
specific context and in conjunction
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best explained the stimulusresponse with a specific content.
by the theory? associationsThe learner Constructivism is most effective
performs in situations of for advancedknowledge
learning involving acquisition while initial acquisition
discrimination, is better supported by behavioural
generalization, association  or cognitive approaches.
and chaining.
What basic 1 producing observable 1 emphasis on the identification
assumptions / and measurable of the context in which the
principles of outcomes in students skills will be learned and
this theory are 1 pre-assessment of subsequently applied
relevant to students to determine  § emphasis on learner control
instructional where instruction and the capability of the
design? should begin learner to manipulate
f mastering early steps information
before progressing to 1 need for information to be
more complex levels presented in a variety of
f use of reinforcement to different
impact performance 1 ways
9 use of cues, shaping 1 supporting the use of problem
and practice to ensure a solving skills that allow
strong stimulus | earners to go
response associan information gi v

i assessment focused on transfer
of knowledge and skills

How should The instruction is Instruction has to be designed to

instruction be structued around show students how to construct

structured to presenting the target knowledge, give multiple

facilitate stimulus and providing perspectives for specific problems.

learning? opportunities for the Thedesigner of the instruction has
learner to practice to make to instruct how to create meaning
the proper response. and how to monitor, evaluate and

update constructions. Further the
designer has to design experiences
for the learner with relevant
contexts in which a task can be
experienced.

The compason of Table 7 underlines thedifferent trends ofboehaviourism and
constructivismlearning theories: behaviourism as the-tlmvn, decomposing, fact
oriented learning theory which is focused on stimulus/response pairs and ctbnstnu
as a bottorup, generalizing, context oriented theory which is focused on linking

experiences to new situations.



5.4. Connectivism as a Network Driven Theory for

Learning

Cognitivism, in contrastto constructivism and behaviourisiis a more technolgy
and networkoriented theorylt focuseson knowledge as symbolic mental constructs
within the | earner*s mind, while | earni

| earner‘s memory.

Yet — as Siemens addressg&iemens, 2005)- the majority of learning theories
concludethat learning occurs inside a person only and fail to address learning outside of
learners as technology based learniAdditionally, existing theories do ndackle
personal and organizational learning within organizations and neglect to assert the value
of what is being learne&®eizingthese limitationsSiemens collects seven questions not
yet addressed by current learning theories, especially takingdotwrat the shift to a
new technology enhanced soci€Bremens, 200%). 3):

1 How are learning theories impacted when knowledge is no longer acquired
in the linear manner?

1 What adjutments need to made with learning theories when technology
performs many of the cognitive operations previously performed by
learners (information storage and retrieval).

1 How can we continue to stay current in a rapidly evolving information
ecology?

I How dolearning theories address moments where performance is needed
in the absence of complete understanding?

T What is the impact of networks and complexity theories on learning?

I What is the impact of chaos as a complex pattern recognition process on
learning?

1 With increased recognition of interconnections in differing fields of
knowledge, how are systems and ecology theories perceived in light of
learning tasks?

Considering these questigr&emens proposes a new learning theagnnectivism
(Siemens, 2005)n the new connectivistic vision,ithin the digital agelearning cannot

solelyrely on personal experience any more but rather is derived as a competence from
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forming connectiongracing the speed and need of the technology enhanced society, the
learner cannot experience every situation and borrows the experience from other people

as their collected knowledge.

Connectivism strengthens the view that learning is motivated by cowvibecti
connecting experiences but also external information, residing in external, potentially
interconnected, sources. Learning occurs in environments with shifting core elements
potentially out si d&eonnecting specalizédentomtionesetsand cont r ol
focusing on connections while connections which offer the learner to learn more are more
important than the current state of knowled@ennectivism fosters the understanding
that decisions are based on changing foundations and stresgptréance of the ability
to differentiate between important and unimportant information. Siemens formulates in

thisregardeight principles of connectivisiiiemens, 200%). 5)

1. Learning and knowledge rests in diversity of opinions.

2. Learning is a process of connecting specialized nodes or information
sources.

3. Learning may reside in nelnuman appliances.
4. Capacity to know more is more critical than what is currently known.

5. Nurturing and maintaining connections is needed to facilitate continual
learning.

6. Ability to see connections between fields, ideas, and concepts is a core
skill.

7. Currency (accurate, upo-date knowledge) is the intent of all connectivist
learning activities.

8. Decisionmaking is itself a learning process. Choosing what to learn and
the meaning of incoming information is seen through the lens of a shifting
reality. [...]

Following the concepbf connectivisma considerable amount of new publications
started to emerg the breach between technology enhanced learning and information
systems, in line with the work of DownesAn | ntroduction to Connect.i
(Downes, 2008)Connectivism appeals especially in situations of informal learning and

technolgy enhanced working environments, where learning in constantly changing



situations and requirements cannot be explained any more by traditional learning theories.

Yet the new approach comes with limitations.

Connectivism received a variety of critigues,pe&dally in more traditional
publications, as the concept of connectivism is being weakly rooted in existing literature.
Furthermore, the initial publication is incomplete and still weak regarding the criteria of
learning, as categorized by the classifmatsystem of learning and instructional design
by Schunk(Schunk, 1991)Additionally, Van Plon Verhagen criticizes that the concept
of connectivism has a curriculum level focus, instead of being an instructional level
theory, since it tackles 'what i s alceear ne
(Van Plon Verhagen, 20063s needed for a complegatning theory.

Independent of existing critiques, connectivism offers a new concept of learning and
in thisregard presents how a blend of concepts of existing learning theories is possible.
It is showing in parts similarities to other parts of the itradal theory, e.g. by

acknowledging connected experiences similar to the view of constructivism.

In this vision, parts oflifferent learning theories can be used for an instructional
design with different viewing anglesf a conscious, consistent andistainable
conception is used for thiengterm design of a specific learning environment. A
technology enhanced environment is sure to have to be considered as an influence in the
conception of learning but it could also act as a game changer usinghhelogy
directly for learning and furthermore for testing, implementingeti-designedorocess
as a middle way to the current learning theories. But what is needed for a technology

enhanced and enabled learning environment?

Testing has to be part of a&kleology enhanced process of learning. Reflecting on the
subject of teaching, Bransford, Franks, Vye and Sherwood summarize in a short manner
“"wi sdom can‘Butbet teolgduW'est i on i-@asexperdence f wi
can be transferred by conamication- but if a learner can then make use of it. Even when
explicitly telling a learnetr a poflk o e wl amb@sséssing the repetition of the
delivered information, it doesn‘t prove
ability to appy the information in new situations. Only testing can reveal what is mastered

yet.

In contrast to testing, Perkins argumentd, e ar ner s commonl y Kknc¢

passive sense than they ever muster in r
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foor- the quiz,* the knowledge otherwise di
(Perkins, 1992)It needs a connection between what has to be learned, what is tested and
what is still to be learned based on the testing. Inrdgard repetitionmay not be the
solecreator of knowledge but it enables teergter a feedback loop of learning and testing

to extend what is known and strengthen what is mastered.

Following the ideas of Siemens and Drownes, what is learned is always connected to
internal or external sourseof information and has to be considered in a situational
context and the context of connected information. Siemens concludesregtid T h e
pipe Is more important t. fAlene isndpeoofdoothis e nt
assertion yet but the noection to information is increasingly important and can on the
long-termproof to be more crucial than single information accessed through a connection
in a specific situation. A technology enhanced environment therefore has to be aware of
connected infomation, while the instructional design should be aware of the application
“situation®, reflecting t he situations

technological environment in which the learning occurs.

A new middle way on the use of learningdhies, working in a technology enhanced
environment and implemented as a technology driven process for learning is possible but
has to satisfy specific design criteria. Considering the view of connectivism and taking
into account the previous consideragoon learning, testing and the increasing
importance of connectivity of information, a technology enhanced@amuectivityaware
process for learning should satisfy five design criteria:

Table8: Essential criteria for a technolog enhanced and connectivit(gware process
of learning.

Criteria Description

[What Implement awareness for connected information and render the
connections?]  connections transparent to the learner.

[What Consider and account for the contektte variety of target situations of
situations?] the knowledge to learn.

[What is Assess what the learner knows and what the learner has mastered.
known?]

[What to Implement a feedback mechanism between the assessment of knowle
learn?] and the learning of knowdige.

[How to learn?] The process of learning has to be designed conscious of existing learr
theories, consistent in their selection and composition and sustainable
the conception of the process.

sap
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5.5.  Short Summary: Learning Theory

Table9: Summaryof * Learning Theoly Consideration$ .

Aspect Description

Instructional theory Learning theories express a concept of learning and a theory
instruction. From the range of theories, most applied are
behaviourism fact oriented and btitm-up, and constructivism
generalisingand topdown.

Learning through Connectivism brakes with the classic learning theories and

connections propose a network oriented theory, expressing the connectivi
knowledge to other knowledge as important tiedaccess to
knowledge across knowledge networks as crucial for learning

Newtechnologycentred A technologycentredway of learningcan be based on

way of learning connectivismvaluing Whatkind of connectiondink different
knowledgeelement® Whatis alreadyknown by the learnér
How to select what to learn next?
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6. Network Analysis

Networks— or graphs- arean important and omnipresent approach to structure and
visualize aspects of the daily life, modelling concepts like processes, knowledge o
networks of people and their relationships. Each graph represents a collection of objects,
connected through edges, modelling relationstigtween objects. Different naming
concepts exist for the components of graphs, across different discipiimige following
objects are referred to as nodes and edges are referred to as relations. A graph can have
different topologies, while the main types can be distinguishiedan abstract sense
into directed and undirected graphs. In a directed graph,omdatire directed, allowing
the transition from one node to another om\ypre-defined directios, while a relation
canhave two directions. In contrast, in an undirected graph, relations have no specified
direction. Figure 7 visualizes a simple graph with numbered nodes, where a) shows a

directed and b) shows an undirected version of the same graph.

Figure 7: Simple graph, shown as a) a directed graph and b) an undirected graph.
Graphs are used in anety of disciplines, as mathematics (graph theory), social
science (social networks and social networks analysis), biology-(fetabrks, neural
networks), computer and engineering sciences (informaigsed networks as the
internet or telephone netwk®) for tasks of visualization and to reason based on the
model |l ed cont e niNetamar k “e | aanedsensygnangisihile

the specific use differs acrodsciplines(Barabasi and Pdsfai, 2016)

In the recent years, technologghanced social networks turned into one prominent
applicationfor networks and their analysigxdeed, he first steps within the field goes
back to the 1930s, studyiqoblems of sociometry and group dynamics, investigating
dynamics in, essentially, (ngechnological) social network&cott and Carrington,

2011) Sodal network analysi¢SNA) investigates the relationship between people and
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how information flows withina network — based on context, relationships and

communication patterns.

6.1. Centrality Measures

Net wor ks, or " graphs?® aipknesuosvisudlize, explamar i ety of
and reason on systems behaviour, and can be explained full or in parts by entities and
their relationsN e wma n g a tcdnmeectiens in a soctial network affect how people
learn, form opinions, and gather news, as wellféscting other less obvious phenomena,
such as the spread of diseagflewman, 2010)But to reason on and through networks,
tools and methods are needed to capture the appearance and interaction of a network. As
Newman captures here furtherUnl ess we know something about

newor ks, we cannot hope to understand fully ho

Graphs can have different structures, being undirected or directed and enhanced with
weights and contextual informatiolm contrast to purely structural measures, centrality
measures strafe to attach an importance to the connectivity of nodes, which is
conceptually near to the expression of connection importance in the frame of
connectivismA node could have inbound and outbound connections. For the tialcula
of the centraliy of nodes, the graplexcept for the Katzentrality,can beassumd in a
simplification as undirected. The equations for centrality in the next sections are in line

with the formalization ofNewman, 201Q)

6.1.1. Degree-Centrality

The most straightforward indicator for centrality is the degree centrélggree
centrality captures the number of edges connected to a vertex or node k.

For a node with a neighbourhood af direct connected nodes, the degceatrality

for the complete graph can be captured by an adjacency matrix as:

Q o) 4)

6.1.2. Eigenvector -Centrality

As an extension to the idea of the degrentrality, the eigenvectarentrality also
considerghe centrality of other connected nodes. Integardthe eigenvectecentrality

accounts for the centrgtitbased importance of other nodes. So even for neighbourhoods



with a low number of connected nodes, a connected node will be judged as important if
itself is connected to other important nodes.

Calculating the eigenvectaentrality is an iterative pross, where each iteration
improves the centrality till the graph converges. The Eigenveetatralityx; of all nodes
I s calculated with:

W 0O W (5)

6.1.3. Katz -Centrality

The Katzcentrality extends the eigenvectmntrality in this way that it introduces
parameters to modify the centrality for a given graph. The pararneseales the
centrality, while the parametfrdefines a baseline, so that e.g. for any valug gifeater
than zero, the centrality for a node will be also always greater than zero and add additional
importance to the surrounding nodes. The Kagntrality is defined as:

O | b 1 ©)

6.1.4. Betweenness -Centrality

The Betweennessentrality measures hoaftena given node is part of shortest paths
between nodes and models the flow of information within a network. As pointed out by
(Newman, 201Q)nodes with a high degree of betweennes may indicate a high control of
a single nodén a network over the flow. For a node i on the shortest path between s and

t, while¢ is 1 if the node is on the shortest path, the betweennes is given by:
@ € 7)

6.1.5. Closeness -Centrality

For measur i ng h otoothernodessnettie neawork, thd eloseness
centrality measures for a nod¢he mean across all shortest paths to all other nodes

within the graph, with:

™|

? : Q (8)
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6.2. From Social Networks to Concept Graphs  and

Domain Ontologies

Social network analysis investigates the relationship between people and how
information flows within networks of peoplebased on their contextelationship,and
communication.Taking people into account as bearer of knowledge, theactten

within social networks can be generalized as an interaction of knowledge holders.

Abstracting the concept, each person in the network possesses a different set of
knowledge that could be broken down into a set of relatedisolledge areadn this
regardgraphsare suitable vessels to model the knowledge of people and how these
knowledge areas are related to each other. In other words, graphs can well represent
experts® knowledge that i s doefiigentlgdupprtn knowl ed:
applications of learning, training and active knowledge tran3fee. overlay model,
addressed iection4.3, is an example for a graph of knowledge, modelling knowledge
on a general level, where the knowledge of a virtxglert on a domain is modelled and
on a personal level, where the knowledge of a learner is projected on and described by
the expert®s modelled structure.

Similar to the spatial relationships between individuals, the relation of knowledge can
have a quatly. Specially-to enableassst ai nabl e model |l i ng and manac
knowledge— requirementsconcerning the level of complexity and mstaucture that
definethe possible compositions of the different knowledge elemiatsto be defined
A prominent example from the field of biology are here taxonomies of an{idaldey
and others, 1940jnodelling a hierarchy of animals to express a classification of animals
into different species and sipecies, where the quality or semantic of the relations in
thegrmah i s " speciali zat i ebaséd metAodoogyrteaddrtessmp| ex gr
concepts and their relations with different semantics, expressing individual concepts and

gualities of connections as elements of the graph, are onto(étgbsler et al., 2009)

It is no coincident that Google named its semantical enhanced -lggapld seareh
engine knowledge graph to enhance search queries and the query result visualization,
when introducing it in 2012ZSinghal, 2012) Visually the knowledge graph prepares
additional contextual information to a specigearch result, using texts images and links
to further explore a search result. This information can be used by users and machines to

differentiate, detail and resolvecomparable to the approach(bfoffart et al., 2014)-



ambiguous search terms as Casablanca, which could name different entities as a city, a

film or a restaurant. For each search, the knowledge netwtr& background will locate

the search term within a semantic enhanced concept graph and extracts possible contexts
based on connected concepts and attached features or tags. A similar approach is used for
Mi crosoft*‘s Satori lmhaneeseactlyresultg of thepBing seardhu t i
engine and empower the extended feedback of the Cortana dialog system and other

integrated services.

In the context of a user focused concept graph, personal, learned knowledge can be
consideredn the context of ther knowledge and provide additional insghnsights,
not only on the knowledge which were already mastered but also on knowledge which is
related and how it provides a context to the current state of knowledge. Social networks
analysis can here prowdneasures for graphs of personal knowleglg® how they are
structurally relatedBased on this measures the model of each learner can be extended
with qualities or context€.g. how central a specific concept is or how well it enables

access to new kiwledge areas within the graph.

6.3.  Short Summary: Network Analysis

Table10: Summaryof * Network Analysi§ .

Aspect Description

Network analysis as an  Network analysis methods can analyse "social" networks of

enabler for learning peoplebut also information networks and as such yield the
potential to analyse concept or knowledge networks for learni

Suitability of network Centrality measures transform the structural aspects of netwc

centrality measures into numbers as connectivityhortest paths and clusters. As su

they can act as a blueprint to utilize the structure to reason or
importance of concepts in networks fmsessmeifin line with
the view of connectivism).

Semantic information as Given a semantic modef the domain to learn, the aspects of tl

a source modelled semantic could fa@ additional source of information
Together with the structural information of a knowledge
network, adesignof the importance of concepts for learning me
become possible.
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7.Research Questions and Research Planning

This researctwill build on two main pillars1) the modelling and development of a
concept importance measure &)dhe algorithmic and architecturahplementation of
a knowledge assessment solution applying the comecgtrtance measur&iscovery
and reasoning will be of an explorative nattimoughout the whole researdResearch
guestiongwhich aredetailed in Sectiod.2) andthe planned research methodology are

described in the flowig

1 Research question 1How canthe semantic model of a learning domairbe
utilised toidentify which knowledge areds) is (are) of high importance for
learning in comparison to other knowledge (concepts) within the model of the
domain? (MethodologyModéelling][Experiment])

1 Research question 2How can ameasure, quantifying the importance of
conceptsin a semantic moddde utilized, integrated and implementedin an
online assessment solution? (Methodology: [Build])

7.1. Research Methodology

Within the doctorbschool of business informaticapproaches of the disciplines of
social science and computer science are applicablaranded in different situations in
dependency of the background of a specific research and the need of the application. The
area of he planned thesis is set into theadercontext of labour marketonsidering
aspects athe learning and mastering of knowledge for new job roles or positiotise
learning and the acquisition of new knowledge in informal settings of learning.

Yet the methodologies which will be used to address the problem are technology
driven—as the field of user modellirand adaptive systemsand insightsderived from
the use of domain knowledge, are represented semantically and structural as a domain
ontology In this regarda computer science related exploratory approach to the research
methodology is more suitable to address the expected findings and to integdeaved

insights into he existing stream of research.

Following Amaralet al.(Amaral et al., 2011 )esearch methodologies in the field of

computer science can be dividetbifive methodologies:

1 Formal —proving facts about algorithms and systems.



1 Experimental-evaluating new solutions for problems.
1 Build —building a physical or software artefact.

1 Process— understanding processes in computer sciences which are used to

acomplish specific tasks.
1 Model-defining an abstract model for a real system or application.

Based on this overview the next sections will shed a more detailed light on the

collected methodologies, based on the summary of Areaedl(Amaral et al., 2011)
7.1.1. Formal Methodology

A formal methodology is used to prove facts about algorithmassystems, while
focusing on: a formal specification of a software component to enable an automatic
verification of an implementation of the component; on the time or space complexity of
a specific algorithm or the quality or correctness of a solutionerg¢ed by the same

algorithm.

A formal methodology is a foremost used in theoretical computer science. It is formal
and mathematical and is concerned with the fundamental limitations of modelling and
abstraction. Furthermara formal methodology can hesed to derivestatements about

the computability and complexity of algorithms.
7.1.2. Experimental Methodology

Experimental methodologies tend to be split into two phasesexploratory phase
in which measures are identified which help to identify the relegaestions of a

research and a second evaluation phase which attempts to answer the identified questions.

In exploratory phase withithe frame of experimentatiotheresearcher has to answer
the questionswhat question is the experiment meant to answkat variables affect the
result and what is outside of the control of the researcher, what measures will be taken
into account for the variance of the used variables and what results are statistically
significant.The reporting phase after the conductad the experiment summarizes what
has been learned from the experiment, together with a careful selection of different
representations of the results to underscore the specific points which were tackled. The

elaboration of the results is followed by adission to provide deeper insights into the

coll ected and analysed data or expl ain
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7.1.3. Build Methodology

This methodology is fundamentally about the building of a software system
documenting the planning, the composition, and thé firacess of building. Aspects to

consider in the process of building are:

1 Software Design— how to split the solution into components for

implementation and testing, how to handle the design complexity.

1 Component Reuseare and what components are aafaié and what are the

implications of their use.

1 Programming Language carefully consider the profit of knowing higher
level concepts of one language against the suitability of a different language
to learn, which may be more adequate to build the spesgifitem in terms of

runtime speedexpressivenesand reliability.

1 Software Testing- testing modules throughout the development time and

consider an automated approach to testing.

The final “buil t* shoul d be cocabepaored agai ns
additional claims as speed, space requirements, and other measurable factors should be

backed bysuitablemeasures and statistics.
7.1.4. Process Methodology

A process methodology is human focused in terms of tackling how humans construct

and how theynteract with software systems.

Focusing on software systems, the methodology investigates how systems are
designed and built initially and evolutionary. Research in this line of work may identify
design and implementation patterns and stratetfiersils and the codification of best

practices.

Interfaces, theiconstructionand the human interaction is investigated in the field of
Human Computer Interaction (HCI) and involves beside the design further considerations

about the consciousness of usersjgiebest practices and interaction patterns.

In the context of cognitive modelling, human cognitive processes are hypothesised
and mirrored into a practical solution which is either mirroring the processes or

implemented to support specific cognitive pFsses. In altasesempirical data will be



collected and analysed to evaluate theorized tramdisto investigate if the specific
solution can be abstracted and generalized to other solutions.

7.1.5. Model Methodology

Amaral et al. (Amaral et al., 2011)defines modelling as [ . . . ] the pu
abstraction of a real or a planned system whb bbjective of reducing it to a limited,
but representative, set of components and interactions that allow the qualitative and
guantitative descr.iApmodethny apprbachiigd driverpbydhee r t |
application for which it is planned and thegdeted research for which the modelling is

conducted and therefore can lead to multiple correct results.

In a scientificcontext,a model is built to capture and account for important aspects of
a target system at the cost of less important aspects. dloectde which aspects are
important and which are not is part of the modelling strategy. Modelling is considered as

an evolving process which is focussed on a selectedisuaipline of research.
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8. A Concept Importance Measure for Domain
Knowledge in the Context of Learning

In the context of the planned research work the task of designing a concept importance
measures for semantically enhanced structured knowledge conforms to a modelling
approach. It abstracts the existing conceptualisation of a knosvlstigcture to a
representative measure and in this regards models the concept of relevance for the specific
application of learning. To verify the presented model the methodology of experiment is
suitable. In this regards the used methodology will be larithyof modelling and
experimenting, with a stronger focus on the model and the question of how to utilize and
reflect it in a practical computer science motivated solutidme utilization of the
intended measure is, following the definition of the regeanethodology, fitting to the
“buil d* met hodol ogy. apalteh gfeater sottware flaméwerne nt ¢
In favour of the complexity of testing and the learning and assessment focus of this work,
the evaluation of the implementatiovill be an integrategart of theevaluated field

studies.

The goal of this thesis is twofold, as tackled in the detailed research questions in
Sectionl.2 First, to create a measure which reflects the importance of knowledge areas
— or concepts- in a semantic model of a learning domain and second, to implement a
solution which uses theoncept importanceneasure for online assessment with the

eventual goal of learningasknowingtheknowledge gaps, means knowing what to learn.

For these goals, the literature background work of training and education in the
organisational context in Sectighprovides a narrative, addressing that training and
finally learning has a context and a motivation, which willr&ected in the solutions
which are supporting the process as e.g. a semantic model of the domain to learn, or an
assessment solution, using the model to provide further learning support. The literature
background of adaptive testing in Sect®)yrextendghese ideaby going deeper into the
potentials of adaptive assessment, which will support the latter utilization of a concept
importance measure. Sectibnthen considers the common learning tie=sy which can
frame and base the idea of a concept importance measure but also inform about the

important aspects for the specific destgespecially the theory of connectivism.
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To finally addressand desigrthe importance of concepts ansemantic modef a
learning domain, the introduced centrality measuneSection6 — in line with the
perspective of the learning theory of connectivisoanbea rational starting poin&or
persons holding specific knowledge in a natwof persons- in contrast to a direct
semantic domain model of the knowledge within a domailloksimové notesabout
centrality measuresthtJ ok si movi (.2pt al ., 2016)
‘"Despite the prevailing, and |l argely wunchall enc
higher social centrality leads to a higher academic performance, research findings

are inconclusive about which centtglmeasure (or combination of measures) is
the most significant pr.edictor of academic achi

Il n this regar d asolstionofghetwoek analysis may yietddimiteds r e “
results for isolating educational potentials based @omain ontolgy (semantic domain
model) Even though Joksimovic¢‘s statement addre
connections and their impact on academic performance, rather than making a statement
about the topology of eontextualizednapof knowledge it gives a first indication that
to reason ora domain ontologynay need a more complex approaghjch integrates

mixture of measureand inputs

Using and blendinglifferent information about a domain model and being aware of
the context in which parts of a network are releyvanaty provide a bettebasement for a
concept importance measure than using centrality measures. A view which is backed by
the further survey of Joksimdyi gathering, concerning to the connection between
centrality and academic performance, thas ever al recent studies h
somewhat contradictory results, indicating that the predictive power of social centrality
measures highly depends ontheeortt t hat fr ames“—andindhessnt s’ i nt e
regard, looking closer on the context of concepts in a domain ontology model for learning
and thesemantic of the model itselfanprovide the right inputs for a concept importance

measure.

Reflecting m the final implementation sidein the perspective of user modelliagd
adaptive systesof Sectiond, a domain model cabe used to extend ersimilar to an
overlaymodel-replace the user model and add additional contkien a user model
is utilized to adapt the learning experience to the progress of the leasier an online
assessment and learning solutiansystemmoves through several phases to derive an

adaption: extracting information, filtering, aggregatiselecting fitting featuresnd



conceptsand, finally, deriving a decision on how to adapd make a flexible use of
different sources of information fdhe adaptation process this work an approach is

needed to address the information which canatkeged based on the domain model.

The literature analysis sheds light on a comprehensive fundament of topics in the
context of user modelling and adaption, learning and network theories, which can support
the creation of a concept importance measure onearetical basand inform the
implementation side of assessment and learmivigt the analysis has also shown that no
currentsingletheory provides awelll e v e | o ghe-sl h edtaftiffg point to rate the
importance of concepts for learning. WHites underlines the value of this work in terms

o f closing the gap"“, it al so coTableli but e
gathers the lessons learned from the literature samy highlights their use, relevance

and impact for defining and finally utilizing a concept importance measuliee with

the summarie®f the findings of the literature sections, gatheredable 3, Table 5,

Table6, Table9 andTablel0.

Table11: Combining the background and lessons learned of the literature study to a
foundation for the concept importance measure.

Focus Description

Creating a Training and Continuous training need— Training in noA
concept Education in the formal education and higher education requires
importance Organisational foremost a selfnotivated flexible learning
measure Context behaviourWhich can be supptad by a concept

importance measure for learning.

Concepts of AdaptiveNeed for adaptive testing- To enable efficient,

Testing personalized | earning,
hawe to be identified individually and can be
explained further by a measure.

User Modelling Need for a semantic domain modet A domain
ontology model ¢emantic netwopkenables to
express more complex domains and derive a bel
learning feedback.

Learning Theory Learning through connections— Connectivism

Considerations propcse a network oriented theory, expressing th
connectivity of knowledge to other knowledge as
important and the access to knowledge across
knowledge networks as crucial for learning

Network Analysis Semantic information asa source— Given a
semantic moel of the domain to learn, the aspect
of the modelled semantic could ae additional
source of informatior together with the structural

6 A user modelling and agéve testing focused literature overview and stateraetitle addressing
STUDIO, is published iifWeber et i, 2016)
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information.
Integrating a Training and Need forflexible, adaptive solutions- To enable
concept Education in the an assessment and learning across different
importance Organisational individual and organizational needs, flexible and
measure Context adaptive systems for technology enhanced learn
are needed.
Concepts of AdaptiveShort assessment and learng cycles-To close
Testing the distance between tutoring and the learning

performance of a student or worker, short cycles
repeated assessment and learning are important

User Modelling Adapti ng -tKoowledgdcart bt
presented as a feature of therusreas a model of
the domain to master.

Learning Theory New technology centred way of learning- A

Considerations technology centred way of learning can be basec
on connectivism, valuing: What kind of
connections link different knowledge elements?
Whatis already known by the learner? How to
select what to learn next?

Network Analysis Suitability of network centrality measures—
Centrality measures transform the structural
aspects of networks into numbers. As such they
act as a blueprint to utilizbe structure to reason
on the importance of concepts for assessment.

In the first phase of thibllowing researcha concept importance meastnas to be
designedor semantically enhancehdstructured knowledger his taskconforms tahe
modelling approach. It abstracts the existing conceptualisation of a knowledge structure
to a representative measure and in this regard, models the concept of relevance or
“importance® for the specific application of
methodalogy of experiment is suitable. In this regard the used methodology will be a
hybrid of modelling and experimenting, with a stronger focus on the model and the

guestion of how to utilize and reflect it in a practical computer science motivated solution.

To accommodate the model and enable the experiment, a software prototype and a
data extraction framework is needed. Both will be implementedvéhdonform in an
applied perspectiveith the build methodology but parts of the build methodology will
be omtted to keep the focus on tmeodelling taskand its relevance to technology
enhanced educatipas well as conductingkperiments, empowered by the built solution.
The stage®f bothresearcing andimplemening the Concept Importance measure are
gatheredn the following sections.



8.1. Application System Description and

Exploration

The realizatiorof thisresearch wilbe embedded intatechnology enhanced learning
system which also will supporthe experimentsiccompanying the suthapters The
experimerg will be conducted in a blended learniegvironmentwhich supports the
seminarwork and studiesof bachelorstudents The resultsand continuoussystem
feedbackwill support the development tie newapproachor measuing the importance
of concepts

For the developmemtnd implemerdtion ofthe concept importance measuhe well
elaborated STUDIO system for adaptive assessment and lesrs@igcteqVas, 2016)
STUDIO integrates asound,comprehensivesemantially enrichedknowledge structure
which fits to the requirementsf the first parts of the literature studsummarized in
Table 3, Table5 andTable7. The system modethe domain related knowledge as a
ontology, offering the needed structure and semsatdiconduct the research will act
as a tesbed and a source of domain knowled&erthermore, the system provides
feedbak in the form ofreporing, visually exploring theassessment resulthe general
progressandfitting learning materialThe plannedalgorithmic extensionimplementing
a concepimportance aware assessmevill be integrated intehe STUDIOsystem The

system will furthetostthelatterexperiments and data collection.

To evaluateavailabledata sources and potential factors for the concept importance
measure, thesystem functions and data collection potentiald be explored The
following sectionswill picture theidea of the STUDIO solutigithe existing implemented
assessmerand the usedlgorithms thedataorganisationand the scientificelevance of

the system.

8.1.1. STUDIO — an Ontology -based System for
Assessment and Learning in the Context of Blended
Learning

The basic concept &TUDIO is to model the focused education as an interrelated
knowledge structure, which divides the education inteaelas and knowledge items to

know. The managed structure formalizes the relation between knowleelge @ a

learning context and models the requirements to master specific parts of the education.
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This structure is used to create and support knowledge tests for students. Through this
combination of assessment and knowledge structure, the studenthgaiineedom to
explore not only single knowledge items but the education in the context of related
knowledge areas, while the embedded requirements are used to mamdaked

knowledge against the expected educational outcome.

The assessmesistem is degned to be accompanied by phases of learning within
the system, where the student gets access to learning material, based on and supported by
the test feedback. This combined approach offers a uniguassel§sment to the students,
where the backing kndedge context is used to adapt the assessment in dependency of

the test performance of the student.

A major strength of STUDIO is the domain ontology and the domain tailoring.
Learners can use STUDIO to examine their knowledge in a process-atsefisnme
and seHlearning. As pictured ifrigure 8, to setup the learning environment, the tutor
initiates the assessment domain by selecting those knowledge elements from the domain
ontology which express the current domain of leagriest. These selected elements are
then — in an automated process complemented by knowledge elements from the
ontology. This process works based on the ontology structure and completes the desired
subdomain. The finished sutbomain is then used forsesssment and learning within the

system.

Role: Tutor
Task: Test Design

Role: Sudent
Task: Self-Assessment

@—’@ ! ‘ —
Knowledge-arealmport selection  Enrich the ¥ qif-assossment ‘

lecti f tol - )
Sei on o 02 oo krslt?—\lljv(l;fggee Ready Self- Test feedback Reflection and
assessment T learning
| | test 4
Domain Ontology

Figure 8: The tailoring, assessient,and reflection cycle o5TUDIO.

STUDIO is divided into three main componentsthe Domain Ontology, the
Knowledge Repository, and the Knowledge RetldEngine. The Knowledge Retrieval
Engine interprets the Domain Ontology, in terms of structure and semantic and adapts the



adaptive selassessment test with questions from the Knowledge Repository to the user
and the Domain Ontology. Based on the outeswf the selthssessment, the Knowledge
Engine tailors learning material from the Knowledge Repository to the learning need of
the user. The learning need is set into a context by the structure of the domain knowledge
within the Domain Ontology. An ovemw of the architecture is given kigure9, while

the components are described itadlen the following sections.

Provides Sructure 7 - £# Provides Qontext

[N\
InterpretsOntology  Enriches Ontol

- -
/ Knowledg> Tailors Content \

| Retrievl g %&wiﬂ

\ ) .
nge Qpplies Content \\Repository

Figure 9: The Three Core Components of STUDIO and their Interaction.

Before any regular examination students may3iB8DIO to assess their knowledge
on their own. 't i s the tut cassessmentaestpnon s i
STUDIO system by selecting knowledge areas andksudwledge areas which are
relevan for the target education from the domain ontology. Then the frame will be
automatically completed with elements from the ontology which detail the selected
knowledge areas andith elements whichare modelledas required foithe already

selected elements

As the system stores assessment questions for each knowledge earo@ni©) will
— based on the selectiGhautomatically prepare an assessment tgstundedon the
defined selection and the domain ontology. The resulting knowdessgesafterwards
accessible as a sedissessment test for the student, who explores the backed knowledge
structure, which pictures the expected learning outcome, in cycles of testing, reflection
and learning. The process of test definition and assessment is shielgares.

The knowledge within a domain can be represented in different technical and
conceptual ways. Solutions can be differentiated into user model foeusedelling

knowledge in the context of the user/learr@andinto domain model focusedfocusing
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on abstracting a world model to see knowledge as an extract of the real world. STUDIO
makes use of the later concept and models the education as an interrelated knowledge

structure, the domain ontology.

8.1.2. The STUDIO Ass essment and Learning Cycle

STUDIO follows a straightforward, yet powerfayclic approachfor learning as

shown inFigurel0:

1) AssessmentBased on the domain ontology the learner receives questions for
the domain in an adaptiveelsassessment test. While the learner receives
guestions, his or her answers determine: what question from which knowledge
area to receive next, and how long the assessment will last. In this adaptive
process the system follows the network structure ektiowledge elements
within the domain ontology and explores, based on the user interaction and the

assessmergerformance, the network of domain knowledge.

2) Reflection: If the user fails considerably often, the assessment will stop and
the learner will se a visualization of the domain in an interactive learning
interface. Within the interface the domain visualization will coloode the
achieved assessment result with the main colours of 1) green, for correctly
answered and accepted knowledge elementsd?)for incorrectly answered
elements, and 3) grey, for elements which are not explored y¢t) Aclour
is orange and highlights el ements which v

had "'enough® dependent knowledge el ement s

3) Learning: Based on the assessment results, the learner receives access to
learning material for each assessed knowledge element. The learning material
elaborates the background knowledge, needed to master each knowledge
element and its questions. The access istgdafor all knowledge elements
which were part of the assessment. This way the learning is tailored to the

learner, based on the assessment and the domain ontology.
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Figure 10: The STUDIO Adaption and Knowledge Discoverycle.

This process is designed to be accessed repeatedly by the learner to 1) frame the
his/her knowledge, 2) then offer the right selection of learning material, and 3)
continuously explore and unl ock more mat €
knowledge el ement s. Through this <c¢cycle and
interaction® the system offers an adapt.i
current understanding of the learner. The result is an adaptive assessment which

"di scoverasr“netries knowl edge.
8.1.3. The Domain Ontology

TheSTUDIO system is based omaducational ontologygresented anexplained in
detail by Vas in(Vas, 2007) Domain ontology is a frequently used term in the field of
semantic technologies and underlines the storage and conceptualization of domain
knowledge Domain ontologies are applied arangeof differentprojects and solutions
(Dahab et al., 2008; Missikoff et al., 2002; Wu and Hsu, 280&¢ould address a variety
of domains with different characteristics in their creation, structure and granularity,
depending on the aim and the modelling per($&awvrilova and Leshcheva, 2015)
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A specialization in terms of thdomainis the educational domain ontology which is
a domain ontology adapted to the area and concepts of edutiatimuid target to model
different framesof the education as the curriculum arore granulamlaspects relevant
especiallyfor the task of leaning and course creatigNodenot et al., 2004; Psyché et al.,
2005; Sosnovsky and Gavrilova, 2006) it describe the design, use and retrieval of
learning materials till creating cours@ouzeghoub et al., 2003 s well as directly the

learner within the educatio(Chen and Mizoguchi, 2004 a variant of a user model

Within the area of educational ontologies, domain ontologies tend to model specific
details of the education, in an attempt to modek#iectedield as completas possible.
This enables a comprehensive view on the field beantcomeat the cost of generality,
with therisk to be inflexible to handle changes. Other concepts model the education
across different ontologies, matching concepts like the learreeredbcation and the
course description, introducing a broad horizon but with additional overhead to combine

modelled insights and reason on new instances.

The appeal of th8 TUDIO educational ontology is theumberand focus of the main
classes and theielationships between each other. The knowledge to learn is the main
connecting concept in the core of education. It enables a great flexibility to be resourceful
for different education related questions. An example is here the business process
managementapplication of PROKEX, which maps process requirements against
knowledgeareas to create assessment test which refiectequirements of attached
processefNeusch and Gébor, 2014)

An important factor in learning is the distance betweeptbgresexpectation of the
tutor and thereal learning performance of the student. Here a short cycle of repeated
assessmemand learning is a major factor for a better personal learning perforipasee
on feedbackRoediger, 2008)This aspect dectly benefits from the focum knowledge
areas as the main éxange concept between students and tukarthermorethe close
connections between learners and educators via direct tutoring is one major enabler for
computer aided systeniBletcher, 2003)andeach step towards a more direct interaction
throughafocusedsupportis an additionaimprovement

The class structuref the STUDIO domain ontologfuses the idea of interrelated
knowledge with a model of the &ia types of educational concepts involved in
situations of individual learningrigurellvisualizes the class conceptg#ferent types



of knowledge elementand differentrelation types,which areused to model the
depenéncies between different knowledgiements in the processlearning.
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Figure 11: Model of the Educational OntologyWeber and Vas, 2015)

The * Knowledge Area is the supeclass and coreoncept of the ontology. The
ontology defines two qualities of nmarelations between knowledge areas: Knowledge
areas could besubknowledge area o f ot her knowl edg-e wi t
knowl edge aroelea requieemenfor ather knowledge areawith the
"requires_knowl edge of “ relate muitiglenconnestedk n o w
knowledge areas, as requirenseot subarea. The "requires_knowl
defines that a node is required to complete the knowledge of a parent knowledge area.
This strict concept models a requirement dependency betfields of knowledge in
education whi | e tkhneo wlheadsg es vabr ea“ r el BEné eaien mo d
“requi res _ knowliedd theepotential to assessagerquisites of learning,
analogie to the basic idea of perquisites within kneddje spaces, developed by

FalmagngFalmagne et al., 1990)

Education is a structured process wlgeh splithe knowledge to learn into deffent

subaspects of learning. Knowledge areas in the ontologyeatended by another
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specializegubrlayer of knowledgelement typem order tomoreeffectively supporthe
modelling of educatio@nd testing requirementSigure 11 visualizes the suklements
and their relations. By splitting knowledge into sudnceptsfor the modelling and
assessmentthe coherence and correlation of seBessment questions could be

expressed more efficient{with the potential of a moreethiledlearningfeedback

The knowl edge el e mexprasssin g oedensed and Strhuctuced e m*

way the fundamental insights within knowledge areas. Tdwynectand explain the

* Bsic conceptsof themodelledknowledge and set them in relatito the environment

of learning with  Eample$. Multipletheoremganb e ' p a Knbwledde areaaEach

theorem may define multiple Basic Concepts as
how theelementsof the knowledge area are related. Examplasance this parts as a

strong anchor fopracticalselfassessment questions ahdy' r ef er _t o* t heor ems
basic concepts as a "part_of*“ one or more kno

8.1.4. The Knowledge Repository

In the frame ofKnowledgeBased Systems (KBS) the system ahitecture is
composed ofan inference engine, implementing a core set of inference rules for the scope
of reasoning; a knowledge base, storing rules and facts; and a user interface. In the scope
of webbased and wetechnology driven systems, e.g. in ptiée hypermedia systems
(AHS), the knowledge base is seen asaae simplifiedknowledge repositorfleondes,

2010) storing only facts and descriptive content.

The twooverall goals of the $UDIO system ard) to give a framework with what
the domain ontology can be built, aPdto implement a dynamgelfassessmenbased
on thedomainstructure. The repository contains questiand learning materials which
are associated with knowledgdements of the ontologyDifferent types and
implementations of questions and learning material are possiége may be one or

more questions associated with every ontology class instance.

In STUDIO, multiple choice questions (MCQ) are used, with fpassible answers,
whereof always only one is corre&urthermore, te knowledge repositorstores the
learning materials in the form ofixedmediaWiki pages(hypertext or hypermedia).
Eachlearning material comprises all the factual knowledgeded tpass thessociated
knowledgeelementwithin the ontology These hypermedia objects are providing support

for not just textual content bwtlso for multimedia content. Through ehintegrated



learning material and the dynanself-assessment, STUDIO provila uniquefacility
for selfimprovementnd learning tahe users.

8.1.5. The Knowledge Retrieval Engine

One part of thdlexibility of STUDIO rests on the use b€oncept Grougs. Concep
groups are tailored setfsat contain only a certaiselectegart of the ontology. Concept
Groups enabléo adaptin adynamicthe domaincontextof learning byincluding only
those elements of the ontologyhich best fit tothe learning needs. The knowledge
retrieval engine can be considered as a specialized inference aingiheimplements
testing algorithmsnd evaluation strategieesting algorithms usthe tailored concept
groupsand the semantic of the ontolotry determinein which orderthe knowledge

elements should hessesseftom the user.
8.1.6. The Drill -down Test - and Evaluation Algorithm

Thecreation ofeachnew selfassessment telseginswith the interaction of the tutor
with the systemThe rational of this initial stage is to base the test on the expertise of a
realworld expert in terms of selection and baseda tutor driven estimation of a fitting
granularity between the knowledge area levels for the learner. Within the STUDIO frame
this expert driven selection is completed by a process driven extraction of knowledge

areas, relevant for the organisationalqasses.

To create aegularself-assessmerest through STUDIQthe tutor has to select the
relevant knowledge areas and connect them to concept groups which tagstheaing
a tree of groupsdVithin the system this happens based on the suppibre pfocess model.
The resulting tree pictures thansubontology of the main domain ontology. For each
concept group the system will impartlatedknowledge elementfom the domain
ontology andcomplete the test fram&his extraction step completestframe withall
knowledge areas and relations from the domain ontology whiateaessaryo connect

thealready selectekinowledge agas, based aihe concept groups.

The output of thextraction isacached directed grapbpresentation of the modedle
assessment domaiBy definition, the top element of thimpmostconcept groupvill be
set as thestartelementand root of the tree shaped grapime startelementor start

conceptacts as fix-point from which thetop-downassessment algorithm willsst and
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to which the bottorup algorithm will explore the graph to. As such the stéement is
the centrerom where the imported knowledge structure is interpreted for testing.

In the next stage the selected assessment algorithm will start and neaghthbine
knowledge structure, based on the internal navigation rules while online administering
the questions connected to each knowledge area the algorithm sEteeteplore the
knowledge structure for both internal test algorithms, the system makefsamsecentral
assumption, depicted ifablel12:

Table12 Necessary assumption for traversing the knowledge structure for
assessment.

Assumption Description

Ordering All knowledge areasclateto paft and requires_Kk
Resulting, every path, starting with a stelement, will develop on average
from general concepts to detailed concepts. As an implication, any
methodology to select concept groups for the test definition hasdedigned
in a way that it selects and ordéniowing concept groups accordingly also
lead from general at the top to more detailed groups at the bottom of the
structure

Each createdssessmerteststructuredefines a sulmntology of thesourcedomain
ontology This extracted blueprint of the testirs with the stadelement of the highest
defined concept group. To loaahd completehe knowledge structure for the self
assessment, the system folbim a cycle the followingtepsto load the sticture, based
on the test definition described in the previous section

1. Load: Knowledgeelements are connected through relatideasch relation
type between two knowledgelementshas oneuniquedirection fixing the
extracted tree as a directed graphe systemwill load all relationsbetween
two knowledgeelements which start withthe startelement and ersdon
anotherknowledgeelementThis creates two-levelstructure where the start
node is a parerglement and all related, loaded elementsstoel aschild-

elements.

2. Select:Thealgorithm then successively selects ectuld-elemenbf the start

elementanddefinesit as a starelementn its own process.

3. Stop: When nomore knowledgeelements for a paremiement could be
loaded, tle subprocessstops.



4. Repeat:The system therepeasthefirst steps till allknowledgeelements are
loaded into the created trs&ructure.When all subprocesses have stopped,

the knowledge structurteas finished loading

The overall process flowf the extractions shown inFigure12.
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Test Er?gine Context extend_ed paths fI'.Om
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Figure 12 Overall process flow of the concept extraction from domain ontology,
based on concept groups.

To ensure a working tedown assessment, the system has to fulfil the assompti
that missing knowledge on an early stage of the knowledge structure hierarchy disables
the learner to answer questions for knowledge areas on more detailed levels. This
assumption is summarized ifable 13 and follows the take process view on the
assessment that the knowledge abouhitjelevel processes, which correspond to higher
levels in the knowledge structure based on the process extraction, is needed to perform
acceptable on job roles and tasks, modelled deeper kmtivdedge structure.

Table13: Necessary assumption for traversing the knowledge structure in adown
setup for assessment.

Assumption Description

Top-down If a testtaker fails on more general concepts fystem will assume that
knowledge he or she will also fail on more detailed concepts. Further, when a
dependency sufficient number of detailing concepts failed, the parent knowledge w

not be necessarily covered and will be derived as failed, too.
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Based on the first assytion, defined in the previous section, the deeper a
knowledgeelement is within the tree, the more detailed is the concept of the element,
creating a hierarchy going from general concepts to specialized concepts while moving
down the tree structure. Quoitthe directed ondirectional nature of the defined relations,
this loadingprocess provides a directed tree of the knowledge structure to the test

algorithm. An example visualization of tree is showiigure13.
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Figure 13 Excerpt from the subontology visualization, showing the desired tree
structure.

Adapting to the tree shaped knowledge structure, thelddm assessment triggers
the following steps to assess the represented knowledge, basedjaegtions connected

to each knowledgelement:

1. Beginning with the sta¢lement, the test algorithm activates the child

knowledgeareas of the start element.

2. The topdown algorithm then selects the first chkkdowledge area and extracts a
random questin out of the question storage connected to the knowdeldgeent

and assesses the answer from the learner through the testing interface.

3. When the learner fails the assessed question, the algorithm marks the element as

failed, else it is marked as passed.

4. The system then selects the next-faifed knowledge area, accessible directly or
through passed nodes from the s&ement, promotes it as a parent node and

gueries a random question from it to repeat the process afterwards.

Following the test algotim in a cycle, the system dives tdpwn the knowledge

structure and continuously triggers more

and on the designed and extracted model of the relevant education. In this regards the

STUDIO system adapts the tem the fly to the performance of the learner, captured

ques



through the feedback on the test questions. This triggers to follow or not follow more
knowledge elements on the same branch of the knowledge tree. As this assessment is
working on the structure, aited based on the extracted organisational processes, the
system adapts the testing of the domain knowledge to the assessed knowledge of the

learner, providing as such an adaptive solution for theassssment.

This process of mapping the learners gernfance to the conceptualisation of the
domain ontology, resembles the concept of overlay based student mofetiggafiadi
and Virvou, 2013)While the learner continues to use sadf-assessmertihirough phases
of testing and learning, to evaluate the personal knowledge, he or she will dive down
further into the knowledge structure and continuously explore more and more detailed

areas of the tget education.

As the approach is sufficient to assess the alignment of learners to the defined
organisational processes, this approach is limited in regards to the speed of exploration
of single knowledge elements. The algorithm for assessment stapsgifgla branch of
the knowledge structure as soon as the learner fails on a knovelesigent. Especially
failing on top level elements near to the original stéetment, results in the early
exclusion of a complete stdyeas of the overall knowledge daman the testing process.

This can lead to iterations where after a short series of failed answers the assessment will
stop on the first level of knowledgdements, giving no specific feedback on learning

and missing the opportunity to assess single ialsited knowledge, which may draw a
picture of the current capabilities of a learner.

This correlates with the desired behaviour fields of testing as computerized adaptive
testing (CAT)(Linacre, 2000; Welch and Frick, 1998t it neglects the possibility that
learners could yield knowledge of more detailed concepts, while not having fully
mastered generabocepts or yet miss the assets to understand the questions of higher

level concepts.

8.2.  Preparing Data Collection: Integration of an

Event -tracking Framework

To enable a l&r integration of the concept importance measure and to track and
enable the planneskperiments within the STUDIO system, a stocktaking and survey of

thealreadytracked andhepotentially trackable assessment and domain ontology related
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variables within STUDIO is needefihe STUDIO system integrates a statistical module
and collects thechoices and resultsollected and presented lilye assessment and
learning moduleHowever a solution to capture more granular eventamponent
spanning or componeirntdependent events is yet missing. To improve the understanding
of the assessment alerningprocess ir6TUDIO, a newdatacollectionframework has

to bebuilt andintegratedTo realize a componeiridependent tracking of new variahles

the system extension will be designed in a way that variables are collected as events,
storing— besde the variable itsel information about the time and the location of the

collection.

The new framework will enable a deeper understanding of the causalities of the
system use and the utilized models through a rfleséble and more granular data
colledion in the later experiment phases. One challenge is to intedgeatew event
tracking solution ito the existing system. #econd challenge will be to design the storage
and collection in a way that it is reusable in terms of the purpose and unansbiguou
terms of the data labelling across multiple data sources. An overview ekigteng
assessment conceptthe system and an outlook on the data collected through the new
framework is given ifWeber and Vas, 2015furthermorethis extensiorof the system
enables the deteoh and trackng of student behavioun the STUDIO systeniWeber et
al., 2015)

8.2.1. The STUDIO System Architecture

Figurel4gives an overview of tharchitecture and thgrocess o§TUDIO. To model
the respective areas of education for assessmaemxpert in theale of a tutor selecta
set ofconcepts of the overall domain, describing best the target edueaéarihis
selectionof conceptsnamed concept groufy describes a test model, which is used to
extract the concepfrom the domain ontology. Theystemprovides for each knowledge
area:knowledgeelements andelations to other knowledge arefiem the * Domain
Ontology and from the ‘Question and Learning Material Repositorfor each
knowledgeelementa pool of questions and learning material. TimMevides thenthe
knowledge source for further assessment and learningreprésentsa knowledge
structure of the selected test moded,acontent enriched subtntology of the depicted

educational area.
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Figure 14: Architecture andprocess of adaptive setfissessment iSTUDIO.

Thisfinal sub-ontology is engineered by the concept extraciioplementing the test
model based on the previous extractidgsing theresulting knowledge structure, the
adaptive test engine will then sténe selfassessment from the question pools attached
to the singleknowledgeelemens. Each extracted question gets visualized on the
assessment interface with dichotomous answers from which the student selects the single
correct choice to continue thesteThe adaptive test engine will continuously trigger new
questions, collectingesponsesand exploring the backed knowledge structtoiowing
the correlateknowledgeelemens. When the test finishethe Feedback and.earning
Interfaceis triggered which visualizesthe gathered results and correlations gives
access to the related learning materiadgether this provides aavaluation of the

personal perceptioasa natural sefassessment experience.

8.2.2. An Event -based Perspective on Adaptive

Testing

Adaptive testingenables to adapt to the level of knowledge of a test taker in a specific
area. It deploys a strategy of testitgselect test questions in relation to the performance
of the testtaker.Within an adaptive testhe interaction withhe system can be considered
as a sequence of events. Eagswers to issued questions are acting as events to the
guestion selection algorithm, while the algorithm derives new questions to assess, based
on the feedback and the information about the sfateedest. In this regards the general
frame of CEP fits to the process of adaptive testing but introduces additional concepts to

connect as well contexts and multiple lines of a knowledge areas as events with states for
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a new concept of adaptive testifidne focus of this part is not to implement a complex
event processing solution but to collect considerations on event processing and shed light
on more implications of the planned STUDIO system integration of the later concept

importance based system end®n.

Complex event processing (CEP), is an approach to software systems, which is based
on the idea of events, incorporating logics to filter, transform, and detect patterns in events
as they occu(Etzion and Niblett, 2010)it is a monitoring approach, triggeringesis
over time, while observing the system states to derive insights through reasoning. Storing
information on the test and activating and completing contexts awnquteled events
enables to reason on the flow of a test, resembling the monitoring ofiaguachnical
system. In the vision of CEP, the approach of adaptive testingoe considered as

systematic, event enhanceaplorationof knowledge paths and areas.

The term of complex even processing goes bac
gathering and defining the concept and methodology as a new stélngeikdam, 2002)
while the notion of event processing is used for a much longer time, throughout
production near efronments where time critical decisions are needed. Fitting, Etzion
and Niblett define event processing i n a genece
perfor ms o p er a(Eizionnasmd Nibtett, 20103 Exterslihg, Luckham
descri bes t he c oenphhteould enly bapgen ifalats of other evenis
h a p p e(huekhdadm, 2002) highlighting the dependency of events as one type of
complexity.

In the context ofan adaptive testall test takers are operating in their own local
environment, which is rich ordditional information. The timé& answer, the behavior
in front of the test or the progress on the test are available, yet unused. Set into a context,
they are suitable to be iddd into events, as an input for further events and reasoning.
Envisioning this set of events as input to th
to the testing instance in the fashion of a stream of events, it becomes reasonable to use

the CEP asa metapor to considenew solutioms.

Figurel5showsa CERbased vision on the STUDIO system, interpreting the system
operation as atream of events. The test engine operates the test and sends new questions
as personalized ents to the user environments, which assess the questiomstants

feedbackabout thegiven answer into the stream of events. In this frame the user acts as



an implicit event consumer and producer. Together with the answer, additional potential
information canbe gathered at the test client didebeintegrated into the event stream.
With the methodologies proposediWeber and Vas, 2014nd(Weber et al., 2015kee

also AppendixL2.3), the potential arises to reason on the cultural context of a person or
handlespecial qualitieof questions which correlate specific contexts of a job ar

specific domairenvironment.

change/modify

Event
Consumer

Domain
Untology Core Testing
Strategies

Intelllge.nt Context extended
Test Engine Strategies

L eg right/wrong
~perform well
v time for answer

e.g learning type
compatible to job x
fast tester

e ———

the system behavior as a stream of data

‘‘‘‘‘

Figure 15: The STUDIOadaptive testingrom a CEP perspective
In CEP perspectivehé test engine acts as a specialized event conswhieh is

gathering the trigered events. The variety of questions, connected to the ontological
representation of the domain knowledge, resembles an interconnected repository of

assessment sources. As sudamibles théreedom for differentompositionsf tests.

CEP is applicald to a wide range of problems, where in dependency of the field, other
methodologies could act as alternatives, as within embedded systemsiggaeed
systems(Obermaisser, 2011)or constraint programmin@Rossi et al., 2006ps a
programming paradigm resolving constraints. To select on the use and ability of CEP to
cope with the selected problemasf adaptive testing approach, a set of requirencants
be collectedFitting to the requirements of the markéhandy et al., 201 1}§lefines a set
of conmon requirements for CEP solutions, which should be met to make a sufficient use
of CEP. A fit of the requirements for CEP to the frame of the adaptive test approach is
listed inTable14. The scenario is here a thwclassroom selassessment test to assess
the existing knowledge for a rangé different subjects and different domains of the

central domain ontology at the start of a new school year.
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Table14: CEP requirements assessment f@ICEP enhanced adaptive test.

Requirements

Suitability / Description

Event driven
nature

Event rates

Application
complexity

Timeliness

Recommenled
for event
processing

Event driven
nature

Medium/High: The initial test procedure is a straightforward feedbacl!
circle which becomes highly event dependent and event aware with
impact of detected contextfulfilling over time while opening additiona
complexity potentials.

Medium/High: The rate of events varies with the amount of parallel t
takers. Yet the basic event rate could increase highly with the unlock
of additional relevant agexts for an adopted test environment.

High: The domairontologybound, interconnected knowledge structu
directly impacts the complexity of reasoning to derive changes withir
the system through the intelligent test engine. feurtie test
environment adoption adds complexity with the availability of additio
selected relevant contexts.

High: A user is ready to accept system response times in the scale ¢
seconds. Yet the derived changes impact the overall systieavibr as
well as the selection of personal queries. If a certain group dynamic
detected, the system behavior has to change below a range of secol
for all active tests, to prevent the sending of questions out of an expi
testing behavior.

Yes:The system aligns with the requirement expectations of CEP.
Further, the dependent triggering of events comes with the potential
high combinatory impact to increase the target complexity.

Medium/High: The initial test procedure is a straightforward feedbacl
circle which becomes highly event dependent and event aware with
impact of detected contexts, fulfilling over time while opening additio
complexity potentials.

8.2.3.

Extending the System Architec ture with an

Event Tracking Framework

TheSTUDIO system has been used, extended and evaluated in a number of European
and nationally funded research projects, including applications in business process
management and innovatitransfer(Arru, 2014) medical educatiofkKhobreh et al.,
2013)and job market competency matchif€astello et al., 2014)he system isised
andevaluatedn a regular basis and in different domaMsre detailed examples are:
for the integration of learning styles into adaptive learning systems to offer valuable
advice and instruction® teachers and studerfi@uong, 2015)andthe studies reported

within this thesis, summarized in Secti®d.6andTable30.

For each running tes§TUDIO implements a statistic module whicbllects basic
guantitative data about the number of assigned questions, how often tests are taken and

how manylearnerdakewhichtest and when. This is completedrbgrequalitativedata



collecting which questions and knowledge elements the students passed oif feeled.
data collectedy the STUDIO statistic module tracks the assessment of the students and
stores their reached fermance.To conclude further on the mechanisms and impacts of
STUDIO and to store how the learner interact with the systneventbasedogging
systemis developedand integratedwhich collectsthe interaction with the system and
keepsdetailed infornation about thenteractionassequences avents.

The eventracking framework is backed by a databaskition—the event tracking
database and targets to track the interaction of the learner with the system. Considering
the STUDIO architecture, irdduced irSection8.2.1, the event tracking databads#iows

the learner interactoend connects to the * Feedback e
"Assessment | nt ekigurals edlqwingand stoling definedeedents, n
then finally enables to utilize the | ear.:

[ /" Feedback "\ Assessment and
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Figure 16. Extension of the STUDIO architectureEvents are tracked from the
assessment and learning perspectives.

Each event stores infoation about the system in 7 dimensions, as describEabile
15below. To be able to store a wide range of different events, the event template has to
be constructed in a way that it can cope with a range offolateats The solution is to
define multipurpose data fields, which store values freee adi ng to a ' S
storage”® and ' Numer i.¢odihallykeep thedrackirig conssstprd,“ a t
the events have to be used in a concise mannessadifferent interfaces and potentially

different systems.

To |link the event to the STUDI O system,
ID of elements of the domain ontology as the question ID or a concepthDe * Se s s i
i dent i f i e rcéperascessto $T&DI® and is Imked to the user and can be used
to split users and their interaction alikéhe events will model a sequence and include
furthermore the detailed event time and a unique ID to sort and store specific events.
Every evenis linked to a location and a type of event to better grasp the interaction of
the learner with the systeand to group by locations and ewtypes E.g. a learner

reviews a passed concept in the result overview. In this case the event will be stored,
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linking the event y p@HECK RESULT and the | ocation ' ONT_NODE
concept and storing the domain ontology related ID of the concept.

Table15: Event blueprint to store events concerniiggstem interaction.

Attribute Description

Event-ID The unique ID of the event.

Event description Which type of event and what factors are relevant.

code

Location code On which part of the assessm@mnbcess or interface the event has
occurred.

Session identifier Each access of the system is sassion for one user.
Numerical value  Multi-purpose field, filled depending on the event type.

storage

String value Multi-purpose field, filled depending on the event type.
storage

Event-time The time of the start of the event.

Item reference A uniquereference code, identifying the correlated item within the
ontology. E.g. a question or a knowleggjement ID.

All events are stored in order of their occurrence, so if no explicit end event is defined,
the next event for the same session @uedsameuser is acting as the implicit end date.
Extending the existing storage of information witBiMUDIO, theeventlogging system

storesevents with event definitionas shown iTablel16 below:

Table16: STUDIO eventsdescriptionsto identify tracked events (excerpt)

Event type Description

START_TEST Marks the start of a test.

END_TEST Marks the end of a test.

OPEN_WELCOME_LM The user opened the welcome page.

OPEN_LM The student openeddghearning material tab on the test interfac

OPEN_LM_BLOCK The student opened a learning material block on the test
interface.

RATE_LM The student rated the learning material.

CHECK_RESULT The studentlicked on a concept to view thesult pagdor the
concept

FINISH_TEST The test has been finished.

SUSPEND_TEST The user suspended the t@stontinue later

RESUME_TEST The user has restarted a previously suspended test.

SELECT_TEST_ALGO- The algorithm used tassesshelearners selectedy the

RITHM system

TEST_ALGORITHM_ - The behavior of the current test algorithm changes, e.g. enter

EVENT another stage of testingi ke ‘' random testi

ASK_TESTQUESTION Sends out a test question to tbarnerto answer.




STUDIO_LOGOUT The user logs outfdahe STUDIO system.

To store the events, the system implemaritgging database, splitting the concepts
of the logging to a staschema for efficient extraction, transformation and loading. The
logging system is modular and easy to extend with newegia and easy to attach to
potential event positions within ti8TUDIO runtime. Together with the existing logging
of the assessment evaluation feedback, this new extension tracks the exploration of the
subontology within the assessment and enriches feeglback data with context
information of thes t u d behavior ®n the systerihe database scheme is shown in

Figurel?.

Session Management (everything happens in a session and every session has a user)

j studio_user v
] studio_session ¥ id INT(21)
id INT(21) > alias_id INT(21)
2 user_id INT(21) name VARCHAR(60) 0=

> simame VARCHAR(60)
———————————— Ol & usemame VARCHAR(60)

» starttime DATETIME

2 endtime DATETIME
2 system_ref VARCHAR(60)

v
Bl—
PRIMARY
v
fik1_studiouser
= PRIMARY
:Ik fk1_aliasuser
|
|
|
Event (every idem!ed and captured action is an event)
—] cont_event v
id INT(21)
 edef_id INT(21) ] cont_event_def \J
@ session_id INT(21) id INT(21)
» eventtime DATETIME @ eloc_id INT(21)
> > event_short VARCHAR(60)
n_val DOUBLE(21,3) [ S U —H (- Location (everything has an location -> here events and parameters)
»s_val VARCHAR(200) |t » event_descr VARCHAR(200) j‘
> item_ref VARGHAR(100) o } _] elem_location A
v PRIMARY | id INT(21)
| >
PRIMARY uet_eventshort ‘ loc_short VARCHAR(60)
f&1_eventdef [ _ | ¥ loc_desor VARCHAR(200)
fk2_session_idx v
PRIMARY
uc_locshort
Parameter (every object with an unique identifier can have parameters -> here nodes) .—‘r
|
|
] cont_parameter ¥ ] cont_parameter_def ¥ [
id INT(21) id INT(21) }
@ pdef_id INT(21)  ploc_id INT(21) |
» item_ref VARCHAR(100) » param_short VARCHAR(60) }
- T 15 param_descr VARCHAR(200) 1T T T T T T T T~
PRIMARY v
uc1_uitemref PRIMARY
item_ref uci_paramshort

Figure 17: STUDIO star schemaasedevent database
The database scheme is impknted with the concept that all detailed information

about the location, the type of events and the session is stored in separate tables,
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outsorcing the reptitious information and saviegources. The STUDIO system makes

use of the database structure andnages the different events and locations. When
initializing the database access, STUDIO caches all event and location definitions
available within the database and synchronizes them with an internal versioned definition
list. If a definition is missingthen the system will insert them into the database to be
available for future events. This way multiple instances of STUDIO can define and use
different events, depending on the current scope of the assessment (and assessment
algorithms) and the used domaOnce the state of the system and the database is
synchronized every insertion of an event is done without checking the definition tables

and events can be inserted with a lower resource usage.

Additionally, the database stores parameters with a silogarto events. Parameters
can be "attached® to any known el ement type
concepts and to any part of the interface. Each parameter is also stored with a location
and a parameter definition recoerdollowing the logt of the event definition tablend

visualized in thedatabase model iRigure 17. The "' parameters can be
flexible labels which can be used to further contextualize the system and the system
interaction. E.g. carmpaameters be attached as bialsels to questions to store

information about a known bias, as explored\ileber and Vas, 2014nd used in

(Weber et al., 2015nd summarized in Sectidr2.3

8.3. Design of a Concept Importance Measure for

a Domain Ontology

Every learning processtegratesa strategy for learninghatural and unconscious as
partof the learneror explicitly, givenby a tutorwho bases the interaction on personal
experience othe explicitknowledge oflearning tlkeories.The major learning theories
differ in the exploration on how learning occurs and in the explanation on how learning
should be organized for a continuous and structured learning approach. Yet learning
theories agree on knowledge being interconneatatl being learning learned in the

presence of other knowledge or experiences.

Embracinghe narrative of knowledge being interconnected in the context of learning
—as in the STUDIO domain ontology based approach to lear@aghspecific domain
to lean and master can be understood as a netwonetwork perspective on learning

canespeciallyhelp to understand the complexdtyd connectivityf domaindor learning



Figure 18 shows the STUDIebased visualization of th&anagment Information
Systemsdomain. The visualization resembles a network structure and is based on the
underlying domain ontology. Connections between concepts express that concepts are

related and relevant to each other and strong and weak connectecharbasdentified.
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Figure 18 STUDIO based network representation of thdanagement Information
Systems concept group

Adattarh:

Furthermore, the structure introduces a hierarchy. The overall topic centre in the
middle of the network ishe starting point and connects directly to generalizing topics in
the first inner level. From there the structure spreads through directed relations to more
detailed, factual concepts in the outer regions of the network. The hierarchical nature of
the streture inFigure 18 is based on a semantic hierarchy, which is grounded on the
directed relations of the domain ontology (the extraction of a structure/concept group

from the domain ontology is covered$ection8.1.1, 8.1.3and12.3.).

The most frequent type of (directed) relation within the ontology is the relatldra s

subk n o wl e d,gheough whech éach extract of the ontolegyn aveage— follows

a gener al knowl edge to detail knowl edge
ending in the outeleavesof the structureWhile this hierarchy resonates with specific

ideas within learning theories as behaviourism (boftgniearning and constructivism
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(top-down learning), the structural hierarchy itself includes no statement about a specific

way to learrbased on the structure.

Keeping theobservational point of viewef this section, four main aspects of the
semantic enhanced netwastructure for learning in STUDIGan be isolatedlhe main
aspects are summarizedliable17: connectivity,(semantic) complexity analsemantie
basedhierarchy:

Table17: Visual observations an@dspectof concept maps, extracted from the
STUDIO domain ontology.

Observation  Description

Connectivity  The concepts/knowledge to learn is represented interconnected.
Interconnected concepts are connected to express they are related and
relevant to each othdflow they are related is expressed by the attached
semantic. Concepts can differ in how many connections they haaed®
other concepts (outbound degree) and how many other concepts conne
them (inbound degree).

(Semantic) Concepts in th&TUDIO ontology have different numbers of connections

complexity (the degree), concepts have different semantic types and are connected
relations with different types. The class definition of the domain ontology
given inFigurell While the complexity in terms of learning is not
explicitly given, it is observable based on the structural and semantical

complexity.
Semantic The presented structure is based on the STUDIO ontology and each cot
hierarchy and relation implements a sentiardescription, given by the formalization

of the STUDIO domain ontology. The STUDIO ontology defines a variet'
of relation types whi ch Hexgkmealadge
a r eand_Part of . As relations are directed and extracts fromdomain
ontology start with a source/root element, the more distant a concept is f
the root element the more detailed concepts are based on the semantic
relations (in average, as equal relations exist and reverse pointing relatis
are possible)

Figure 19 shows a topological map of a fictional laké&king into the account the
observations, collected ifable17, and assuming the observations yield a potential to
link to a theory of learninga concept network could be reimagined asirailar
topological map of the learning domaDeep areas would capture dense and complex
areas to learn, while light areas are capturing less dense areas to learn, which are also
being potentially less centrébr mastering a domain. Knowing such a quality and
connecting a learning theory, the structure and semantic of the domain would be well
suitable to recommend on the final process of learning. This specifically is the set goal

for defining a measure for thmportance of concepts and creating a learning strategy



which follows the logic of the measure. Both will be approached in the following parts of
this thesis.

Lake Depth (cm)

North - South

East - West

Figure 19: 2013 classram lake' contour data plot(Plotly, 2016)

More specific, m the focus of this thesis the question if a strategy- and more
specific, a measure to evaluate the importance of coneegé® be derived from a
semantic enhanced st r ucThapreeiouochaptehelpedibmonc e
highlight discoveres in different areasin the corgxt of structured knowledge and
learning:

1) The domain ofiser modellingprovides methodw keep a steady track of the

individual background and developmesftthelearner(Sectiond);

2) The contextual impact ofearning theories (Section 0) and a special
organisational learning focus (Section2) act as frame for learning and

recommend educational strategiesetarn

3) Adaptive assessmerstystems and their relevance for learnvege addressed
(Section3). The software solutioltsTUDIO, asa structure and semantic
drivenadaptiveapproach to support learni8ection8.1) were introduced as
a structure aware, ontologyvaresolution for learning and as a platform for
implementing an importance measure
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4) Finally, graphs andhetwork analysisoffer well-exploredmethod to expess
and analys¢he connectionsf networks of people aniiformation(Section
6);

Yet, no field or theory indicates or suggesis far a methodto measureand
differentiate the importance of individual concepts in netwofkconcepts for the task
of a structured learningpproach An exception is the learning theory of connectivism
(Section5.3).

8.3.1. Connectivism as an Interpretation for the

Importance of Concepts for Learning

As explored inSection5.3, connectivisms alearning theory which is approaching
learning in a technology and information driven socidtyfocuses on learning in
environments whermformationis interconnecteéxplicitly, as e.g. the world wideeb
(WWW) or other nodinear, hypertexbased (Cicconi, 1999) linked sourcesof
information Siemens formulated eight principles for connectivi@remens, 2005n
the first publication of the approach. Revisiting the woflSiemens- while takin into
aaccountthe concept map perspective of STUDIQhree main pillars can biirther

extracted from theoncept of connectivisnThe pillars are shown ifable18:

Table18: The three pillars of a connectivisticoncept importance for learning.

1) Learning to Form 2) Learning = Experience + 3) Best Connections =
Connections is becoming a External Information Highest Importancefor
Core Competence Learning

* Within the digital age * Connectivism strengthens the vie' [...] while connections
learning cannot rely on that learning is motivated by which offer the learner
personalexperience any connectivity, connecting to learn more are more
more but ratheis derived as experiences but also external importantthan the

a competence from forming information, residing in external, current state of
connections. potentially inteconnected, sources knowledgé.

[ <]

These statementsare especially relevant in the context of designing a concept
importance measure and in c@t to the existing major learning theories. The first pillar
underlines the importance of forming connections to new pieces of information as a
competence on its own. The forming of connections caimteepretedas a conscious
exploration of connectediformation and resonates well with the circular approach of
STUDIO of assessmentgsultreflection and learning, where the assessment tailors the

recommended connections to the current performance of the learner.



The second pillar emphasize that learnggot only connecting existing experiences
but also connections to related and relevant information as an exterdaimamd
memory. While the claim of the theory is still open fopre backing literatureit
undermineghe open learning circle of STUDI®hich highlights future connections for
learning in the result reflection phade this regard the explicit availability and the
connectivity of known concepts or information is a valuable enabler to connect to new
information. Most critical for capturgnthe importance of concepts in concept networks

is the third pillar.

The third pillar emphasizes strongly that connectihgch enables to learn more
(present or in future learning phases) are more important than the current state of
knowledge (the panf the network which is already part of the experience). Reflecting
the statement on the STUDIO learning cyttean be concluded thatxploringa concept
which is a good connector for future knowledge would be more important to assess
even if it woul be failedfirst by the learner than exploring a less well connected
concept which is expected to be known by the learner, as the earlier concept would enable
a better future exploration of other concepts. In this regamdnectivism favours the
long-term potential of exploration- through better connected conceptsver a better

shortterm performance.

The strongest focus of connectivism is the connectivity as it enables a better access to
further knowledge. A better access to other knowledge cae woth a different quality
and complexity: semantic meilaformation on concepts and relations can help to

evaluate the meaning of enabling to | ea
as structural measures, can play a role in putting a concgpalitfy on connections and
concepts. In this regardy treatea model of concept importance, different aspects and
attributes of the knowledge structure and its semantics have to be extracted and compared
Here measuresdescribedn the literatureof netvorks and especially network centrality

measurescancomplete the picture of available inputs and potential methodologies.

Above the identification of features,challenge will be to fuse available features to
one concise measurdaking into considetan attributesand semanticsf the structure,
andpotentiallyknown information about the user. In tineggard it is valuable to collect,
group angotentiallytransformthesemantiof thedomain ontologynto aspectselevant
for the identified pillas of a connectivism aware solution for learniag,e.gthe‘ need
for specificknowledgé  athe ddegree of detdil This collectioncanbe completed by
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hybrid considerations on centrality measures as e.g. the degree of coAcepitsaible
candidate fomtegrating different aspects into one measarebe simpletility functions,

as used inhe field of decision theory.

The output of tle designtaskin this Section8.3 is a soundconcept importance
measureThere are diffegnt challenges to overcome for the stage of modelling. In the
early phases of the development a balance for the measure has to be created between the
frequency and range of changes of single aspects within the measure and the resulting
changes of the finadalue of the concept importance meastifes includes explicitly the
investigaton of the used domain model in terms of the struadfitée captured domain
knowledgeand he semantics of concepts and their relatidhge measuras such will be
generalin the context of the modelling but partially tailored to the focused environment
of STUDIO.

The measure will beadoptedfor assessment and learnimg STUDIO in the
integration study irsection8.4, where concepts with a highimportance should be tested
earlier than othergo on one hand test a learner on the core knowledge of a domain and
on the other hangrovidethe learner with recommendatisiio follow a personaked
learningpathwith a good access to more knowledgeas This initial model will then
be integrated into the developed algorithmic framework to facilitate the importance based

selection of concepts to assess for the-pased assessment.

Finally, an experimental study within STUDIO in conditions, santo the previous
experiments, will be conducted to collect data about the impact of the new concept
importance based assessment strategsthermorethe collected feedback will be used

to explore how taefine thefinal concept importance model.

8.3.2. Pre-Study: Analyzing Connectivity and its

Influence on the Assessment Performance of Students

The rationale of thipre-study is to investigate if there is a relationship between the
connectivity of a graph structure of concepts of a given domain of learnidghan
performance of learners who learn and are assessed based on the same concept structure.
If a connection is evident, it will underline the meaning of connectivism for practical

solutions for assessment and learning.



To conduct the investigation, thermectivity will be measured by centrality measures.
Centrality measures are going back to social science research to measure the relationship
in networks of peopléNewman, 2010and continuously find application in new types of
networks as project portfolio networkgvolf, 2015) text analysigErkan and Radev,
2004) or protein networkgJeong et al., 2001For this study a&election of centrality
measures ibased on the selection of Sect®d and will be used and compared within

the analysis.
8.3.2.1.  The Pre-Study Design

The data of this study is based on the use of the STUDIO system in a highéioeduca
|l earning environment. The data were coll
Management Information Systerasthe Corvinus University of Budapest. Within the
course, 247 students accessed the system throughout a period of 20 days t@ggt prep
for the final exam. Throughout the period, students passed altogether through 1161
assessment and learning cycles, receivimigh repetition- 73654 questions out of a pool
of 165 distinct questions, for overall 61 different concepts, which aredheepts or

“node$ within the underlying domain graph.

The result of each test is depending on the knowledge of the student and on the
bottomup evaluation logic, evaluating the performance on the fly and selecting in an
adaptive way the next questiondssess. As such, measuring the overall performance
may not be fully independent of the rationale of evaluation. To break through this
dependency this study will focus on a local performance. To do sostégye experiment
will be conducted

Within the first stagehe focusi®sn a | oc al node neighborh
only direct connected neighbors of a node are taken into account. Here the performance
measure indicates how many surrounding nodes are passed if the node in focus is passed.
In the £cond stage the focus is narrowed and for a given passed node only the node which
is asked next is investigated and therefore a more detailed and direct impact is measured

as a next node®“ performance.

The nodes which are selected for investigation dexi@s based on their centrality
and both experiments are repeated for each centrality measure. Both experiments include
a final step where all passed nodes in the dataset are selected, to analyze the neighborhood

and the next node performance. The idetha& if the centrality measures are good
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candidates to select nodes which predict the passing of surrounding nodes based on their
centrality, then the average passe ofneighbouringnodes or the next node has to be

significantly different from the avage passate of the complete set of nodes.

Table19: Usedcentrality measurescross 61 nodes.

[Centrality IMin  [Max [Mean |Std. Dev. Var.

Katz-centrality 0.05 [0.21 0.12 0.0367 0.001
Degreecentrality 1 7 2.33 1.578 2.491
Betweennesgentrality 0.00 |0.57 0.07 0.1138 0.013
Eigenvector-centrality 0.01 ]0.39 0.09 0.0899 0.008
Closenessentrality 0.16 |0.32 0.21 0.0385 0.001

To prepare the dataset an extraction and transformation algavithendevelopeth
the Python programming langge (v3.5.1)Van Rossum and Drake Jr, 1996pr each
analysis,one initial datasetvas createdwhere— for every taken assessment test and
assessed nodghe direct connected nodeere calculatednd stord if they were pased
or not, while for the second experimé@nwasspecifically stord if the next assessed node

were passed or not.

For both sets all five centrality measurgsre calculated and integratadsing the
graph specialized Python library NetworkX (v1.X$chult and Swart, 20087 short
summary of the calculated measures is givermable 19 and an example for the

calculated Katzentrality (KC) and degreeentrality (DC) is visible irFigure20.
3 0
® Project Planning K€ 0.1 DC 2

Sepvice ManagementC 0.09 DC 8 ®
Gantt Diagram KC 0.11 DC 1

O | ®
ement KC 0.09 DC P Service Strategy-KC 0.1 DC/3
3DC 3 o

@Financial Managementof IT Services KC,0.11 DC 1
Service Operation KC 0.1 DC 1
e

Figure 20: Detail of a graph, extracted from the daain ontology, showing the tree
structure,and including the Katz (KC) and degreeentrality measure (DC) as part of
the node label.

8.3.22. Exper i me n tNeighbourhiobde*

Performance

The first experiment targets to collect the dineetghbourhooaf selected nodg to

compare if it is passed considerably higher when the selected central node is passed. The



initially selected nodes are selected based on their calculated centrality measure. For

comparabilitythese central nodese called CNo de s “ .

To account fort h e intui tion “t he hi gher t he
neighbourhoodp er f or mance® t he d averafiterddto allfcasesh e e
where' CNode$ were passed’hen the datavere groupedior each respective centrality
measure into classesttvithe same centrality value. These classes were sorted by the
centrality measure and, from the highest to the lowest class, centrality value wiasses
addedinto the analysis dataset, till the new dataset accounted for 20% of the passed
*CNodes.

This selectionwas repeatedor each single centrality measure and five analysis
datasetsvere createtb which a sixth sewvere addeavhich includes all passeNodes.
This sixth group is the comparison grodjable20 shows the resulting borders for each
centrality measure to split the dataset of the experiment into an 80%/20% ratio. For each
of the created centralitglatasets basic descriptive statisticasconductedand the mean
passratewere derivedor the drect connectedeighbourq' NHPassratg of the passed
*CNodes. Finally, the mean pasateswere compared

Table20: Borders ofcentrality measure groups with 20% or less of alCNodes,
where the centrality measure is biggdran:

Katz- Degree Betweenness Eigenvector Closeness
|centrality centrality centrality centrality centrality
> 0.14 > 3 > 0.10 > (0.13 > (0.24

Based on the summary frable21 it canbeinterpretedihat the meahNHPassraté
is very closelycentredaround a mean pasate of 75.81% for all five observed centrality
measures, with a similar close std. deviation.

Table21: Mean' NHPassraté in % for the analysisusing therespectiveentrality
measures.

N Min |Max [Mean |[Std. Dev. |Var.
Katz-
|centrality > 0.14 13647 |0 100 |[77.11 ([32.3658 [1047.546
Degree 8985 [0 [100 [76.85 [24.9339 [621.699
|centrality > 3
Betweennesgentrality > 0.10 9046 [0 100 [75.94 ([26.6452 [709.968
Eigenvector-centrality > 0.13 9154 [0 100 |[74.34 ([29.1131 [847.570
Closenesscentrality > 0.24 8238 |0 100 [74.82 ([28.9576 [838.542
All CNodes 48711 |0 100 |[76.87 [35.0058 [1225.407
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While the observation isupportinga 't he hi gher , the higher*® tr
to the " all C N ougd, evish“a similarii@.8Y Y meaon, makgsrevident that
this detected trend is universal for the passing of nodes imeighbourhooaf passed
nodes, and therefore underlines no expected °
backing specifically theselected CNodeS. So— surprisingly— the basic descriptive

statistic indicates no room for a positive trend correlation.
8.3.2.3. Experiment I 1: The *“ Next Node® P

Following the preparation logic of the first experiment (select pas€&tbdes,
replicae the set for each centrality measure and keep in each set only the rows which
account for 20% or less of the highest centrality value bins), all passed wedes
collected and integrateds central nodes CNode$) but in contrast the nodeere
observedwhich were assessed nextNextNodePassédl by the adaptive assessment
algorithm, if, and only if this next node still has a direct connection to the selected
*CNodé. This framing is required as the assessment algorithm may jump within the

structure fronone path to another, if the earlier path were completely assessed.

For the resultinglatasetsthe mean of the performanees calculated agaimthis
time for the next direct connected and assessed node. The summary is shallaZg.
Again, the different centrality measures are on a comparable level for passedes.
Yet, in this experiment, the average mean across the centrality measures is 89.38% which
is an 8.51% increase ag@adraus while especiallydhe | CNodes
degreecentrality shows an increase with 10.46%.

Table22: Mean' NextNodePassédin % for the analysisusing therespective
centrality measures.

IN Min. [Max. [Mean [Std. Dev. [Var.

Katz-centrality > 0.16 7446 |0 100 |88.34 [32.0932 [1029.973
Degreecentrality > 3 5852 |0 100 [90.99 |28.6285 [819.588
Betweennesgentrality > 0.10 6251 |0 100 [90.24 [29.6776 [880.758
Eigenvectorcentrality > 0.14 5969 |0 100 [89.70 [30.4027 [924.322
0
0

Closenessentrality > 0.24 5378 100 |[87.65 [32.9002 [1082.423
All CNodes 34363 100 [82.37 [38.1051 |1452.000

Figure 21, takes a closer look at the degee nt r al ity against the
baseline. The graph plots a repetition of the experimghtdifferent degreeentrality
borders. The highest mean percentage of * Nex



centrality >= 4, while the percentage drops again when only >=5 relations are considered.
With 92.08%, >= 4 is showing an enhancement of @b against the overall mean.
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Figure 21 Mean ‘' Next NodePassed® in percentag

baseline. The »axis is cumulative with NextNodePassédintervals of: [1), [2), [3),
[4), [5), [6).

8.3.2.4. Pearson Correlations for Observed Variables

Table 23 shows the correlations between the observed variables. For
‘NextNodePasséd the positive correlations of the centrality measures indicate the
results of the second experiment. FNiHPassed the centrality measures show a weak

negative correlation.

Table23: Pearson correlations between the observediables.

NH- Be-

NextNode Pass De- tween [Eigen- [Close

Passed rate Katz gree ness vector [nhess
NextNode
Passed
Pears. Corr. |1 0.820 [0.070 [0.142 [0.097 [0.104 [0.118
gﬁ’é d) (2 0.000 [0.000 [0.000 [0.000 [0.000 |0.000
N 45389 45389 45389 145389 (45389 (45389 145389
INH-Passrate
Pears. Corr. |0.820 1 0.012 [0.001 [-0.007 [0.042 [-0.036
2ﬁ]éd) (2 0.000 0.001 [0.402 |0.037 [0.000 [0.000
N 45389 64831 (64831 64831 [64831 [64831 64831

Assuming that' EKperiment It shows a valid positive trend, then the negative
correlation of the measures'inEperiment t can be explained by the dominant pregei

of the assessment algorithm to sufficiently pass a rate of child nodes to be eligible to
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receive a question for the parent. This leads to a situation where a number of parent nodes
may have potentially had been in the ability of the learner to pads,bwer en‘*t asked ba
on the assessment logic. While these cases are implicitly excluded by the criteria to take
only passed "CNodes“ into account for the exp

these cases, which may tip the st¢algards a negatevcorrelation.

8.3.2.5. Pre-study Conclusion and Limitations

The questionvas tackledf, in the sense of connectivism, the connectivity of concepts
can have an importance for assessment and learning and influence the observed
performance of a learner. This studgsvconducted within the STUDIO learning and
assessment environment and #@malyseddata was based onrealworld test with 247
bachelor level students, preparing for an examination in the domamaoagement

information system

Within two experimentgt could be showthat a higher centrality measure for a given
concept can play a role in predicting the passing of the next assessed, connected concept.
In a broadeneighbourhoodt hi s trend couldn‘t be traced. E
has a strongverlap with the rationale of the botteup assessment logic to fail general
nodes based on previous detailing nodlesthermorethe structure and rational of the
used ontology will have an influence on the results and tests with otheoswdins of
the ontology and an alternative ontology is recommended. Both, the influence of the

testing algorithm and the specific ontolaghyouldbe investigated in future studies.

8.3.3. A Concept Importance Measure for a Domain

Ontology

The previous section has shown thahim a STUDIO assessment test the degree of
a node- asthe basic measure for the connectivity of a coneggan be a predictor for
the performance on the next tested condephis regardthe degreean be a predictor
for the test flow within the asssment. Assuming that students indeed use the system to
learn and not to practice the assessment, the finllat@ passed high degree concept can
forecast the performance of a connected conoeprlines that learning a network of
concepts' i s vatea tby connectivity, connecting experiences but also external
information residing in external, potentially interconnected, soutc€siemens, 2005)
Considering the statemeat Siemens furtherin line with Section8.3.1, the learning

material within STUDIO can beonsidered as jgart of the experience of the learner if it



i s al r eady bylearninger everaiflitiis or@dydolhnected to odr experiences
of the learnerand known as a source of informatidn both casesthe potential of
information accesand the connectivityvould make the difference in the sense of

connectivism.

The prestudy and theconnectivity focused naturef connetivism highlight that
considering theonnectivityof the concepts (the degree of concepts) bea suitable
starting point for the development afmeasure forthe importance oftonceptsfor
learningin knowledge network Considering the prstudy, hecorrelationfor thedegree
—comparing if a correctly answered concept with many relations forecasts the passing of
the next assessed concept (thextNodeperformancg— is weakat a first glance Yet,
framing the consideration toconceptiegree of= 4, the passing of a concept withany
relationsbecomes a ~92% predictor for the passing of the caxteptand underlines
the impact of connectivity on the assessmé&he remaining discord in the correlation
can be partially explained by considering ttiee degreemay notaccount for all cases
equally well but rather there areonnectivity ranges or groupshere the concept
connectivity is a particular good predictor for the performance on assessing the next
concept (the maimangeis herearound 4) Which can be seen, observing tteatow
conceptdegree yields results nearer to the performance avdragbiermore laterthe
performancewithin the experimenalsodrops for very well connected concepigh a
degree higher than which can outline thatfter a specific concept connectivity a change
in the learning or conceptualization of the learned may occur (the students in the study
learn in between the assessment phases, as shtwendoncepFigure10).

In contrast to tB conceptlegree, wealer correlatiors were observed for the
remainingtested network measurehe measures are loperformingin terms of their
correlatiorto the performance measures &mthermore low performing terms oftheir
predictive powerSo,taking into account thahe degree is a good first stage indicébor
an importance measynghat can béurtherintegrated to strengthercancept importance
measur@ Are there other sources of information available within the network to derive a

measuement of concept importance for learning and assessment?

A network of concepts offeonly a structural answer tbesequestiors. In contrast
the STUDIO domain ontology integratessemanticmodel Table 17 summarizesand
focuses onthree features which are be captured from the domain meteth can be
exploited for a concept importance measu@nnectivity, (semantic) complexiand
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semantichierarchy. The connectivity is well representbyg the conceptdegree-in line

with the results of Sectio.3.2.4 the semantic complexity is represented by the different

concept and relation types within the STUDIO ontolagydfinally, the semantibased

hierarchyis given by the ordering nature of theatbns, which model the decomposition

of knowledge areas and th#ependenes between concepts using the semantic
definitions ofconceps and relatios. Accepting these three aspects as the source for the
measure, the quest i onectslynumheoswrid hdwdo conbiper e s e nt

the aspects to a measure.

The numericdegree of a concegptonnectivity is straightforward to translate into a
measure, the translation of the semantic of concepts and their relations will need an
interpretation (the senantic complexity and semantic hierarchy To tackle the
interpretation, twaconsiderationsvill be explored about the semantic of concepts and
relations as gathered iTable 24: the * dimensions of interpretationof the semantic
(What are we looking for?) and the specifimapping of the interpretatidnto numeric
values (How do weothe mapping?)

Table24: Dual consideration on the translation of semantic concepts to numeric
values.

Consideration  Description

Expected What dimension or feature do the concepts and relations shdtaf
Modelling observing a common definition of a fox in a semantic framework, the fo
Dimensiors may have different classes (like the STUDIO ontology has different typ

of knowledge classes) which carry the concept of a fox but are different
their features: colour, febexture, regiongultural meaninggtc.

For different cases of reasoning, different sets of features may be relev
and consequently differently importantderive a conclusion. For an
abstract consideration of the fox, all the features are equally relevant tc
shape the concept of a fox, yet the goal of the interpretation of the fox 1
specific task may differ in its dimensions of interpretation.

Consideing a culturainterpretationjt may be important hownischievous
a fox can be, based on stories but also based on natural observations.
for the dimension omischievousnesa fox may rate high being a good
hunter, and for being known to be a shapgéshin the world of stories
both expressed by the combination of concepts (e.g. hunter) and the
relations linking to it (is_a_sneaky(hunter), enchants(humans)).

Another dimension could be the worth of tam(dg SairtExupéry, 2013)

which would be interpreted well by considerimd asses | i ke
and relations as ‘'is_afraid_of _I
Numeric How can ax importance dimensiorbe interpretedand then mappedo a

Interpretation  numeric value?Considering a numeric interpretation of the semartic, f
and Mapping  every choseimmportance dimensiohbe. g. ' mi schi evou
of Semantical to a numeric valuas anumeric interpretatiomustbe modelled- either
Models automatic through an algorithmor expertdriven by directlyframing and




defining thevalues

To translatesemantic concepts inlbonumeridnterpretation acaleor
number range for valid valuéss to belefined The scale will be usedls a
target rangéo map concepts or relations which accdoentheidentified
dimensios on a numeric scald he scaleshould be limitedo a fixed range
of numbers to keep mappings within one dimension comparable.

8.3.3.1. The Importance Dimensions of the Domain

Ontology

To create a concept importance measure, the semantic of the domain ontology has to
be interpreted- while taking into account the connectivity of the concepts. To do so the
semantic will be interpreted. The finaleasure will integrate different factors, as the
concept degree and furthermore aspects of the domain which can be interpreted as factors.
These factors or “di mensions Ofi mpotéapc
d i me n sTo oreate thespecifc dimensiondor the desiredsemantianterpretation-
supporing the rating of the impance of concepts for learnirgand to reason on the
kind of importance dimensionthe domain ontologwill be examined To explore the
abstract the idea of thiportance dimensions the following sections will use the
example of a car téirst abstract andollect observationgp then creata model of the

desiredmportancedimensions.

Following the narrative of a car, a car represents a complex system composed of
different componentd.ooking atthe car inFigure 22, al parts are working together to
make up the construct and experience of a car, yet not all components are equally needed.
The windows are e.g. components which are pahtetomposition of a cabout they are

not nire an dlsalute sensetherthe windows det ai | * t he over a
car. Furthermore, not all parts are equally needédle, within the example of a car, the
tires can be considered as highlydegthey also introduce a redundancy as one tire can

be a spare tire.

Also, the locality of dimensions— so is an importance dimension interpreted in a
general or local context may differ. The seats are not observed as details but they are
detailsin the context of the overall car. The cylindef the enginen the other handre
very small details in the context of the @& a wholgbut in the context of the engine
they areveryp r o mi detil$ tResulting, the different dimensions are interptetea
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locality context, which can bé&) local, directly surrounding the current component2pr

global considering- as the context e.g.the complete car.

Figure 22 A car as an example for a complex constructitderpretits parts in
importancedimensions:

The considerationgegarding theimportancedimensions derived from the car
example, can be applisdnilarly to the domain ontology. Revisiting the domain ontology
structure, the concepts and relations banequally semantically translatedto the

dimensions of;

1. ‘'need-* How much is a concept needed for ano

2. ‘detail—" How much is a concept detailing anot

The di mensions are selected in eptandy t hat a

a higherdegreeo f " det ai |l * of a concept is considered
The dimensiono f "“ rdieeetlg connects to the assumptions of connectivism that

selectedhighly connected concepts are important enablers to learrueding concepis

which also correlates to the notion of " need:¢
aspect connects to the behaviouristic assumption that a detailehtéasive basic set

of concepts is needed to master a domain and access and margeomplex general

concepts.

7 The image comes with rappyright restrictionsScience, Industry and Busiss Library: General
Collection The New York Public Library. (1918). 191&®ldsmobile- Model 45, 3 cylinders. Retrieved
from http://digitalcollections.nypl.org/itensl 0d47dbbab6a3d9e040e00a18064a99



As within the car example, thaspect oflocality additionally plays a rolein the
application of the dimensisf ‘' need and’ detail’ onto the domain ontologhut it also
introduces conflicts in terms of the related eomt Are the dimensions valid in a local
context, among single nodes/concepts; or in a global context, among whole networks of
nodes/concep®sThe answer can be derived jointly from tbenceptof the domain
ontologyandthetheoryof connectivism

The domain ontology is tailored to the context of learningut is — in these
boundaries- a flexible constructor modelling knowledgeas visualized irFigure 11
STUDIO employsa dynamic procesH tailoring,where conceptaretailoredon-demand
to specific assessment and learngognariosAs gathered iffable 17, the ontology
represents- based orthe differenttypes ofrelations between thmodelledknowledge-
also a knowledge hierarchy E.g. two conceps can be conne<ted
k nowl ed cehtiora-indicating that the linked concept is considered as a detail of
the former concept o r concepts are connected-thro
expresmg a further decompositionin thisway, multiple concepts can be connectaadd

togetherbuild a longer chain of hierarchy whithdetails the domain

Looking closer on the hierarchical aspect of the domain ontology, the rational and
limitations on how connections between conceats made musbe consideredThe
STUDIO domainontologyis an expert modelled arekpertmaintained ontology (see
Section12.3.]). Classes and realtions are defined in such a way in the STUDIO ontology
to ensure offer flexibility and enablthe modelling of educational domain of different
nature and complexityThus, the ontology andany tailored sutontology— allows to
include loopsor hierarchies where the chain of semantic relations may follow different
ordersand the semantic of trehain ofconcepts change over the sum of concedpis.
from the perspective of a medical practitioner the knowledge of biology may be regarded
as sukknowledge, while for a biologist the medical knowledge may be regarded-as sub
knowledge. Botlsemantioviewpoints have a rationalyet, without explicit constraining
rules, this type of conflicts could onlye resolved bydirect design decisions bgn
ontology engineefNeuhaus et al., 2011)

A semant conflict between relationthroughout th&lomainmay stay undiscovered
if has to be traced by the ontology engineer aovany relations. In this casalgorithms
or mechanisms for consistencguld be used (Haase et al., 2005)n favour of the

freedom of design and the speed of reasoning (consistency checking comes dha cost)
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STUDIO domain ontologyimplements no explicit (constraintbased) ontology
consistency checkg. An explicit approach is outside of the scope of this w(inke
software solution part of STUDIO implements solutions regarding the maintenance of the
domain ontology)Yet, the general possibility of semantic inconsistencies is intended for
the STUDIOdomain ontology to implement the knowledge of experts more freely. One
strategy to cope with it in the frame of STUDI® theuse of Concept Groups to tailor

the ontology to specific application cases which then have an improved consistency based

on the dditional framing to the tailoring goal.

Taking into account theollectedconsideration®n semantic loops and the overall
trend of the ontology to modela@mplex overalhierarchy of conceptévhich is also
complex to consider as a whole), the conéeyortance measure will focus on single
concepts in the domain and not multiple concepts at one (as e.g. for the PageRank

centrality(Page et al., 1999)

Furthermore, fromthe perspectiveof connectivism and learning, connectivism
d o e gnotivateexplicitly andexclusivelyto considerlarge networksbut to consider
‘ connectios which offer the learner to learn méreas collected iTable18. The theory
of connectivismis neutral regarding the locality asdppors a localcontext(but also
i s néecdssarily limited to it)Local, in this regardfocuses onconceps individually in
the context of theirimmediate neighbours which adérectly connectedo the initial

concept without an intermediate concept

So, finally, tochoosea flat starting point in line with thdemandsof connectivism
andconsiceringthe complexity of the domain ontologhis work willimplementa local
concept to concept focuspnsideringsingle concepts and their direct relations to
neighboursThis way thefocusis on single concepiso map theconceptof the domain
ontdogy to numeric valued o r the importance di mensions of

(neverthelessa hybrid approach is introduced as an extension in Setdod).

But, whatparts of the ontologghouldbe consideredo map the senmdic of concepts
and relations into valuésConcepts within the STUDIO ontology are differentiated by
different types— knowledge areas, basic concepts, examples,—etdth a different
semantic in the context of learniri@evisiting connectivism, theertral idea is thathe
importance of concepis based on how well they are connected and, more specifically,

is based on how well a concept connects new sources of information. In this cootext



the existence of a concept itself but its ability to conhteeother concepts is important
sothe relations to other concejgt®in thefocusand consequently their specific semantic
Concepts and relations are equally described by semantimobyparing the semantic of
theknowledge area focusetre concefs and their relations, it becomes evident that the

relations either mirror the semantic of the concepts or even detail them:

1T * Kn o wl Ar cegidetailed bythreerelation types Has subknowledge
areaRequires kand WWaadge fof

1 ' Basi cp tCaatesteother knowledge elements witRe f e andis t o “

detailed by Pr e mi s e “

1 'Theorem" is related to' Basi ¢ Cand othgr't Teerems by

Co n c | and relates‘to knowledge elementsbiRe f er s t o*
1 ' E x a mpate eefated to other knowledgeementsby Ref er s t o

Two generalgroups of concepts can iogerpretedrom the different typeKnowledge
Areas (Knowledge Area) anKnowledge Element§Basic Concept, Theorem, and
Example).The groups implementinternally relations of equality ardr relations which
furtherdetail conceptsSpecifically, w t h t he * P a rgroupmfKfowledgel at i ©
Elements detaslthe group ofKnowledge Areasin general, he relations are either equal
in discriminatinghe conceptandtheir semantigcor offer more detaito the relationships

oftheconcepts as the " Premise“. and " Conclusion'

Considering in more detailoacepts which are part of the Knowledge Elements
Knowledge Elementsire different in their typebut share— beside the combination

Basi c concepthemdi n TrheelbaecteigsoRe 6'trr s t o“ on

handd o e s n ‘' t strand fisemminatingpower andas such limitsthe assumed

difference of the concepts in regards to a difference in the desoddllingdimensions
“det ai | “ Thengdoups arevesuhlized Figure23. In consequencgehis work
will focuson the semantic of the relations as the representative for the semantic of the

concepts.

For this work the importance dimensionsoheed® and " detail * a

individual concepts, based on the semantics of their relations. Every relation contributes

wi t h "need?" and det ai | “ at the same tir

det ai | of a c¢ dmalmeasuresvdll thencancoumtddr all relatioes a f
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single concept shares and enables to compare individual concepts. As such, the measure
implicitly integratesthe degree of each concept by considering all relations of a concept

at once (so the degree afmmectivity)—in line with the assumption of connectivism that

the degree of a concept can indicate a better access in the context of learning and
furthermore, in line with the findings of SectiBr8.2.4 that the concept dege can be a

weak predictor for performance in a structured learning and assessment approach.

/SI'UDIO Ontology Aass Model A

Has sub- Requires
knowledge areaC Reledee e D knowledge of

| Knowledge

Areas
Part of Part of |
Part of \ —
|
|
Example :
—Referstot— ,
| -
/ ' Knowledge
Referst >
/ ersto : ”| Hements
I
I
|
I
I
|

Figure 23: Grouping of concepts, visualized on the STUDIO domain model.
Equatiors (9) and(10) belowarepicturingthe basicidea of the mappingf relations

to thar connected concept&ach importancedimensionis collected and summed
separately ovetthe ¢ connected relations, which address the i§igeémportance
dimensionmapped to théndividual concepthode The specific value of a relationis
based ornhe semantic of the useelationandexplored in detail in the following section
8.3.3.2 The numbek is equal tothe degreeof a node (while single relations may
contribute with a value of O tonamportancelimension)

#1 1 AADPO 2AI 2 Al E Ya 9)

#1171 AADO 2AI 2 Al E Y@ (10)



8.3.3.2.  Preparation of the Numeric Interpretation of the

Semantic Relations of the Domain Ontology

Assigning or mapping numbers $emanticcan happemn multiple ways. Onavell
exploredsolution is the use of fuzzy setsuzzy setenable to amount for uncertainties
by allowing to describe environments 1in
necessarily the system (BeliharandcZadeh Y96h , ar ¢
fuzzy sets, entities can belong to multiple sets with a value set in an interval @f{@,1]
it is possible to attach labels to specific valwesich representhefuzzy’ s e maoft i ¢ “

agoup of entities, e. g. tall “, “medi um
alternatives areexploredin the field of psychometrigswhich tackles to measure
psychological phenomeno®ne example is the Item Response Theory (IRTarlson

and von Davig 2013) as addressed Bection3.4.

Also suitablearerating methoddor goals, features and alternatives in tedelling
of decision processes in the field of decision theory. The motivation is to model decision
processg which can derive complex decisions in environments where parts or all factors
are nontrivial to quantify and human perception and judgement is part of the decision
processWell explored examples are the Ga#tlity Analysis (CUA) (Nas, 2016)and
the Analytic Hierarchic Process (AHRBaaty, 1987)as a more complexxtended
solution. AHP definesa hierarchy for the decision process, decomposing goals into
criteria and finaklternatives. Within the process the goal is labelled with the value of 1
and all decomposing criteria in the t@echysharea faction of the 1.0, adding up to 1 and

represenng the weight or priority of the criteria.

In contrast to the available methodologiesremslateconceptsemanticio numeric
values, this work will use an elementagpproach motivated by but not following the
approach of AHPAHP models a complex dision processexpressing he expert
preferencesn a decomposed structured decision process for rating decision alternatives
while the concept importance measure targets to measures individual cdocegpts
guided assessment and learning pracEssaimedassignment of numbevall be based
on an expert modelledranslatingthe semantic of the relations to numeric valdée
assignment of numbenshich will be propose, is strongly connected to the goal of
learning, which may introduce a degreeuotertainty In such arenvironmentfuzzy

logic could be an appropriateepresentation. Yett is not in the scope of this work to
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account for the uncertaintgf different factorswhich (are known or unknownto)

influence a measuréor ratingthe importace of concegtfor the goal of learning

The study inSection8.3.2.4(Weber and Vas, 2016ahowed a weak correlation
between theconnectivity degree of a concept and the performance within a guided
assessment test, based on the STUDIO domain ontelegyich is addressedby this
work. The studyconsidered thgerformance of a studenwhich pictures the state of
learning of a learner at one given time in the learning procekie learning is a
continuous procesés suchcorrelatingthis * snapshot performanceo theconnectivity
degree of a concepan only partially capturthe learningf a learnefeven ifthe learning
process continuethroughout theassessmenby connecting the already learned to
concepts and statementgioé assessment questiaidg¢verthelesghe correléion to the
connectivity degreds an indication that the assumption of connectivism that the
connectivity of a concept has an influence on the learning of surrounding concepts (e.g
better accessp right As such a measure to track the importance otepts in the
context of learningvill benefit from integrating theonnectivitydegreeas a source of

information.

The domain ontology incorporatesolely directed relations. Toconsider the
connectivitydegree of concepta/hile equallyconsidering the aality (semantic type) of
the relationof an individual conceptthis work will considerincoming and outgoing
relationssimultaneouslyTo do sethe concepts wikkonsidethedegree oexistence and
the degree of absenceanfimportance dimensigrepresented by thendividual attached
relatiors. To ease the modelling process and the human understandingti@tslation
of the importance dimensions afrelationto numbers, a relatiowill be ratedfor a
specificimportance dimensioon a scale of [0(0]. E.g. a relation cahe ratedfor a
singleconceptandtheimportance dimensioa f ' nwehehed ValueBO on a scale of O
to 100, indicating that, based on the relation (and its direction), the concept is highly

needed for the neighbour connectebtigh the considered relation.

The mappingof the importance dimensicedditionally has toas wellconsiderthe
absence of a specifimportance dimensioriThe chosen solution is to split the interval
into two ranges toonsideritherthe existencer the absence ofienportance dimension
The first intervalwith [0,50) expresseshe degree of absence of the specdimension

and(50,100] the degree of presence of a given dimendibe midposition d [50] is



reserved to express ameterminate stat@here the individuaimportance dimensionas
no effect on a given concept

An example is given irFigure 24. The "“Basic Concept*® i s

“premise* relatiemptesai hghtebateamt heemiBaes
f or t he .ThE ateadvmentnof the specific dimension to a directed relation and
thefollowing mappingof the connected concepts can be imagined as a slider attached to

the given relation. The relation binds 100 value ni t s f( thenmpertgnea s ) (

dimension-h e r e —and thrdugh the virtual slider the units get distributed to the

connected concepts. I n the given Basigkampl
Concept expr es Basicondeptai st he ght h Ehedreaid eads feao r
precondition-connected by the " premise®* rel at.i

mapped Thewmrei he o' express that the concept
degree (i n cont expressiord the inverse dettiony. needed*”

Figure 24 summarizes the intuition of the split interval and the slider distribution.

Every relationh a s a need and a "detaill val ue

dimensions at the same time.

.. | A Directed relation
80 20 accounts for20/100 on
iKS RAYSyaarzy

80=; c Theorem ={ZI2(§)

Premise

Figure 24: Splitting of the available value of the dimension onto the concepts
connected with a given relation.

The translation of the semantic dimensions into numlerssiderghe direction of
eachrelation. Sgin the case of theelation® p r £eni t h ewitlc tbenoatgomd
rel at i on'isngedetbythescentept to which it is pointing to, while the target
conceps ‘trheee df o r mMependimyonntbheedefined translation of the
importance dimensioand the direction of the relah, the context of the translation
changes betwaeed " neeqlaly ded“aidmrsd aTade * i s
25 shows the translation of the importance dimensidbhe translation motivation (e.qg.

sFoll owing these interval definitionshyintlidldieg | ower
explicitly the 0—than the slightly smaller interval (50,100]. This difference is accepted in favour of being

abl e to express the complete absence of a di mensi
neutral middle value.
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"nese¢dvs "is needed by*") changes based on the

the defined value of the translation for an importance dimeifisianspecific relation.

Table25: Intuition for the numeric mapping of themportancedimensions.

dit Detailst

> 50

dit is Needed

> 50

Is part of

Is needed by

To considerseparatelyach relation aoncepttonnectsevery relatio is regarded as
a pair of mirrored relations: the regular relatioounting for the concept for which it is
an outgoing relatiomnd an implicit inverse relatigrtounting for the other connected

concept carrying the inverse valgef the relationincas e of t he rel ati on pr
conceptfrom which the relation points to another con¢eptdwhich is regarded as the
sourceof the premise t{he outgoing relation)receives from the relatiod Qa = 08

whil e the ot hé&iQ®e 0 =Q@&tphtr oruégcherittvtheesler se r el ati on

Thleatctoenrcept receives a ‘he®d2vaasl tuei 3 nhitgehlms
dependent on anot heea tchoeacledat i dutehiteh €@ ed ame otni m
i sonsiadteaaetdb nst Hat st he concept has a relation
accmaeise informatlhen i morrisSeaanrripadcimoBat es,

t he concept t at iwhhn c p oat phtee rhrifeoen baosund, r el ati on

YQ®e v Ya -'YQa ¢nThis way the scenario of
i ncomi aomtoaamma@nnecti ons i s projected to a scenc
mirrored by an i nweérosuenldacerceams odeard onl vy

Figwe 25i | l ustexampl eeainfmpor tt darec eo f'd ie walmhde o n

‘Knowl ed‘gies Ad élaya i tllreed out ‘'daisnfgmaudebat sanh gather
| owet aiviailbwyg t he,arsedidnti oifmatmanrt $ han detailing
connectAgoan n, the | ow value encaurtsevdtihlae t he

transamtniinaduonwe r.l nalcgwmh e aisnv e sse ptaapltpal taoifeosn
a high (1 nyhetrasregpentgfacruewhiocht it i sl hen iadwtagoi ng
of the mirroring of each relation with a virt

ol n terms of the semantic of the domain ontology the (s
‘conclusion®. Conhevdeséengel atronsal here has only the ra
calculation of the importance measure and is not an explicit semantic statement.



then only outgoing relations have to be
rel ataad of mirrored iamveatgerieéehat icams s e’
relations, extract the 1 mportaneg dianmd res
(@addr ess dable26aatnedr cial cul ate the measur e.

Has part (normal)

Each relation
adds to both

. Basic
<-norm. + INv=>

Knowledge

Area Concept
A

Is part of (invers)

Figure 25: Every directed n or ma | /relaianisImarored implicitly by an
“inversé relation tosplit how the semantic dimensions are translated to the
connected concepts

To countwith all relations meaningful in the contextlefirning— which respodsto
the target of modelling the importance of single concepts for the goal of learhiage
relations and concepts azensideredvhich are relevant for the scope of learnifige
STUDIO domain ontology implement&/o general sts of concepts and relatiorls a
curriculum related set, focusing on competences and actions and tasks connected to
competences which is not addresseahd out of the scope dtiiis work and available
through(Vas, 2007)- and 2) a learning and assessment focused set, addressed in this
work and elaborated in the previous sections and visualizédgure 23. The later,

learning focused sawill be the basement for modelling the concept importance measure.

8.3.3.3.  The Numeric Interpretation of the Importance

Dimensions

Multiple approaches (manual, seentomatic, automatic) are aplle to define or
derivenumericvalues foreach concepteflecting the semantic of the relations dmds
concepts in the context of thmportancedimensions need*® anAlmahudlet ai |
definition represents arahexpert modelling approach where th@mber translations of
the importance dimensiorgse manually defined based on the expert knowledge about
the scope of learning, the domain to leamd the structure and semasti¢ the domain
ontology. Automatic approaches can use machine learnind bak#ions te@.g.observe

concept and relation related patterns with (supervised) or without (unsupervised) an
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explicit numeric representative of the learning progress while using the STUDIO domain
ontology for supporting the learning of a specific dam&lybrid approaches and expert
supervised approaches can frame samdmatic processeSonsideringhe volume and

scope of the presented research questions an expert modelled approach is chosen to
directly reflect the experience of the usemgintaines, and architects of th8TUDIO
solution— selected for this work and to furthermore frame the resources available for

addressing the research questions.

The expert modelled mappings for the choseportanced i mensi ons of ‘*need*®
“det ai | “ nTableg6. Thétable shows on the left part the relations of the domain
ontology which address the context of learning. Tigat part collects the mirrorefl
inverse relations. The mappi engisnsadlsamitrone * det ai
for each inverse relation the regular relations and together sum to 100.
Table 26: Collection and comparison of the expert modelled mapping values for the
relations in the importance dimensions "need" and "detaiwo.
e
has par is part of
ared
requires knowledg
of required by
A part of the relationgends to beunderrepresenteth the domain ontolog as
‘“concl/upsrieomi“se”“ and ‘refers to“. They exist a:

relationsof the STUDIO domain ontology, yet thature of the modelled content requires
these relationtessto expresspecific domainsThemost frequenpair of relationsare
among the ' Knowledge Ar e dablé26( bwiitghht "' ltaond osulk d

knowl edge area“ anhéd. requires knowledge of

10 The inconsistent naming of inverse relations has historical reasons and is based on the software
implementation of the STUDIO approach.



All translations of the importance dimensions to numbers and weangthtis thesis
will be expert modelled. They represent the natural observation and understanding of the

relations in the scope of learniagdare based an
1. the experience collected in thgstemexploration (STUDIO, see Sectiod.1),
2. the description of thdomain ontologyand
3. theinteraction with thesystem designers antearners and
4. thetracked usagedata of the STUDO system
The basement for theelection ido design the mappings in a way that

1. concepts can be separatelly a singlerelationwhen combined to a single

measureand

2. especialht he di me n s icanbe differentiated eetl-ast he * need
dimensionrepresents a strong statement about the requirements of learning,

embedded into the domain ontology definition

An extra benefit of mapping the semantics of the relations directly onto the concepts
(instead of vice versa) and splitting the single importance dimensions across the relation
is, that it is possible to consider concepts and relations even if theptdoeehich the
relation is pointing to is unknown (the unknown concept could at best be narrowed based
on the "allowed®“ relation in terms of ¢t}
calculation of the indicator is beneficial for situations whereneated concepts are
unknown pieces of information. The local calculation also supports the learning, as
learning is a stevise process and may involve cases where it is still not (yet) known
what will be mastered by an individual student. In such sdnafia learning window can
be applied and limit the set of concepts in focus, which would still enable a complete

calculation of the concept importance measure.

Furthermore, the shetter m | ocal * i nformati on what
master irthe learning process, may be of more use than a completéslondorecast of
the gl obal single best connector to new
distance 1 neighbourhood concept importance against a possible >1 distance
neighbourhood, fuhter research outside of the scope and frame of this work is needed. A

solution would need an extension to control and limit an observation window as e.g.
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introducing a damping factor for the calculation, similar to the PageRank document
importance ratingPage et al., 1999)

8.3.3.4. A Thought Experiment on Considering Incoming

and Outgoin g Relations

The allocation of the importance dimensions to concepts, based on their relations
considersincoming and outcoming relations. The explanation of the process is given
earlier, yet it would be also an option to consider only incoming or outcpraiations.

The rational of considering both is to differentiate concepts better, based on their relations.

The following figuresFigure26 andFigure27, illustrate— based on a closed system
of conceps — the difference of the differentiating powef consideringeither only
inbound connectionsor considering both connectian$he circles are representing
concepts and the arrows relatioAl.relations areusingthe samémportance dimension
withthes ame val ues (e. g. ' neeHotbothfiguréestheautenr r es know
green ring considers only inbound connections. The yellow ring considers bahdin
outbound connections.

0 0|1 160
60 0|1 180

20

0 O 0,67 0,67
0,33 0,33 1 1
2120 Normalized/.0,33 | 1../including inverse 240
80 Normalized/.0,33 | 1../inbound only 240

Figure 26: Comparing a normalizedmportance dimensiormappingin a closed
system with an equal number of relations per concept.

For both figures the corners of the coloured rings are showing the sum of the relations
of the node in the corner. In both figures the sum of the mappings is m&dhad the
minimal and maximal sum in each ring to render the illustrated cases comparable. The

normalized values are shown in the middle of the rings for each ring. Emgure 26,



0 | 1* means that b&om volefeconheptastnarmpalizechty t h

0, while the -rilghot® csounnt eopft tihse ntoorpmal i z e
0 0]1 160
40 0]1 180

Accounts

different for

the degree

1 1 |

1 086 1 |

2120 Normalized/.0,5 | 0,8€../including inverse 160
80 Normalized/.0,5 | 1../inbound only 160

Figure 27: Comparing a normalized importance dimensions in a closed system with
an different number of relatios per concept.

Figure 26 models an equal number of relations per concept. Despite the different
strategesto account for the relatiorfenly incoming or both)all normalized sums of the
mappings- illustrated in the middle ofazh coloured path between two conceptse
equal for both coloured summing approaches. In conthessystem ifrigure27 models

an unequal number of relations between different concepts.

The difference betwedhe systems ishe existence and absence of the grey coloured
connectionfrom the topleft to the bottorright conceptand the resulting change of the
sumsat the cornerThe resulting sums of thelationsare calculated ithe samevay.

But the minimum and maximumaluesfor the normalizatiorof the sumshanges with

the different number of relatiorad the sums scale accordingly.

In contrast to the system Kigure26, in Figure 27 the bottormright concept cannot
account for the changatroduced by the missing connection if only inbound connections
are consideredConsequentlythe topright and the bottomnight concept share the same
normalized valualong the green edge and only the mapping which consideasah
outbound connections fully accounts for the modelled differeftes difference
underlinesghe design decision to considesth:incomingandoutgoingrelations.
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8.3.3.5.  Fusing Importance Dimensions to an Integrated

Concept Importance Measure

The previousections isolated thenportancedimensionso bemap to numeric values
and the actuadtrategy for mappingoncepts- considering theelations of the domain
ontology Figure 28 visualizes a learningath through the domain ontgp. For each
concept on the path a valueshia be derived to express the importance ofirldévidual
concept for learningTo account fort he ' ané‘edlé t oi a Icdncept while
considering multiple relations for a concejnanultaneouslyrequires astrategy to fuse
the dimensionsf all relationsto one measuré'he goal is taeflect the dinensions and

the degree equally.

< <] °
Non-directivesiftendiaw: Out, A Transactional Reward
@ in
1odat, ™ °
’. ] Reward Policy
I IR HRM

L]
Strategic Human Resource Planning Process

Y e & N
( @®

cs!rucwmg Strateg,

] R
Huran-Resotres Imo'man%éﬁg?rl‘%?r‘.m Mapagement Swrategy

% (<) )
QA Employee Relationgeiy; [
@ 2
Honest and Integrity Test %
% 5 out, S °
ﬂim& e Statdlyic Analysis
° e 5 f ?

Figure 28: A learning-path through the domain, with concepts with a different degree
and different rehtions to account for with the desired concept importance measure.

The aspect of "need® and "detail® of a conc:¢
the assumptions taken for the goal of learniftte goal is to derive a common measure
which reflects themoreneeded and more detailed concepts result in a higher value of the
importancedimensions and finally the combined measa® pictured in the matrix in
Figure29. So, to combine thenportancedimensions into one measurepresenting the
concept importance, requires to define how to weight thewtording to their assumed

relevance in the context of learning. To do so the measure considers three factors:

1 Dimension mapping: importancedimensions to map for one individual

relation.

1 Dimension weight: specific weight of themportance dimensiotior the

context of learning.

1 Sumof relations per conceptthe different relations of an individual concept.



100

Highly needed = Highly needed
Low detall Highly detailing

50

Sparsely needec | Sparsely . needed
Low detail Highly detailing

Need level of a concept

o

Detail level of a concept

Figure 29: The concept importance matrix. More need and more detailed concepts
result in a higher value of theimportance dimensions and finally the combined
measure.

Connectivism follows the assumption that wadhnected concepts are valuable
connectors to access more knowledgewaaltconnected congésenable more learning.
This assumption can be extendesell-connected concepts more likely represent
knowledge which is contentise needed for surrounding concepjdrom the network
perspective- representingpottlenecls to other knowledge and2) from the perspective
of understanding representing central knowledge which is needenaster surrounding
concepts unifying the neighbourhoadThe directmodelledneed for other knowledge
through an expemnodelledrelatiof e . g. t he ' reeui“r)e < alkain dwel e
as an alternative expressionthbis connectivitybased needaking the viewpoint that an
expert moded an explicit requiremenbd express that a concept is needed for a range of

other concepts, which again reflects a notionasfnectivity.

From the perspective of behaviourisfiact knowledge and- more general-
knowl edge which ' dgdtsai'lnse“e detdi e rt ok reamvalbd deg

process. In this regard, the identifiegportance dimensioa f d e t antetpretedc a n |
as aremote substitute forthe* need “ . While this work do
behaviourisma fact or a detailing concept can inéerpretedas more needed if it is

connected to a range of other concepts

Mapping the collected considerationsto the task of weighting thienportance
dimensionst h e * ncensidkred ahe semantically stronger concept asitnbines

the connectivityh a s e d éxpressed Byvell-connected concepandthee x per t * s
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perspective of modelling essential copisghrough different relationsThe dimension

“detail® i1s consi demédcoatextYethk e i nlibetoleor “ i ndi c a
sufficientyaccount ed for tdesshreattée” t o detpaiolted” cc
they are well connected.Fu her mor e, t he ' det adiepresended mensi on ¢

within the weighing as it is expectedthat especially general concepts have many
connections as they potentially unify multiple knowledge aaeadess general concepts
have to able to competehen being welconnectedConsequentlythe weights will be

bal anced with the goal to prefer needed”“ nod

concepts with many connections "“to catch up®.

To enable a direct and intuitiveodelling approach for vights, weights ardefined
on an interval of [0,100] for each dimension and are then set into relation to each other in
the interval [0,1] by dividing each weigtiiroughthe sum of weightsAll normalised
weights together then alwagsm up to Iwith thebasic normalisatianwherel is the
dimension weight in focus and the denominator sums over alhilable dimension

weightsu :

0 0T 0 (11)

The goal andthe intendedrofit of the specificweight selectiorand normalisation
processis thatfurther dimensions can be integrated-demand without changing the

expert*® s mo dssumingthe gxpert mairtaing sinjilar modelling intent
throughoutan extension, preserving consistentweight modelling. Aligned to the

gatheredconsideration®n theimportancedimensionsthe domain ontology itself and

related learning theorigthe weights are selected@as X T T Tresulting
ina* detai |l * [/ x¢jmoewstld® rati o of
, 0 X T 1
v ; ; o
0 0 XTUTT T (12)
, 0 T T 13
0 ; ; T @ (13)
0 0 XTUTT

To combine values and weights of the defimagortance dimensianthe weighted
sum model is applied. The weighted sum model is a fundamental and well explored
approach in the field of muitriteria decision makin@rlriantaphyllou, 200Q)The intial

approach, captured inghdation (14), combines instances of weighted {, defined

categories® ) over which alternative( are rated and finally combined to one single



value per alternative (the highdret better). In case of themportance dimensia) the

dimensions Y@ ) represent the categories for the weighted sum model, while the

global weights of the categories are represented by thdefireed weights(( ) of the

importance dnensiors.

The weight/dimension pairs are summed overthenportance dimensianof each
of the¢ relations of a given individual concept for which the concept importance measure
(‘O ) is calculated, as shown ig&ation(15). Figuratively, each relation can be
interpreted as an alternative route for learniegaluated over the defined criteria of
l earni ng (' andtbedstim of thedecatteanatii(te Jntegrated connectivity)

is the potetial for a better learning, which defined aghe concept importance measure.
! VzZoOh "QEdao Qi &QopRIELE (14)

) I D 0 2YQda h "Q¢d QCHDE DI B (15)

Figure 30 shows an example concept with tedas to calculate the concept
importance measure on. Theaahtion is done from an outboupérspective in terms
of the relations. So, the relation °
a " Theoits'epnr e miss BaSic Codcepeh i ‘'ghl y ' dTi@dorami | «'h dt h
iI's highly "needmudper spectriomet b Dhé ' Bas
"Basi c dight meptdifighadeat ai | “ | dowaccoaning happers ( t h

at t he ° Th boomd@méchonsm@Adnsideredhbased on their inverse relation

prem

“ ¢ o ning‘e rtt h e m boundreation maset o able26. Based on the composition

of relations, the measure is calculated as:

) I D x ZR1QaQi Q0 zpl QaQi Q
x z'Qf bodiTQ 0 z'Qi 0O Q
x  zREVOELEQAOIUQEEZQEVOEE DO

x Zi MWi i QQ0 wo Zi QQQI 1 QQ6 w
T G T TP & Y TT

T @EYT 1T8p F P TT

T Wt 1T8p ¢ Y TT

T ELUT TPFULT pOIIO

(16)
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Inverse
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Figure 30: Concept importance example case for calcuaf the measure.
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Revisiting themportance dimensiomappings and theappings of the relationghe
defined concept importance measuaa distinguish nodes with one or more relations.
An example is given iffable27, calculatingthe concept importance measure for a node
with one outbound relation. ThYVeldsthesamat i on pair
result if calculated for a single relation afiod one of the relations the inverse relation is
considered as c'oinrcy lathp frameaf thigworthis is an intended
modelling outcomeo account for the mirrored nature of the relation.

Table27: Concepts are already distinguishable based on a concept importance
measure for nodes witkingle relations.

Relation need detail ©. _mzneed om_ (Zdgtal sum

has part 40 20 25.45 7.27 32.73
has subknowledgearea 45 35 28.64 12.73 41.36
premise 80 90 50.91 32.73 83.64
conclusion 20 10 12.73 3.64 16.36
refers to 50 50 31.82 18.18 50.00
requires knowledge of 0 35 0.00 12.73 12.73

Considering the logic of the concept importance measure a wide range of
modifications in the presencaf more information is possible. As gathered earlier,
additional dimensions are possihileportance dimensiacan rewveighted ondemand
and different sets of dimension mappings for relations can be stored to be applied on
demand e.g. to support the adaptive behaviour of an implementing system. A dimension
extension is proposeds part of the measure integration startingsattion8.4.4 to
account for the learning progress and better account for thellmgdetent of concept

groups.



8.4. System Integration of the Concept Importance

Measure

To integrate the measure into the STUDIO systisystemhast tobe extended in
three mairpillars:

1. Concept importance measure modulethe systenwill be extended by a new
module to derive and manage tbencept importanceneasureto enable a
systemwide seamless use of the measufée module will integrate a
parametisation interface to adapt theconceptimportance measure for

different scenarios aissessment and evaluation.

2. Path based assessmento utilize theconcept importanceneasure anew
pathbasedassessment algorithm will be creat@tie pathbased assessnten
enables tacreate paths through the tailored domain ontology used for the
assessment.rém the created pathsconcepts can be selected on demand,
following different specific assessment strategiéike the selection based on
the importancemeasure toedect the next important concept for assessment
and learning. To utilize the new concept importance meghaienplemented
pathextension will be used totegrate the new measure anadtstomizethe

assessmerndlaterevaluationalgorithm.

3. Path-basal evaluation: A concept importance algorithm follows paths but
will select the next concept to test within the same path based on the highest
calculated value of the measure for a specific conéepthermore, ancepts
could be connected through differgraths to the respectiveot concept and
depending on the complexity of the
may be accessible through multiple pathke algorithm will make use of

assessment paths and implemeimésintroducedatvaluation strategy.

To address the intended three pillars first a {tbed assessment and evaluation
strategy will be introduced universally. Based on the -pafed assessment different
assessment and evaluation strategies are possible, in particular a concept importance

based assessment and evaluation.

The proposed pathased solution for assessment and evaluation will be followed by

a preevaluation using a less complex bottam assessment and evaluatiBollowing
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the trial finally the concepitnportance measure whk integrated and replace the bottom
up logic for a concepgimportance based assessment and evaluation.

8.4.1. A Path-based Exploratory Knowledge

Assessment

The initial algorithm for assessment and evaluatiortiegrated into the STUDIO
system, explores the knowdge structurén a topdown mannerin this regard the system
“dr-dodows” from the general to +ihleewdletheai | ed, mo
idea of constructivism and following a process related logic. To account for the behaviour
theinitald gor i t hm i s -doanl* e da |Tglaoeatedtddferentsolution
which explores the structure freelyas needed for @oncept importanceneasure
implementation- the system has to be extendeith a newopenalgorithmiclogic. The
extension Wl act as gootentialfundamenftor differentsmart knowledge exploration and
evaluation solutiom A new knowledge exploration framework will be developed, which
enables the implementation of various new assessment and evaluation approaches in
STUDIO. Inthis regard the extension will be, beside the final implementation, also a

theoretical extension to the concept of the STUDIO assessment and learning system.

A challenge is to ensure tteecope with theomplexity of the semantic domain model
and the asessment paths arw to translate the handlingto the existing system.
Furthermore, the new approach has to sepecificalgorithmic problems as e.g. loop
prevention andolveconceptual problems as edgfiningthe criteria for evaluating and
terminating the assessment. A summary of the concepts needed here with drasgdnt
perspective is published {(Weber, 2014pand the approach for a patased assessment
is reported iWeber, 2016a)

One of the major benefits of the domain ontology supporteeassfissment is the
potential to use the knowledge structure to see single answguestions in the context
of the "bigger*® knowledge structure of the or
stage of the assessment this may discourage students to retry the test after gaining more
insights,as it slows down the exploration thie knowledge structur®ifferent cases are
reasonable in whicih may have sense and reason to continue to ask questions for related
knowledge areas, even after a sequence of wrong answers. E.g. a student may not have
the overall knowledge of an educatabarea but may already know perquisite knowledge

areas, which are stdreas to the current test, or the test questionsntoe general



knowledgeelements may be biasedn d s | ow d edvonw.ritf hoth casesd an | |
exploration of knowledgelements dgeer in the knowledge structure may shed light on

differentfurther improvement potentials of the student.

A solution to explore deeper the knowledge of the student comes in the form of
assessment paths. For then i t i @ lo was$esamenitind evaluatio algorithm —
presentedn Section8.1.6—the criterion for evaluation is based oe #econd assumption
for testing, presented ihable 12 of the same section, pressing that continues failing
on gereral concepts forecast failure on detailed conceptsprboote a different
exploration of the knowledge structure withime assessmerend to trial the patbhased
assessmerthe drill-down thesis will be replaced by a bottam thesisThe bottorup
as®ssment and evaluation will act as a reference implementation for thégsaith
assessment and evaluation and is conceptualized in a way that it can be reconfigured and
reframed for other pathased strategies to traverse the domain.

Using thischanged asumption about the structuexplorationand their evaluation,
finally the new concept is introduced: assessment paths. An assessment path is a set of
knowledgeelements(concepts)which are connected by relations while the path is
conneceédwith one knowkdgeelement to the stadlement. With this newapproactthe
tree shaped knowledge structurehich is extracted foreachassessment, could be
interpreted differentlyas a set odnypossible paths fromneknowledgeelement to the

startelement

An exanple for a pathd shown inFigure 28. These paths are routes through the
knowledge structuréHow far a student succeeds on a path, marks the personal knowledge
of a student, while the set of succeeded phislightsknowledgeareas in which the
student excels. Beside tb&istingfeedback on the depthe learner reachadaithin the
structure, the new assessment also yields the potential to group the assessed knowledge,

based oraggregating single passed conceptsateof finished and unfinished paths.

In the choseottomup (reference)mplementation of the patbasedassessment, in
contrast to thelrill-down testing, the assumption is that learners will know details about
the represented domain, even if they cannot answestigus for high levelgeneral
concepts. A failing on earlier concepts mayblsed ora yet missing comprehension of
correlations and consequenceswhich is reflectedon the mirrored dependency

assumption, phrased Trable28—while detail knowledge is already known by the learner
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Table 28 Necessary assumption for traversing the knowledge structure in a bottom
up, path-basedsetup for assessment.

Assumption Description
Bottom-up If a testtaker fails on more detailed concepts the system will assume tt
knowledge he or she will also fail on more general concepts. If atédtr fails on

dependency more general concepts he or she could potentially still succeed on moi
detailed concepts. Resultingyah knowledgearea or element is relevant
for the main test goal. As higher level concepts are comprised of an
aggregation of detailed concepts, $enel concepts have to be tested as
complete as possible to explain failing on higher levels.

Further qustions for high level knowledge elements may be considerable harder to
phrase and create as they have to represent adffdoistween size, concept dependencies
and the numbers of concepts needed to make a statement about the core of a concept and
its implications. As such the probability for flawed or biased questions on higher levels

is higher than for detailed concepts.

Taking a process related view, learners may have sufficient knowledge to fulfil tasks
of the target job roles, attached to the procebsémay lack higherlevelunderstanding
of the reasoning behind processes. Further they may already have an understanding of
target processes, paired with the power to apply it in daily life situations, fitting to the
classification of the blooms taxomy (Krathwohl, 2002) but yet lack the analytical

proficiency to transfon them to the specific question.

As such it has rational, especially in early learning cycles, to start to assess more
detailed knowledge first to create an understanding of the current skill level and the
compliance to processes, rather than stoppiegassessment on high level concepts
which are hard to decompose to derive learning feedbadolution to explore the
knowledge of learners broader and more detaite a bottoraup approach- while

definingan evaluation frame comes in the form of the€ation of assessment paths.

Assessment paths are a generalization of the concept of connected knowledge
elements and describe paths through the knowledge structure which connect one
knowledge element to the respective stédement. A path can therebyclode an
unlimited amount of intermediate knowledge elements which are needed to connect to
the starfelement. To prevent loops in the directed graph, the final algorithm makes use
of a strategy tdolacklist visited nodes, combined with a backtrackingoalipm to

continue to create and explore alternative paths.



To enable the new path concept, ®EUDIO assessmerassumptions about the
structure, based on tldeill-down algorithm, have to be modified and extended, resulting
in the assumptions phrasedTiable29. The bottomup algorithmwill start from bottom
knowledgeelementsAs sucha path from a passed element to the stade may include
failed elements. To cope withthlie assessmeand evaluation ardone in separate wa
for the bottorup assessment, as reflected ®able 29. Following the revised
assumptionspassed elements will be only accepted if they are connected to a path of
other passed elements, connecting without interruption tddahestement.

Table29: Revised assumptions for a path based assessiwatit a bottomup
specialization)

Assumption Description
Extended All knowledge areas are connectdtherwi t h ° praquialerd f ©
Ordering for relationsorwith® r equi res _knowl ed g e forevety

Bottom-up Paths tailored concept groymatts, starting with a stargélement, will develop
on average from general concepts to detailed concepts

To sufficient explore the knowledge structime each set of knowledge
elements, reachable through a path of connected relations, the test v
first select knowledgelements whiclare connected throughe highest
numberof intermediate knowledgelementdo the start concept

General Path/ If a testtaker fails on more general concepts he orcstmestill succeed
Knowledge on more detailed conceptdultiple correctly answered paths may
Evaluation connect to the same correctly answered conésulting, each
Assumption knowledgearea or elemeris relevant for the main test goal, if there is

path of knowledgelements to the staglement, which includes only
knowledgeelements which are marked as passed.

8.4.2. The Path -based Assessment and Evaluation

Strategy

With the new concept of assessmeathg, the tree shaped knowledge structure
extracted for the assessment, describes a set of possible paths from each knowledge
element to the stadlement. These paths represent routes through the knowledge
structure and traces how far a learner mastemsastied concepts. Thayayshow further
how complete are the capabilities feetcertain learning outcomgsvhile the set of
succeeded paths together mark knowleaigas in which thearnerexcels.

The tradeoff for the use of paths comes in the shafen additional algorithmicosts
The loading and creation of paths has to be partiallyfgiched and- based on the
complexity of the structure- a multitude of different paths could be complex and

expensive in extraction. To lessen this resourcensttbe new algorithm makegsre
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emptiveuse of the knowledge about the evaluation of paths. Only paths between a node

and the starelement which include no failed knowledgkement will be evaluated.

Resulting each failed knowledgelement leads to antawo mat i ¢ ‘rdmbwalofk © and

the path belovihe failed elemenfincluding the failed elemenfpr the current pathAs

suchevery alternativepatwnhi ch only connects tthesaggh a bl o
element will be omittedas elements can balyg evaluated if there is a path to the start

concept openSq while the algorithm explores the knowledge strucpath by pathit

successively decreases the set of unexplored pgtbsaluating them and at the same

time by eliminating them based orobked concepts

Figure31 shows the creatioaycle of paths. The inpusub-ontology is based otihe
concept grougbased extraction process, as described in the preSeetsonl2.3.1 The

resulting sib-ontology delivers the structure which is used to run the assessment.

Create testing paths
From ontology items

Eval.
Results

Figure 31 Path based assessment process, succeeding thesiaiogy extraction
process.

The path creation over the course of the assessment will corglyudgger three

steps:

1. " Bui éxulatts fitting knowledgelements from the knowledge structure,

starting from the staiglement and combing theminto paths.

2. ' U s, #&riggers the central assessment which then assesses theopatpt by
conceptbased on the connected questiens case of a bottornp assessment
from the bottom to the top element.

3. Thestepof St or e isacenaurrénspfocess, storing the success orédail

of knowledge elements and ctite path of atlements which are nmeed as failed.



So, if any element fasd, it will be marked as failed and block the later part of the
current path to the staelement.The block is twofold: 1) no element below the blocked
concept will be tested for this specific path (which is releanta nonbottomup
assessment) and 2) if later a new path is created, the creation process will be stopped for
the path when encountering a blocked concept and the last added concept will be the end
of the current pathWith this cutoff procedurethe aborithm minimizes the set of future
subpaths to assess. As designed, the system accepts every path of knaldatkges,

with any length, which reaches the stalgment through offered relations and passed

knowledge elements. Resulting, a failed knogked | e ment splits a pat
which could still reach the stagt] e me nt and a failed bott
considered.

Figure32visualizes the assessment and evaluation process in more detail. In the first
1) stage a bottom concept of the path is selected for assessnwvlith for the concept
importance based assessment could be selected by a different criterion. 2in thep
earlier concept is passed and the next concept is selected. In contrast to-thevdrill
algorithm for evaluation no mulioncept pasthreshold is required to be passed. This
time the | earner fails to answer and the
also connects another concept, which could be added later for a new igatbnsidered
as "blocked*“. So, the smal|l str wvonepathe us
which includes the left and one which includes the right bottom concept. The other

concepts are shared in both paths.

Select Pass & Select Fail & Block & Select  Pass & Finish

@ @ @l’—\
o= ) '

(@)

\\ =7

\
Figure 32 Detailed path creation and blocking process.

\~

Assuming the example of four concepts t
potential path, as shown in 3), and reduces the search space. In step 4 the top concept is
passed and marked as passddw follows an additional stage of evaluation. Only

concepts which are connected through a path of passed concepts to the top element are



Doctoral Dissertation

‘accepted® for the final evaluation. So, eve
concepts correct, only 1/4 amecepted, so the final result is 25%.

Figure 33 shows the result summary visualization of the bottgrselfassessment
test. Red/dark dots signal knowledglements which the learner failed, while green/light
dots identify knowldge-elements which are passed. The image visualizes efficiently the
potential to reason on cleared and not yet cleared areas of the domain. While some
concepts are known, higher level knowlegdements could not be passed and mark
sections for further leaing. Orange concepts mark concepts which were successfully
answered but couldn‘t be accepted as no path
middle “"top*" c 0 n EigupeB3 alreddly displayrnarmadtized sondepn

importance measure values. The implementation is addressed in later sections.
[ ]
Customer Relationship Management (1.9)

[ ]
Supply Chain Management (4 67)
[ ]

Supply Chain Management Solutions (0.7) P BusingssEconomics
Business Applications (4.12) . ®
Uzleti informatika |. negyedév view Data (1.34)
- .
Supporting Integrated Business Processes (1.08) Business Informatics °
Information (1.34)
[ ]
ERP (3.36) Information System (12.3)

. .

Warehouse Management System (0.7) Knowledge (1.34)

Figure 33: Result visualization as educational feedback for the learner, based on the
path-based evaluation

The path exploration and evaluatibase blocking is one way to control for the
complexity of the domain and the assessment alike. This way also potential loops are
minimized as every branching of the structure triggers the creation of a new (overlapping)
path and each -patmef sotreasedséejasd accounts f
which cut off paths and b) already asked concepts are not asked again. Still a part of the
search space for paths still allows the creation of loops whexe hs * poi nt * back

themselves.

The solutim for this bottleneck is that it is not allowed to add the same concept to the
same path twice. So, for the first iteration the path will include all the concepts till the
point where the loop enters the existing path again and after the assessmertdpts con
in the path will assessed (or even blocked) and the next path will be created including a

different subbranch of the domainAs the creation of the paths (in contrast to the



assessment) follows only directed relations in their intended directierhuifding of

paths is unique.

The core patitreation algorithm is implemented in two straightforward lo®gken

a conceptvasfailed, or has no other concepts to geteither because there are none or

because all o tthenthscomepes ' ‘bd locskeed™ and won'
mor e. The cl osed state can thus be consi
wi | | be "infected®* and the assessment or

1. Removal loop:Take the path and travergaip-down If the concepin focus
has no connections to nafosedconceptsthen close the concept. If the
concept is closed, then remove all further concepts from the path. Else look at

the next concept in the path.

2. Add loop: If the path is empty then ddthe start concept. Select the last
concept in the path. If the concept has a connection to-alased concept,

then add the concept and consider it next to add more concepts.

If after both loops there are concepts in the path, then start the assesStine mext
concept. If the path is empty, then all the accessible concepts (some may be blocked) are
asked and the assessment endghich is the finishing criteria. The loops are running
after each assessment/ evaluation of a conSegfter each gration the path is different
and adjusting to the set criter@ne major profit is that not only the exploration and the
loop-prevention is solved this way, also for a complete evaluation-@vatiation of an
existing test, the structure only has topre-initialized with the information passed /
failed and the system evaluates the given test through running the assessment again while
using the known answers to evaluate / close the concepts. This way evaluations for
different answer sets can be simathbn demand.

8.4.3. Experiment on the Application of a Path  -based

Strategy for As sessment

This experiment will cover the extendegathbased assessment and evaluation
framework— based on a bottomp example implementaticnandis conductedon the
Businessinformation Systemsnformation system$achelor course, which ensures a
comparability tootherexperimens in this work The learner used the system to prepare

for the midterm exam in March and the fintdrm exam in April 2015.
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Thestudywill have a twofdd focus—to evaluate theew pathbased assessment and
evaluationframework and to get a comparative insight into the influence of different
testing strategies on the assessment of the leaBtedentdsearned usinghte drill-down
assessmerand usinghe pathbased b o t-u pEssessment approaevhich appiesa
behaviourisndrivenimplementatior{bottomup - facts first as an average tendendyje
concept of assessment pathsused to connect concepts throuygdths ofconnected
concepts to theoot concept of the knowledge structufene experiment buiklon the
lessondearnedn the system selectiaandusevariables which werexploredwithin the
architecture extension of STUDIO 8ection8.2

A challengeisthat he noti on of “direction* in | earni
learning theories. As suchihe derived feedback will incorporate different factors
influencing the results of the assessment. Further a connection to the later behaviour in
the learning modulill depend on a sufficient availability of qualitative and quantitative
feedback. The togdown assessment is based on an existing solution within the STUDIO
system and the bottoop assessment with assessment paths is published (Mthlver,
2016b)and the first level resultare summarizedn the publication (Weber and Vas,
2016b)

8.4.3.1. Analysing Drill-down and Path-based B ottom -up
Testing Within a Course on Management Information

Systems

The field study explores and evaluates the {batbed bottorup assessment in
contrast to the drill down assessment and evaluation approach. The study took place in a
blended learning environment, where students had access to thdeext8mUDIO
system and to traditional | earning material a
of Management Information SystenBased on the STUDIO performande tstudents
had access learning objects, provided through STUDIO. The study hadages:s
students used the system witldi@l-down implementation throughout 14 days to get
prepared for the miterm exam and with a botteop approach throughout 13 days, a
month later, to get prepared for their final exam. 287 students took part opttievin
test (61,897 tested knowledge elements) and 213 in the bopiaest (25,919 tested
knowledge elementshn the first stage the students had the motivation to prepare for the
mid-term exam (the concept group were tailored to theterah topic rage). In the



second stage additional incentive for studentgereprovided in the form of extra points
for the final gradeTwo third of the students from the first stage also joined the second

stage of testing

Figure34 descriles how many times each knowledge element had been tested using
each ofthe two approaches (the larger and darker the circle, the more times the element
had been tested), whilegure35 accounts for the number of times a knowledgment
was passed across all test runs. The graph visualisation of the visited and passed
knowledge elements figure34 andFigure35traces thelifferentexploration of the two
algorithms. For the fpdown, elements are visited more frequently when they are near to
the start elements in the centre, the focus on the right part tributes partially to the

clockwise selection of initial nodes.

In case of the bottorap testing, bottom elements are visitadre frequently and
more equally, which partially goes back to a stronger random selection comfibaent
path can branch in different directions, the direction is chosen at randbmpets of
points within the graph are scaled within the respectitatealgorithmgo compare the
distribution soFigure34 (a/b, scale [60,3300]) arfeigure 35 (a/b, scale [10,900]). The
overall pass/fail distribution among knowledge elements is 73.18%/26.82% {dwowop
and 69.87%/30.13% for botteap testing and in this regards comparable.
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Figure 34: Aggregation of how frequent a knowledge area was visited fordop/n
(a/leftyand bottormu p ( b/ ri ght ) t est i ngowedgsstractuies ed
(see Figure 1). Each graph is scaled based on its own internal distribution.
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Figure 35: Aggregation of how frequent a knowledge area was answered correctly for
top-down (a- left) and bottomup (b- right) teding. Each graph is scaled based on its
own internal distribution of passed elements.

For Figure 36 and Figure 37, only the first and the last test for each student were

consideredo tracean overall trand across tests. Theaxis shows individual students,

sorted by the performance of their last test, where the right part picture higher performing

students. What is visible here is that thél-down test inFigure 36 has a lowand flat

trend for the rate of passed nodes across first tests.
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Figure 36: Amount of knowledge elements passed in the first and last test of a user
within the drill -down approach, sorted by treemountof knowledge elementgsasse

within the last test.
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Figure 37: Amount of knowledge elements passed in the first and last test of a user
within the bottomup (b/right) approach, sorted by tremountof knowledge elements
passedvithin the last test.

In a direct comparison to the botteap testingthe drill-down tes$ show in average
a higher performance boadt the final testyet the bottomup test starts with a higher
average passate and rises lighter and more stable across all users, with a sitatlar s
deviation of 6.16 for the start and 6.34 for the final number of passed nodes, against 5.21
and 8.70 for thalrill-down approach. The average of the-ctdiations of all tests for
each user is 4.97 fahe drilkdown and 2.79 for bottorap testing. Spwithin thedrill -
down testingthe performance of passed nodes changes in average stronger than within
the bottoraup testing. This observation is especially of interest as the higher number of
observations within the tegown testing (more observationgpsild smooth the variation

of thetest results.

8.4.3.2.  Drill-down and Path-based B ottom -up Testing

Comparison Considerations

This study addresses and comparesdiik-down and bottorup implementation of
the STUDIOeducational tesand investigatehow differen the outcomes of the specific
approaches are. For tdell-down/bottomup testing, the overall pass/fail level high
performing learners taking into consideration every answer regardingryknowledge
element— is on a comparable level. Yetthe avage | mpr ovement i n
performance is different, starting on different performance levels and showing different

gradiens towardsthe high performing groups of learnerdhe drill-down approach
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encourage higher results from high performingedters on the costs of molew
performing testers, while the botteup approach tends to stronger equalise the

performance.

Technology enhanced solutions for learning and testie@xpected tbhaveaninitial
phase of familiarisation of the testeesuting in lower initial tests, where the learners
“ | e downd use the system, which will account for a part of the overall low starting
point for the dritdown assessmers the bottorrup test were a repeated test scenario,
this initialization® b i alllspfay adesser rolet is likely that the influence of the different
stoppingcriteria for both algorithms influeesthe pass rates within test runs and create
s p e c i a Hinisheel aest Irupyswhich may account fothe differentstd-deviation

acros the drillFdown assessment

The strongest factor accounting for a part of the difference will be the repetition of the
test phase with STUDIO lstudents whictook part in the first drildown stage and later
in the bottorup assessment stagehis will account partially for the higher average
start/end performance inthe bottamp gr oup of students, yet it do
“bend” between | ow performing and hitgh perfor
up testsFuture analysis on more exsive knowledge structuresayhere reveal further

insights and help to better distinguish the core performance of testerstfrerfactors.

A likely factor for the difference between the student groups across the two
assessment and learning approachidisbe the different exploration of the palfased
bottomup test, which starts with more concepts in early iterations of the test and explores
more freely the tailored domain. Whadaleeper exploration of the differences will depend
on repeated studiesitiv parallel groups of students this study shows independent of
the existing influencing factors thatapdtta s ed assessment *perfor ms*®
the dril-down assessment and can deliver different results and different learning gains.

8.4.4. A Concept | mportance Based Knowledge
Assessment Algorithm
The integration, implementation and utilizatiohthe concept importance measure

will be based on the pathased assessment and evaluation defined in the pr&actisn

8.4.1 which were proposed and implemented as a flexible starting point for a range of

uThis study doesn‘t feature an explicit A/ B testing sc¢
because the patbased implementation was only available to support the final exam preparation.



algorithms. This part will address the integration tfe concept importance based
assessment, thevaluation,and introducean additional extension to further grain the

granulaity of the selection within the assessment.

The pathbased assessment introduces paths to provide adffatbetween the
exploration-in terms of the assessment and learriagd the complexity of the domain
and the underlying domain model, which magpact the computation of complex
approaches for assessment and evaluakwery path represents one possibialk"
through the domain, starting with the steoncept and ending snotherconcept. Along
thewalk, thepath® connect s*“ c o relevany forsthe wirent gart &t the
assessmentThe path is that wayepresenting aclosed unitwhich separates the
assessment and evaluatioto smaller stepsEvery path iconsideredseparately across
the assessmemwhile withinevery path, lhconces are considered at once for the active
algorithm. The path can be considered as a windovth@ralgorithm,its respective
needecalculationsand thespecificselection otheconcepton the pathwhile the path
length isaflexible window sizeThe overall assessmeptocesprogressefom one path

or window to another.

For the integration of the concept importance measuoeselectconceptdbased on
the measure- the path generation of the pdihsed assessment wile used For a
reference see Section 8.4.2 For every created path, theottomup reference
implementationselected concepts for the assessinaatting from the concept which
were furthest away from the stadncept-andt hus consi der eodcephs t h
In contrastthe integration of the concept importance based assessment will select the

conceptdrom anactive pathpased orthe concept importance measure

Concepts which rate higher in terms of the concept importance value are considered
ashigherimportant for the learningf conceptsn a given domain. Followinthelogic,
the conceptwvhich hasthe highestmportancevalue within an active pathhas to be
selectedand assessefirst, followed bythe next less high valuetc. So, within an
extracted path the concepts are ordered for the assessment based on the concept
importance measure. An example is giveRigure38. Aboveeach conceph Figure38,
the concept importance based valuegisen as the base for sortir{the values are

examplespnd belowthe conceptgheresultingassessment order is shown.



Doctoral Dissertation

Concepts in a pativhich a learner failedan change the order of the assessrngnt
blocking remaining parts of the patfihis is an exgected feature of the patiased
framework, yet it differs for the concept importance based assessment in contrast to the
bottomup reference implementationhd@final selection of a concepb assesss based
on thehighest value of theneasurger (urasessed) concept in a given patius the
failing of a concept wilichange how the domain is explordeurthermoreijt will also
change the selection itself as the algorithm setamicepts fromeachpathy * j Gt mpi n g
based on the measure. These jumps$ nedult in cases where the order of testing in a
given path is already derived but the path clomed cuts off concepts which were
expected to be asked nexkhelist of next concepts then automaticearranged as a part
of t he c¢ o miladefnths pathy anymore,avshowrFigure39, thus limiting
the search space for assessment and consequently learning and further addressing the

desired adaptivity.

N \ \ \
;3)\60 2)30 '''' (! 7
i L 2

Figure 38: Paths are ordered and asssed based on thedividual concept
importance measure.

Figure 39: Failed concepts can trigger a rerdering of the remaining concepts ithe
path for the further assessmemthen parts become unreachable

The evaluationof the concept importancéased algorithmwill re-use theinitial
evaluation of thepath-basedassessment, which is also used for the botipmeference

implementation The process is described $ection8.4.2 Every paissed?*” conc
considered while only concepts which connect throughcantinuouspath of passed
concepts to the stacbncept aré a ¢ ¢ e p tused to cakulate the final performance

("accepted_per &igure33 , as visualized in



8.4.5. Extending the Concept Importance Measure

with a Distance -Based Importance Dimension

In the proposed implementation of the concept importance measure, concepts will
have the same concept importance measure if theythaveame relations. Especially
concepts \Wwich are at the end of pathsay connect through the sameations as the
tailored domains tend to end in setswfltiple, equal connectedoncepts, connected to
the samearent concepfAn example is shown iRigure40. All concepts with the same
measure will be considered equal and cannot be differentiated by the current concept of
the concept impoaince based assessment. In this case coneidiplie selected at random

from the list of equalsyet a further differentiation oabe derived from the structure

. '.'..- .-.
g L . 2@

Figure 40: * Bttont elements of a concept group, whera@s a tendency multiple
concepts connect with the same relation to one single parent concept.

The concept of the assessmalgorithmis to differentiate andselect concepts in
the case of the concept importance, based on the individual value of the m&afame
the measureexploits the semanti@and the connectivityf the domain ontologyYet

another aspect of the structure can h@ated—the extracted paths.

The tailoring of the domain ontolodkiroughconcept groups expresses a modelling
intention: To frame and order the domain to a set of concepts which represent well the
specific domairfor the intention ofearning.Thestat-concept is considered #ee entry
point for the concept groupAll conceptsin a concept group can be considered as
“det ai | i -oogpceptintlependent af theindividualtype ofconcepor relatiors.
Thefurther away aoncepis the more it @tails the central concept. This distanaa be
utilized to further distinguish concepiBo considet hi s " det ai |l i ng*“ tr
factorwill be added to the concept importance measure.

The overall “det ai | i nbdsedin the corttepodistancete ¢ o
the starfconcept— can beexpressedisingthe assessmesaths createdfor the latter
assessment. The idea is tHzased on the distance of a concept to thectyeptin a
path concepts withthe sameconcept importance meaa® can be distinguished they

are in different locations of the domaiikquation (15), summarizes the concept
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importance measurd@o implement the extensipthe equationwill be extended by an
additional weigh and ration paif or t h-@¢i $ d avithade? 'Y Qa

ThecoreEquation(15)d o0 e s n * tas tbesamoga® dimensions and relations

is defined for any number ofeight and relation pasrAlso, theset of weightss extended

by adding to the preet of 70/ f or t he '4ifeed“t e d'  detbai | “ di men
for the ' deélhedawladditiona weight of&““reflects that the extension

should help to differentiate concepts, rather than to substantially cliaagesulting

values.All importance dimensioweights are raormalized as shown in Equati¢h?)

and(13).

By considering the patlength, theé d et ai | di stance” resembles a
is defined in an open intervalf [0, n], where n is the number of concepts between a
concept in a path and the staancept. ie remainingmportance dimensiomappings
are defined in an interval of [@00]. Tocombine the ranges of the interyalse' d e-t ai |
d st ainteral“is normalizedusing a feaires scaling or mimax scaling. The
normalized value is themultiplied by the difference between the minimal and maximal
expected mapping value witD @ o® p T, 10 fit to the other importance
dimensionsghown in Equatior(17))

Another alternativao further differentiate concepts, is to integrate the betweennes

6¢¢nQno

measure as an extension to the need dimension. The betweennes centrality measure
(Section6.1.9 rates concepts higlvhich are part of many shortest paths between two

concepts. As such the measure rates a concept as high if it is a gateway between clusters

of concepts and highlights concepts. They <can
one cluster into another. lntt s regard, the "need?", model | ed |
similarities to the domain ontology based ' ne

The concept importance measure transforms the domain into a topology of learning,
where high measures can be considered as modelledammuot learning, as visualized
in the Human Resource Management domaifigure4l. Climbing the mountain early
for learning enables a better understanding and reach througlavadebleconnections
t o f dlolwnwt'‘he mountain®, while reaching the pe

initial understanding of the represented topics to climb the mountameasurmodels



the mountainandtheimplementingpathbased assessmeasimodellingthe strategy for
climbing the mountainandfinally guiding andexploring the domain of learning.

Figure 41: The measure converts the domain into a topology for learning.

8.4.6. Implications and Evaluation  of the Concept

Importance Measure Integration

Toderive data about conceindther implemented solutisswithin afield, two type
of experimentgan be distinguishad the frame of this workcontrolledexperimentand
field experimentsControlled experimentre planned in a controlled environmeititere
the circumstances andost ofthe factors of the experiment can be controllédld
experiment takes place in a reabrld environmentwhere some but not dthctors and
circumstancesan be controlled. The fiektudies in this work analysing tle interaction
of the learner with STUDIO- can be considered as field experiments. The core
environment of STUDIO is weltontrolled but there is no contrethen, whereand how
the learners interact with the systehll.tracked data is passively obsenattl collected
without interventiorduringthefield studies'In t e r v e im teims of shangeshich
are expected to additionally influence the dependent variable, are applyfdom ore
experiment to another, based the derived feedback. This wtne insightswhich can
be gathered throughotlte experimenton the new conceptnportance measur@nd its
implementation, are limited considering thealso limited control of factors and the

passive data collection and analysis of the experiment.

Furthermore, he studiesconducted an@valuatedfor this work, considerthat the

performance of students on an online assessment test can reflect the learning progress
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espeally by recording multiple tesesultsover timewithin the learning and assessren
cycle of STUDIO. Yet, the concegmportance measure based on the idea of
connectivism- targets to derive an indicati@boutthe learning in an environment of
interconnected informatioand not necessary target to derive a statement about the

performance

Finally, theassessmemterformances a measumean—as the learning itselfbe only

fully set into context by considering multiphelditionalfactors as: the composition of the
domain, previous education, working experience, the environmesdroihg, motivation,

and personal traits as cognitive styles or finally cultuliffierences.In this regard,
trackingthe influence of the concept importance measure on a dependent varable
e.g.aperformancaneasure- maybe overlaid bythesefactors and be further influenced

by the degree of openness of the field experiméuditionally, the curriculum of the
domain to learn may be inconsistently defined and aligned. E.g. a software engineering
course maylefine a learning outcome on planning diecive software testing, while

the course itself addresses the topic with a specific, yet interchangeable framework, which

introduces its own learning barriers.

As such the collected feedback and the conduaedlyses- based orthe concept
importancamplementation in STUDIG can coveand uncoveonly pars of the overall
picture.More and othetearning related variables may have to be taken into account as
dependent variablefor future analyses. Throughout the course of this vitwek trial
experments were conducted, addressing different domains and considerations, as
gathered ifTable30:

Table30: Consideredrtial studies within STUDIO, conducted between 2015 and
2016.

Domain/ Tailoring Time Algorithms / Application

Management 2015, March Drill -down

Information Systems System exploratigrutilized for Sectior8.1

/ mid-term

Management 2015, April/  Drill-down (finatterm) and Bottoraup/pathbased
Information Systems May (mid-term and finakerm)

/'mid- and final-term Exploring the eventracking (Sectior8.2) and

exploringkvaluating the pathasedalgorithm
(Section8.4.]) (Section8.4.3(Weber and Vas,
2016b)(Section8.3.2(Weber and Vas, 2016a)

Human Resource 2015, Drill -down andBottomrup/pathbased
Information Systems November  Eyxploring/Evaluating the patbased assessment




(Section8.4.1)

Management 2016, April/  Drill-down and Concept Importance based
Information Systems May Exploring/evaluating the concept importance base
[ final-term, revised algorithm (Sectior8.4.4 (Gkoumas et al., 2016)

(Includesa cognitive stylges)

Human Resource 2016, October Drill -down
Information Systems —2017, Continuous tracking

January (Includesa cognitive styldes)

All trial studies could underline the operation of the examined compoménts
STUDIO (existing and implementeds:the drill-down assessment and evaluatitime
eventtrackingimplementationthe pathbased assessment and evaluation and finally the
concept importance based assessment and evaluation. Furthehedearning of the
individual studentsvasanalysed anceflected basel on their performance and behaviour
while using the systenf\ll considered assessment and evaluation algorithms enabled the
students to learn and improve over the course of using the STUDIO system. In the process
if doing sq the algorithms performed déifently but lead to results on a comparable level
regarding thessessmemgerformance of the learner.

A comparative analysis of the learner behavand interactiomsing STUDIO, while
utilizing both, the concept importance and the dafdivn algorithm ér assessment and
evaluation is presented (@koumas et al., 2016 he analysis proposeself-organzing
map (SOM) approach to det ecinterdetiomldhden pat
comparing the differences between the first and the best round of the assessment. The
study could isolaten both test casebree groups of learng+ alow performing,a good
performing and aexcellentlyperforming groupndependently of the appliedgorithm
Theexcellentlyperforming groumistinguishestself by a higher number dghteractiors
of the learnersvith the learning materiallhe members of thexcellenly performing and
the good performing groupgake more tests and check their performance on the single
concepts of the domamore frequently

The study also featured a MyeBsiggs Type Indicator (MBTI) cognitivetylestest
(Myers, 1998) which learners toolbefore starting to use th8®TUDIO system.All
students were split into two major groupsiere each group took the STUDI€sts with
a different assessment algorithm (ddwn, conept importance basedJhe student
groups which used a different algorithm were balanced in terms of their MBBI Tyle
study coul dn* t corrslaidnidetween thesekdtegalgorithm sekecatidn
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and the performancand behaviour of speafMBTI types Yet, the performancevas
differentbetween MBTI typeand may show a more significant difference for a different

curriculumor with a differently controlled environment.

Figure42 visualizes a comparison of the aagefinal performanceof the learner
the' ac c e pt e:perfgrreancanedsurd-against the average concept importance
measure, averagdyy all concepts which were asked from the same individser. The
graphs are based dhe STUDIO based assessmefitthe Management Information
Systems (MIS) curriculum, which were addressed in gdame published study. A
visualization of the tailored concept group is showhigure44. The left graph irfFigure
42is based on the use of the concept importance based assessment, while the right graph
is based on the dritlown algorithm. For the driflown algorithm the concept importance
measure is mapped against the assessed cohrspdspectively The measurevas not

used vithin thisassessmermgroup
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Figure 42: MIS concept group with the acceptance per all against the concept
importance measure per use. The left shows the concept importand¢he right the
drill -down based testing.

The correlation between the passing of concepts with a high concept importance
measure and the final performance is not significant. Nevertheless, for low performance
tests the concept importance average is substantially higher. These difference is not

tracing a specific assessment and learning behaviour but reflecting the structure of the

2T he ' ac c e perfermhange eneasuaelisithe overall final result of each assessment run of

STUDI O and is calculated over all/l passed concepts whic
strategy, against the number of all concepts in the concept group. The desofiptie criteria is given

in the subchapter, covering the different algorithms.



concept group graph. The size of the concepts in the concept group gfaghrev4

depict the concept importance measure (the larger ttle @t the higher the importance

of the concept is). Looking closer it becomes evident that based on the different
connectivity of the concept s, the “middl

most higher measures, as the concepts in that auveaahhigher connectivity degree.

As such these concepts are asked first for thediyilin algorithm-which starts from
the startconceptwhile for the concept importance based algorithm concepts with a high
measure are always selected first. Thetast also the reason for the more compact trend
in the left concept importance visualizationFRigure 42, which also approves visually

the expected behaviour of the algorithm.
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Figure 43: HRIS conceptgroup with the concept importance measure on the graph
and per user against the acceptance rate.

When the leaner explore more of the domain, more and more lower measured concepts
are asked and lower the average ofdbecept importanceneasure in the comapson
graphon Figure 42 by exploring more and more less connected and therefore lower
measured concept¥he same trend can be observed for Human Resource Information
Systems (HRIS) concept groupkigure43. Here also the dritlown algorithm is shown
which is mapped against the concept importance measure. The three
performance/importance comparing graphs Figure 42 and Figure 43, show a
characteristic shape which can be reproduced in different domains and even across
different algorithms, which indicates that the measure can differentiate concepBuyell.
the averageconcept importace measure for differently performed tegdsstrongly

influenced by lower values of tle®ncept importanceeasurewhich are more common
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in broader areas of the concept groufs. such he performance seems to be an

insufficient proxy to track a correlah between th&oncept importanceneasure and

learning.

An alternate approach is visualized=igure44 andFigure45. Here the MIS concept

group is matched against the results of aiticathl multiple choice (MCexam and then

combined with the concept importance measitie.do so, the set of questions were

mapped against fitting concepts of the concept grougamibined to one merged data

set. As forFigure43, the size of concepts depicts the concept importance. The colours in

contrast tracks the modularity class of the concepts. The modularity is a network measure

and the related modularity algorithm uses the modularity to cluster a netimsemaller

networks with an optimal modularity valu®&lewman, 2006) Modularity itself is a

measure which tracks how similar a network is to a random network of the same size.
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Figure 44: MIS concept group with the concept importance measure on the graph
and the acceptance rategainst the results of th&aditional MC (final) exam

The modularity algorithm splits the concept group into-grdups for a more

differentiated statement about the tailored domain. Each group inclusiessat of

conceptsFigure45visualizes on the left part the MC miedrm exam and on the right the

final exam and as such alpacturesa time horizon from left to right. Both graphs are

clustered by the modularity classes addressed by the assessed concepts. The green area

shows the average performance on questions of these concepts in a cluster, the orange

part averages the concept importance, while the blue parts gather the frequency of

assessed questions ahdir grouping concepts.



What makes the graphs remarkable is thenge of the performancevithin the
modularity classesin connection with the calculated conceptportancewithin the
modularity classedn the left block, the classes with the highest importance are 5 and 8,
while both also mark the lowest performancer Ehe finalterm in contrast, the same
groups with an even stronger importance value now mark the highest performance classes.
In both terms the exams ask different questions for the same corGepssdering the
connectivistic assumptigihat a betteconnectivity of concepts to learn, also enable a
better learning, the visualized results can be interpreted in a way that the high importance
in the left graph leads to a behaviour where it takes considerably longer to master the
concepts, while, once mast e d , they are amémghi pedT og tm

point for more learning.
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Figure 45: MIS traditional MC exam, clusterednto modularity classes based on the
graph, showing the acceptance rate and the concept impoameasure per class.
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A further support is shown iRigure46, visualizing the flow of the performance over
the test rounds a learner takes while using STUDIO. The green curve shows the concept
importance, while the blueurvetracks the drilldown performance. Additionally, the
curves are filtered on users with at least 5 test rounds. Furthermore, the top 10% performer
are excluded as there is a likelihood that they are performing that well that their behaviour
is independent othe provided environment. What can be seen is that for the concept
importance based algorithm in green, learners start with a short low performing valley in
contrast to the driitlown version. This would back that highly important concepts (which



Doctoral Dissertation

are assesdeearly) are harder to learn bartethen a good starting point to master more
concepts which wouldalsoreflect the jump in the performantmvards thé&™ test round
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Figure 46. Development of the passing of concepts overdni# -down and concept
importance based algorithm in MIS.

Even though there is no trivial correlation between the concept importance measure
for learning and specific performance measures, defined in STUDIO, the concept
importance can still reflect the immgance of concepts for learning. Beside the indications
collected here, other types of experiments and other experiment configurations and
environments may improve the insights into the impact of the developed concept
importance measuréndependent ofhe presentedesults and the gathered assumptions,
many more factors may influence the learning processaansuch are worth to be
explored furtherThe created and presented measure can differentiate concepts within the
domain, based on the domain struet@and its semantic. Furthermore, the proposed
algorithm successfully uses the concept importance to explore the domain, based on a
pathbased approach to assessment and evaluation. Future studies and extensions of the
measure will uncover more of its pot&l to derive a statement about the influence of
the connectivity anthe semantic of a domain on the learning of a learnerline with

thelearning theory of connectivism.



9. Conclusion, Impact, and Future Research

This thesis research@snew approdtto implement a smart technology enhanced
knowledge assessment, exploiting the structure and sesw@irdiearningdomain model.
The concept is based on the visithrat knowledge is connected and can be captured as a
semantially enhanced knowledge metrk in the form of a domain ontology atithtthe
connectivity and semantis of a knowledge network can be utilizedo derive the
importance of a conceptandto recommend concepts to leabased on the importance
rating of conceptslhis concept importate measure can support@tinuous education
of flexible workers in a smart economy by using the resulting rating to select which
concepts to assess and learn first to explore a ddordearring.

This work draws on considerations of different fieldghe context of educatido
offer a solid background for the new approathoncept importanc&aking a viewpoint
of organizational learning, learning has to be flexible in terms of situation and time,
offering an adaptive learning support which usesdaptive assessment to narrow the
individual training needs. Aadaptive assessment tesan enable to tailor the training
need but furthermore it also helps to overcome the potentially flawedsssg§sment of
the learner and implement short assessnagult learning cycles to support a better
learning. To adapt the assessmtenthe learneran idea of the user in terms ofiser
model is needed to tailor the training needs and to envision the learning progress of the
learner on the domain ontologyvhich isused to drive the assessment. Finallyxjgare
the network of knowledgen line with thelearning theory of connectivismnetwork
measuresare a fitting narrative and basement to translate the connectivity and the
semantis of thespecific' d o mad nl ear n“ toocepdimpodaaceafisingle o f

concepts- for the assessment of threlividual learning progress of the learner.

To design, model and implement a new concept importance measure this work builds
on the STUDIO system for technologghtenced assessment and learnbased on the
use of a domain ontologyn the frame of this researcHifferent extensions to the
STUDIO systemare deeloped to enable and integrate tomcept importance measure
for a smart assessment and learninga#a collection framework extends the system to
track the flow of the assessment atmbse features and variablethat enabé the
application of the concept importance anduide the assessment. Avath-based

assessment and evaluation algorithiis developed anthenintegrated as a basement
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for an open knowledge exploration within the domain ontolegyich is exploitecto
conduct the assessment. Finallige modelled concept importance is implemented
within the path-based explorationextension. To support andauate findings, each
stage ofthe research is backed by experimentasingthe STUDIO system in blended
learning environments, providing feedbamk how to customize the application of the
novel concept importancemeasure in semanélty enhanced domainetworksused for

assessment and learning.
The research results can be considered as successful, since:

1 The applied exploratory research methodology mix of modelling and
evaluation, and the resulting stages are suitable to explore and answer the

research gestion

1 The concept importance measure is defined sound and functional, building on

the laid foundation in the literature analysis.

1 The importance dimensions are welplored and cover the structure and
semantic of the domain ontology, and provide a fonel and flexible

fundament for additional extensions of the modelled dimensions.

1 Experiments show that the implemented gadsed assessment and evaluation
to explore the domain, is operating on pair with the existing selected online
assessment and learg solution. The domain is explored well and the
implementation hosts the concept importance measure for a working, concept

importance based adaptive online assessment.

1 The concept importance measure and the final integration, address the features
of the connectivistic learning theory. In a fieldudy the connectivity were

underlined as an indicator for assessment and learning.

The major contribution and result of this work is the definition of a new domain
ontology aware measure to rate the importanceoatepts for learning, and addresses
the connectivistic learning ideawhile its implementation is weBuited to support a

flexible learning for rapidly changing requirements of the labour market.

The new concept importance measiangets tchelptosb ve t he question of
t o | e ar o master asgivéh“domain and to explore the knowledge in a field of

learning.It introduces an extendable concept to translate important dimensions of the



domain ontology and to integrate new dimensions flexileonsider more information

about the domain but also about the user. Future extensions can connect here and enable
an online and omlemand modification of the concept importance to improve the
adaptivity of the system in the context of learningto¢halr ner , f{pdifemanaar n e
and external factors. In this regatbe approach of derivirtpe concept importance can

be connected to new sources of information for a better and further tailored learning

experience
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12. Appendix

12.1. Extending the Path -Based Assessmentto a

Framework for Path -based Strategies

In the example foa bottomup pathbased test, whilassessg detailed knowledge
elements, failed higher level knowledgkements could be decomposed into areas of
missing knowledge. This additional information would for tiél-down approach
becomeaccessibldor later, quite complete passed tests and may increase the number of
learning iterations for mastering the domain knowledge. Opposing to these additional
learning profits, a single bottoarp test would take in the average, and even more for
early tests, considdoke longer than a tedown test and psychological suggests a less
strict process knowledge compliance, which may be outside of the assessment and
learning policies implemented in an organisatiQuonsidering these two exemplary
algorithms as a starting paj other algorithms are possible, based on other learning
theories and philosophies like cognitivism. As addressed as part of Séctibe
construction of a learning and teaching approach has to happen in the presenearof a ¢
instructional design. So, a conscious design, aligned to the goals of teaching and learning
is needed, e.g. by explicitly addressing the desired learning outcomes and identifying the

right arrangements to meet the requirements of the context ofrlgarni

The choice of aassessmemtigorithm for a specific assessment geal presence of
different strategies- has to include an initial analysis on the requirements of the
assessmentncluding considerations on a fitting instructional deslm. in cases of a
largescale selection of wefirepared learners for the assignment on specific job profiles
the strictdrill-down testing schemmaay bemore suitablas it aligns stronger thelogic
of organisational process Vice versa, tqrefiltered groyps of candidatesr to isolate
training needsthe bottormup assessment may provide a wider profile of the capabilities

of each individual and enable a more profound decision.

To further implement the freedom to allow different configurable assessment and
evaluation solutions the pabiased assessment and evaluation is aided by an additional
extension. Paths can be traversed based on different selection strategies to select the next
concept to assess in line with the context of the assessment. The emabfiatiogle

concepts in terms of passing can be based on single or multiple concepts. Furthermore,
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the final consideration for the overall evaluation result can be based on different
acceptance criteria. Yet, considering the freedom of adaptive systether adaptation

within the assessment process would be possible. What is missing is a way and strategy
to configure the assessment and evaluation process. The proposed extension, is a first step
to a more configurable and controllable adaptive assesswrpatience. The solution
incorporates two pillars: the introduction of assessment stages and the integration of a

configuration frame.

Assessment stages are targeted to enable the creation and management of different
assessment phases, which implemenodified concept selection behaviour for sections
of the assessment and enforce a specific exploration of the concept group. Stages are
intended asasumodi fi cati on and extension to the ove
break or challenge the intention s¥lection of the prselected assessment strategy (as
for modelling tasks in generalthe degree of modification is finally in the hands of the
designer). In this regard, it is important to scale how much of the overall concepts are
selected in which stagof the assessment with what modification. To especially support
the pathbased assessment, four stages are defined and implemented as a starting point,
described inTable 31. The stages are open for extension and represent Egntipe
stages implemented for this work to test different assessment behaviour:

Table31: Proposed stages for a more flexible assessment.

Stage Description Parameters

Stage 1: Preselection and prerdering of the (pot. maximum of

Initialization overall set of concepts accessible for the considered concepts,
test. longest paths, etc.)

The initialization can derive information
about the domain to improve the later

assessment.
Stage 2: Randomized The assessment enginélwelect a given Number ofrandom
Assessment number of concepts at random to be selected concepts to
assessed before the selected assessmenassess.
strategy.

The random phase can help to variate the
exploration of the concept group by
providing a different starting seed
(passed/nopassed concepts).

Stage 3: Assessing The assessment engine will select all Number of required
Required Concepts concepts which are referenced by a concepts to assess.
“required knowl edg:¢
interprets and assess them as a strict
requirement to pass.

Again, thespecialized assessment phase




can help to variate the exploration of the
concept group by providing a starting see

Stage 4: Returning  The assessment engine will continue to Parameters are selectec

to the Regular follow the regular assessment strategy, ebased on the selected
Assessment Strategy the concept importance based assessmeoverall assessment
strategy.

A configuration frame for the implementation and instantiation of assessment and
evaluation strategs can be given in different ways and focused on different aspects of
the system and strategies. The current extension considers three main -agpects
blueprint of the assessment and evaluation class, an evaluation object which encapsulates
settings fothe stages of assessment and evaluation and a customizable listing of relations

which are considered during the assessment and evaluation.

The blueprint of the assessment class goes back to the initial implementation of the
STUDIO system and defines a séfunctions which have to be supported to implement
an assessment and evalwuation strategy a

resuming“. The defined extension addit:.i

of considered relations aride evaluation object.

The list of considered relations, gathers the relations which are relevant for the specific
assessment and evaluation strategy. The strategy may be flexible in the range of allowed
relations and can be parameterized and adaptedgimroeframing the considered
relations. E.g. cases could be defined where-listed relations are omitted for the
calculation of the concept importance measure of each concept or concepts could be
filtered above the i nit indude conaepts whicharg t o

connected to omitted relations.

The selection of the evaluation object sets the specific evaluation algorithm which is
used for the assessment. The object furthermore encapsulates a range of parameters for
the assessment stagesldhe evaluation itself. Potential stgggrameters are collected
in Table31. Evaluation specific parameter can regulate the threshold for the evaluation
of single concepts or groups of concepts iorthe case of concept grampthe weighting
of concepts for evaluation within the groupdepending on the selected evaluation (e.g.
pathbased) and the selected assessment strategy (e.g. concept importance based

assessment).
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Together, the extension is providing a starting pantfmore thorough and detailed
parameterization of the assessment and evaluation of learners and finally for an extended
adaptation to different detected indications about the learner. While parameters could
even be changed dime and ordemand, a carefaracking and evaluation is needed to
discover and establish the equally extended goals of adaptation and the boundaries of the

resulting required parameterization.

12.2. A Heuristic Approach for Finding the

Maximum Path Length in a Concept Group

The extensiomf t he concept I mpordascanmeasuneedByt i
maxi mum path | ength to enak#hllie ttahnec en‘o.r manl iaz a&toim
structure this maximal path length is costly to retrieve. The problem is known as the
“| on g epsrto bplaetnn“ -harchadd not solvabR in polynomial time for a random
graph. Even though the structures, extracted from the STUDIO domain ontology have a
feasible complexity and size (concept groups tend to include not much more than 100
concepts, whé the domain ontology defines ~5000 concepts at the time of this writing),

the provided implementation has to address the problem.

The solution for finding the longest path in the frame of STUDIO is heuristic in nature.
In contrast to the frame of heurs8olutions for the longest path problem e.g. in the field
of scheduling Ajwani et al., 2012)the STUDIO extracted structures are not guaranteed
to be acyclic (loops are allowed) or strictly directed (explicit modelling of inverse

relations is allowed).

The implemented solution is triggered in linghthe initialization of the patbased
assessment and evaluation. In the initialization phase the software solution collects all
concepts for a given concept group. The system then initializes all relevant values, which
are used to track concepicentrel — the assessment and enables the continuous
evaluation. To do so, the concepts are initialized recursively, starting with the start
concept, following the directly connected concept for the concept in focus and firally re
calling the initialization forhe selected concepts. This way the initialization spreads in
parallel branches of the concept greufspom the starconcept in the centre to the most

distant concepts, as indicatedFigure47.
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Figure 47: The initialization of the pathbased assessment spreads in branches
through the concept group- equal to the latter assessment.

To frame the recursion, the initialization keeps a record of visited concepts. Every
concept which is in the list of visitedt o ncept s, can‘t be consi
initialization. Resulting, the rule 1) prevents loops and 2) frames which paths are
considered in the initialization. Each time a recursive initialization is triggered for a
concept which connects to no maancepts, a maximum path length is found and stored
and the recursion starts the backtracking. Over the course of the initialization a set of
longest path lengths is collected and the largest value within the set is selected as the

longest path length.

Different paths may lead to the same concepts with different path lengths.
Furthermore, within the initialization n
di stance* may also be detected differeni
specific onsidered path. The algorithmic compromise for this difference is to calculate
the concept importance for a concept in a path every time the path is created. The values
for the calculated concept importance is then tracked per concept across all generated
paths. To finally derive the order of concepts for the assessment of one individual path,
the average of the tracked concept importance measures for the concept is used.

Consequently, the concept importance improves over the course of the assessment.

This approach can handle even complex structures, yet it may miss out the absolute
longest path. The assessment creates paths different (see Sedti)nand may
encounter a path which is longer than the already considered pagheew maximum
path length is stored and leads to a different scaleelimen consideration of the
‘distdenhael ® di mensi on. Y-t st ahee't at s onal
value differences for concepts with an equal set of relatiolsam equal concept
importance measure. The value of the differentiation of concepts in this case outweighs
the potential err dari sitrantcleé ditmerddi.on ' deil
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Figured8vi sual i zes the ' ManagThegumliisentaiirgs s“ conce
the concept name show the individually calculated concept importance values of the

concepts. Managing Bucsomespt . i sl nther saaronal sal ¢
"EU I nternal Mar ket ® ar e Iewer though onmiffeeeptt s at t h
locations of the concept group. Both concepts on the right are connected through the same

relation type and have the same number of relations. The minor difference in the

calculated and visualized concept importance measure,goekb t o ddhet acdetwedi l

which successfully differentiates the concepts based on the distance from the start

concept.

International sales agreergnt | 0.610

EU Internal I’arket | 0.600

Figure 48: Concept groupvisualization showing the concept importance based
measure

12.3. An Algorithmic Exten sion for the STUDIO

Assessment to R esolve Learning Traits Biases

In this section the requirements, conceptand technologies of enhancing the
STUDIO learning systemare presentedwhich offers a systematic solution for
personalised selissessment. TI®TUDIO system uses a model of different educational
areas, represented as a domain ontology. By testing students based on the domain
structure, the system detects the real knowledge of each student in a complex and
developing setting. To adapt to studeatsest has to have the ability to react depending
on the student‘s performance, and trigger qu
always changing and improving profile of the student. Based on this assumption a new
frame of rules will be introduceddh enables the studeptofiling and determines how
to branch the assessment for the individual studdms. study is based diWwWeber et al.,

2015)

13 The final implementation of the concept importance integrates an additional normalization of the [0,
100] interval of the dimensions to an [0, 1] interval, which resulssrialler final results than shown here.



12.3.1. Creating and Maintaining Tests

Within STUDIO, the creation and maintenance of the domain ontology is a continuous
task of ontology engineering. As the mainer of the ontology the ontology engineer,
also called the ontologist,is responsible for creating, usiagd evaluating the ontology
(Neuhaus et al., 2011)Vithin the range of tasks, maiméaig the structure and content
has a strong focus, in favour of a more reduced set of formalized constraints. As such,
within STUDIO, the task of creation and maintenance is a guided process. The system
defines a specialized administration workflow whiglits into a basic set of three
consecutive task aredsach task is supported by different, definsér rolesith scaled

access rights. The details are describebainle 32.

Table32: The tasks, rolesrd concept levels involved in the ontology maintenance.

Task Role Concept level Description
Ontology Ontologist Ontology Creatngand linking of instances of
engineering (class knowledgeelements into the overall domain
instances ontology.
only)
Ted definition  Ontologist/ Concept For each new assessment test, relevant
Tutor Groups knowledge areas are selected and grouped

into specialized containers called Concept
Groups (CG).

The concept groups could be organized
further into trees of concept grap
depending on the target of assessment. Thi
final tree is equivalent to a suimtology.

Concept groups are organized internally,
based on the overall domain ontology and
include all relations between knowledge
elements, which are also defined within the
domain ontology.

Question Tutor Knowledge  Questions and learning materials are direct
and learning Elements linked to single knowledge areas and could
material be created and extended on demand. Base
creation on the designed concept group trest(te

frame), existing questions and materials are
imported, from theepositories

More questions and learning materials are
defined now by the tutor, completing the
assessment frame to meet the need of the
target education.

Every extension of questionsdtearning
material is then also available for future
assessment tests.
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Independent of new content extensions to the domain ontology, the central structure

of classes and relations, is fixed, actingadslueprint for all instances. A view on the

adminigration interface of the system is giverHigure49. The left area pictures circular

visualization of an excerpt of the ontology, while the right area pictures the question

listing and editing interface. Each tab gives accesaduitional views for editing,

including the learning material management and interfaces to modify node relations and

node descriptions.

Concept Grouf
Select & Import Basic concept

v

:3’ Main menu v  Stalistics Module »  Administration »  Settings Leve: 4 3 Christian Weber (cweber) ~

Color Scheme v | x Selected node: Business Applications

- « | & Concept Groups * Editing options Descriptions » Q
Informatign System M

~ Knowledge area
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Figure 49: The STUDIO administration and maintenance interface.

12.3.2. Adaptive Self -Assessment in the Context of
STUDIO

Adaptive selfassessment in the sense SFUDIO, addresses two dimensions of

adaptivity:

T Adapting to the s tThekmnledgesstruptee, represemtadn ¢ e :

T

by the domain ontology, is a conceptualization of specific knowletgas of

education. Through adapting the exploration of the knowledge strushivireg

testing, based on the responses of the student and the knowledge structure of the

given domain (modelled in the ontology), the system implicitly draws a map of

thestdent s knowledge over time. This knowl ec

| earning feedback to the student‘s perform

Adapting t o t heEachttuddnt comnmes with personlitraite and
different learning backgrounds. Accessing and triggegungstions and materials

in connection to the known student ‘' s |l earr



with a known lower bias, which enables the system to adapt better to the true core
of the student‘s knowl edge.

Additionally, adapting in the sense oélsassessment could be described as a
compromi se between the ' ti fiee prevouslisectonsn “ a
isolatedthat one main enabler for a better learning success is the continuous cycle of
learning and assessment. This comes withgitfalls which are opposing the potentials

for an improved overall learning time:

1 Time to test: Assuming a noitimited repository of questions, an extensive test
lowers the concentration of the student and the readiness for continuing, while a
too short ést may collect not enough information to conclude on framing

recommendations for learning.

1 Time to learn: An unframed recommendation for learning material will result in
long learning sequences including already memorized concepts, while few
recommendatins lead to an unbalanced relation between learning time and

assessment time.

12.3.3. Context -aware Assessment paths

The domain ontology is a shared conceptualization of the represented knowledge,
while the tesimodel, defined by the tutor, is the blueprint foe telfassessment test.
The result is a knowledggructure a a subontology of the domainThis structure is the
input for the adaptive test algorithm, which will then continuously triggefassiéssment
questions till the knowledge structure is exptbi/ithin the assessmettie created sub
ontology is used as a directed graph, where the highest knowledge area is a start element.
Coming from the startlement, the testing algorithm then only uses detailing refation
types, essentially creating a knoddg tree, starting with the most general concept and

branching to the most detailed concepts.

In line with the observation of a potential bias of questions, Vandenberg and Lance
(Vandenberg and Lance, 2Q00nderlined, that a missing assessment of differences
across assumptions may lead to an inaccurate reasoning. In the cultural context, this
phenomenon is identified and formalized by Differential Item Functioning (DIF). In case
a person with the same wertying ability has a different chance to answer a question

correctly because of differences in the cultural background, this question is showing DIF.
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Makransky and GlagMakransky and Glas, 2013nodelled here a solution for
Computerized Adaptive Testing, virtualising a question with DIF and attaching a context
label to account it differently according to the cultural context, while still assessing the
same questim For the following concepthe ideawill be adapéd in the opposite

direction.

Following the rules of the path creation, two framing assumptoasntroducedo

ease the introduction of the algorithmic extension:

T No "requi r ed Inocbntrasto prevaudsipublicaiond is assumd
that there are no knowledgel e ment s wi t hrelagion,'whiehaqnayy r ed _o f *
modify the number of needed chiédements to pass a pardmiowledgeelement

to fulfil the requirement criteria.

1 No hierarchical weightng: The position of a knowledgelement within the
knowledge structure has no impact on the weight of the element within the
evaluation, neglecting the different implications of knowledtgments, based on

the position within the hierarchy of concepts.

Following the idea of Makransky and Glas and adapting it to the current frame,
knowing a learning style for a question means that for a matching learning style the
guestion is nearer to the core of the true knowledge of a student. As such the question has
less learning stylbased bias, while, when having an opposing learning style the question
has a higher bias. Further, translated to the extent of known information about the
guestion, this means that an answer to a question with a known learning stytadiaer
value for discriminating between persons than an answer to a question wittkr@omon
learning style. In théatter case the systenwould have to ask more questions to get a

similar impact of the feedback, countering the potential but unknoaa bi

In this regargdan adaptive testing algorithm, incorporating the knowledge about the
learning style of the student and the assessment questions has access to two types of
modifiers: 1) changing the number of questiowhich areasked for each knowledge
element to counter a known bias &jadhanging the weight of the questions within the
evaluation, based on the discriminating power of the questdnn dependency of the
detected learning style combination of student and content. The resutithfers are

shown below infable33.



Table33: Fit between contentand studerdcontext and resulting assessment
modifiers.

Learning style of content and student The same Unknown Different
is: / Modifier:

Number of questions for assessment: Lower/-- Unchanged/~ Higher/++
Weight of the question for evaluation: Higher/++ Unchanged/~ Lower/--

Following, a fusion of the modifierss used To combine the influence for the
algorithm and the evaluation alike,ab€l in dependency of the fit between the content
and studentearning style fiis introducedand a weights attachedo express the impact
on the evaluation. This weight also acts as a modifier on the count of a question. The
number of questions willdocompared against a fixed maximum number of questions
asked and evaluate per knowleggement. In this regards a supporting learning style
introduces a higher weight for the evaluation, since it has a higher discrimination potential
and will also count@more than one question against the maximum number of assessed
guestions per node. The assessment function will then use this assessment algorithm steps
to select and evaluate questions for each knowtetkgaent while a picture of the later
process istsown inFigure50:

1. Labelling: Label all questions for the current pool with a count modifier, where
the labels are given in dependency of the influence of the learning style on the
evaluation power of the question concerning the knowledge of the student. A
supporting learning style gains the label "positive", counting as 1.5, questions with
an unknown learning style gain the label "neutral” with 1.0 and learning styles

straining the connection gain the label "negative", cograis 0.5.

2. Trigger question: Select a random question from the pool, attached to the current
knowledgeelement. The order for selecting questions is: take all questions with
an attached "positive" label, then take all questions with a "neutral” labdiemd t

take all questions with a "negative" label.

3. Count: Assess the result of the question. If the question were answered right, add

the label counter to the varialiiass elsewise add the counter ©Qxail.

4. Evaluate: If Qpassis bigger than the evaluatidyorder with:Qpass> Qmax*Qeval,
whereQmaxis the maximum number of assessed questions per knowddeipent
and Qeval IS the percentage border which has to be overcome to pass, the

knowledgeelement is marked as passed. FurtheQifi A m&Q*Qeva, the
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knowledgeelement is marked as failed. In both evaluation cases the algorithm
will stop assessing the knowledgkement and the overall assessment will select
the next knowledgelement to assess. If none of the evaluation criteria is met, the

algorithmwill go back to step 2 and trigger the next question.
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Figure 50: Using the detected question bias to modify the evaluation.

The consequence is: The higher the differentiation power of the questions is, the fewer
guestions are askl and the higher is the impact of the single questibimstefore the
algorithm will stop assessing questions for a knowleglgenent as soon aghe
evaluation criteria is metThis way, thealgorithm further strengthens the goal of

improving the deperelncy bet ween the “time to test®“® and 1

The test itself is creating data over time about the responses and in case of an online
detection of the learning style of the learner, the extended algorithm enables an additional
implication: If acontext is not known at the start of the assessment and gets detected
within the assessment, the evaluation of passed and failed knoveletgents will be
re-evaluated at the time of the assessment. As the creation of assessment paths is a
dynamic processising the evaluation crii@ and known responses of the student, the re
evaluation of the evaluation criteria in the light of the new "knowledge" about the
student's learning style may-open paths or close already taken paths in dependency of
the changed observation. In thisaeds the picture of the student, created as a map based

on the student®s response, becomes more preci

assessment increases.

Within this frameno measures to ensure an equal distribution of labelled questions

introduced As such a not equally distributed repository of questions in terms of their



labels, may introduce an additional biasso, the approach shown hesere framedvith
assumptions to ease the introduction of the extended testing algorithm. Future
publications will introduce here an extended set of variables and highlight further

potentials for adaptation as highlightedWeber, 2014)

12.3.4. Feedback and Test results

Feedback plays an essential role in learning as it not only offers guidance for
improvement but also motivate learners. It is widely agreed among educators and
researchers that feedback should fit to individuals rather than using one fefmtlck
Nevertheless, providing timely individualised responses is not always easy for teacher
especially with high number of students for several tests. This is where the information
of learning styles, in addition to their performances on adaptivg tgiport to provide
personalised feedback to fit to the ways

which offers benefits for both teachers and students themselves.

There are several ways where learning styles can contribute in a syst&TUIRdO.
For example, the format can be adapted 1t
input channel; languages can be changed to adapt to their ways of processing information
such as more action verb for active learners etc. Thenmamngresearh studiesn the
area of automatic feedback system which have shown very positive results. As far as
being aware, while there arfew detailed guidelines available on different matching
strategies, it is required to evaluate the impact of future adaptiveast egi es on

performances as well as other factors such as motivation before mass adaptation.

12.3.5. Learning Material Adaptationin  STUDIO

The central concept of th8@TUDIO educational selassessment is the continuous
adaptati on t oorntamce in sytles dfeesting and lgamingf To complete
this cycle of continuously identifying and fulfilling knowledge gaps, personalised
guidance on how the knowledge gap can be effectively fulfilled is essen&lUBIO,
one possible value of monitag learning styles is that it can be used to personalise
learning materials and learning activities for students. For visual learners, for instance,
diagrams and presentations etc., can be provided, while for verbal learners, texts and
lecture notes can bsuggested. In the curreBTUDIO-extension, as it is still under
development, there is not yet enough alternative learning material, supporting every style,

to carry out the complete adaptation process for each knowledge area.
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In addition, it may not alays be easy for teachers to prepare several alternatives for
the same content. Thus, while developing our learning material repo$StogDIO,
firstly, provides a diverse set of learning materials that will cater different styles for every
individual leaner. Secondly, to overcome the limitation of a reduced set of overall
learning material, at this stage the materials are structured into sections which correspond
to different | earning styles with their headi
thepr ef erences of different styles for easy na\

di agram“ etc.

12.3.6. Conclusion and future directions

The STUDIO learning system offers a systematic solution for personalised self
assessment, using a domain ontology toiwapthe different areas of education. By
making use of the domain structure for testing, a continuous profiling of students is
possible and enables a better reflection of the learning progress for learners. Different
people may have different learninglsyand perceive information differently. This paper
has shown how this bias in learning could be detected through an implementation of the
proven Felder Silverman‘s framework for | earn
extension of th&&TUDIO leaming system, the learning style detection directly impacts
the learning process, improving the adaptation of testing and selection of learning

materials as educational feedback to the individual student.

There are a number of wenk-progress fields, as Wes exciting future development
plans for the enhance®@TUDIO system. Variable engineering and classification
algorithm finetuning continuesin order to improve the performance of the detection
model. The next stage of adaptive assessment will makef asklitional variables and
exploit further the knowledge structure of the domain ontology for a better knowledge
gap analysis. In addition, in future studies, different feedback strategies will be tested and

evaluatedo identify optimised strategies feach group of students.

12.4. Visualization Case Study: Alternate Domain

Visualization Potentials

Section8.3defined the concept importance measure as an indicator of the importance
of a concept in a domain ontology for the taskeafrning. Sectior8.4 introduced an

implementation of the measure in an assessment and evaluation algorithm to assess first



concepts with a high concept importance measure to then learn first these concepts in the
reflection plase-supported by STUDIO. The recommendation to learning happened here
based on the concept importance measure and is supported by the visualization of the
domain ontologySection8.4.6summarized the feedback from the caiecstudies and
compared the results for an evaluation, using an alternate visualization of the STUDIO

domain ontology, extended by additional visualization features.

Figure51 shows, for the domain of Human Resource InformaBgstems (HRIS),
the STUDIO result graph visualization (left), visualizing all concepts in one size and in
colour the information about passing and failirgnforming the learner about the reached
results and potentials for more learning. The right imagevs an alternate visualization,
visualizing by the size of the concepts the value of the concept importance indicator and
with the colour the modularity class of a concept (as addressed in SdtignWhile
the latterimag doesn‘t show information about t
indicates based orthe concept importance measuwehich concepts are valuable to
master. Similar, other visualization styles with different integrated information can help
to explae the domair-to isolate more potentials or bottlenecks for learning or instruction.
Some potentials are explored in the flowing, based oodhtalitymeasuresntroduced
in Section6.1
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Figure 51: Comparing the STUDIO result visualizatio(left) and a concept
importance measure based visualizatimght) of the HRIS concept group

Figure52, visualizes the connectivity degree of each conaaptsidering incoming
and outgoing relations. The degree in a straightforward manner, shows how well
connected concepts are and in this regard, how well other concepts can be reached from

the very sameoncept.
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Figure 52 Degree centrality visualisatiomn the domain ofHRIS.
The betweennes centralitshown inFigure53tracks how often a concept is part of a

shortest path between two concepts in the domaim. resultbetweennegates concepts

high whichconnect clusters of caepts and highlight bottlenecks and transition peints

as e.g. in the transition in learning from one broader knowledge area to another and it also

i sol ates concepts which are "needed*® to conr
betweennes can be a stwetbased extension as an importance dimension for the

concept importance measur@s highlighted in Sectio8.4.5
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Figure 53: Betweenns centrality visualisation in the domain dfiRIS.
Closeness, ahown inFigure54, rates high concepts which are often on paths leading

to ' neaf nodes andighlight concepts in the centre of clusters, which in the frame of

learning may respond to concepts which are representing the sungpeodcepts well.
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Figure 54: Closeness centrality visualisation in the domash HRIS.
The eigenvector centrality iRigure 55, considersto how many other concepts a

concept is connected. It is basedan iterative process, considering titgole concept

neighbourhoodand converging over time. In the context of learning it can highlight

alternatestatt oncept s which enabl e todamarmch * wel
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Figure 55: Eigenvector centrality visualisation in the domawf HRIS.
The PageRank centralifiPage et al., 1999yisualized inFigure56, extends the idea

of the eigenvector centrality and furthers boosts concepts which are point to by many

ot her concepts or by a f ew suochpcericeptd which h e

have few incoming connections but are pointed to by many important concepts become

important as well. In this regard, PageRank can point out the most influential concepts in






