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This deliverable gives an overview of the overall APOSDLE design approach to work-integrated
learning support. For an in-depth discussion of the work-integrated learning paradigm related to
informal learning theories please refer to the integrated Deliverable D 11.8 & D Ill.5 APOSDLE
Perspective on Self-Directed Work-integrated Learning. This deliverable will focus exclusively on our
approach to design support mechanisms for work-integrated learning as prototypically implemented
within APOSDLE Prototype 3.

Specifically this deliverable addresses three major APOSDLE design concepts: models, u s e r 0ls
context and user profiles; integrated work, learn, and cooperation support; and the knowledge artefact
lifecycle. We apply a battery of semantic and scruffy approaches to each of these concepts in
order to design learning support flexible enough to cope with challenges of work-integrated learning.
By doing so, we draw from approaches to context-aware systems, user modelling, adaptive system
design, learning and instruction methods, recommendation systems, retrieval and clustering
algorithms as summarized in the following:

1 APOSDLE models and their relationships (Chapter 3)

Several models are needed to enable APOSDLE to deliver the needed support for self-
directed work-integrated learning. This are respectively the domain model (refers to the work-
learn domain concepts), the task model (refers to the tasks that are performed in the work-
learn domain) and the learning goal model (refers to generic learning goals that can be linked
to tasks). Each of the models is described in more detail and methods and techniques for
modelling are explained. Also attention is paid to the crucial role these models play in the
APOSDLE approach.

T Userbés work cont echapta#)d user profiles (

wor

APOSDLE relies on t he automati c i denti f vantat i on o

domain concept. This information is utilized to on the one hand trigger a number of work, learn
and cooperation support mechanisms (see below). On the other hand this information feeds
into a user profile designed as a layered overlay of the domain model. User profile services

t hen all ow wus to infer the wuser 6s knowl edge l ev

prerequisite relations, etc. In addition the notion of a knowledge indicating event is explored as
a means for unobtrusive profile adjustment and a proxy for outcome assessment.

1 Integrated work, learn and cooperation support (Chapter 5)

Based on a userés current wor k task and/or
provides a number of recommendation and support mechanisms for learning and cooperation.
These support mechanisms utilize on the one hand the underlying semantic models (domain,
task, learning goal) and on the other hand advanced retrieval and clustering algorithms based
on text and multi-media data. Support is embedded in instructional guidance that intends to
help in performing key learning functions in self-directed learning. Cooperation is facilitated by
recommendations of knowledgeable persons, context preservation during cooperation and
providing communication channels. Outcomes of cooperation activities can be stored and
accessed, thus contributing to knowledge creation and knowledge distribution.

1 Knowledge artefact lifecycle (Chapter 6)

Since APOSDLE re-uses organizational content (text as well as multi-media content) for
supporting work-integrated learning this content needs to be turned into knowledge artefacts.
We employ advanced retrieval and clustering algorithms based on text and multi-media data in
order to do much of this automatically. In addition, the user is empowered to provide feedback
and create new knowledge artefacts which over time improve the automatic mechanisms.

topi c
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1.1 Purpose of this document

APOSDLE can be characterized by the following three aspects which pose a number of research
challenges:

1 Realtime learning i APOSDLE aims at supporting the knowledge worker in learning situations
within her current work task. Learner support ne
and her experiences, and be short, and easy to apply.

1 Real computational environment i APOSDLE aims at providing a variety of tools which are
integrated seamlessly within her desktop and allow one-point access to relevant back-end
systems of her organization (via some intelligent middleware). Tools need to be inconspicuous
and easy to use.

1 Real contenti APOSDLE aims at dynamically creating learning content out of resources from
the underlying organizational memory (which originally were not intended for instruction).
Resources need to be compared, analyzed and retrieved based on their relationships to each
other and the user context.

APOSDLE addresses these three challenges from two perspectives:
(1) Learning Perspective: Development of a paradigm for work-integrated learning

For an in-depth discussion of the APOSDLE learning perspective please refer to integrated
Deliverable D 11.8 & D IIl.5 APOSDLE Perspective on Self-Directed Work-integrated Learning

(2) Design Perspective: Application of semantic and scruffy technologies for the design of
support mechanisms for work-integrated learning

This deliverable mainly addresses the design perspective of APOSDLE. Here we describe the
approaches taken when designing support for work-integrated learning.

1.2 APOSDLE Scope and Boundaries: Focus on Prototype 3

This deliverable is an updated version of the previous one: D.Il.3 Conceptual Framework and
Architecture Version 1. Compared with this first version several changes are made related with the
existence of new adjacent deliverables and new features in the 3" Prototype. These changes are
mostly in the area of learning and cooperation support. This deliverable includes another deliverable D
11.6 Outcome assessment and profile adjustment for learning during work. The reason why this D.ll.6
deliverable is included in this deliverable is due to the nature of the APOSDLE solution as
opportunities for outcome assessment are very limited. This would lead to a very brief deliverable and
it is a better solution to include what can be said about outcome assessment in this deliverable. In
particular Sections 4.2.4 and 5.1 deal with this issue. Furthermore, the view on learning is changed
from a single learning event to a situation where learning can take place almost anywhere in the
system.

In general the adjustment of the first version is limited to things that are substantially different. Many
aspects are still more or less the same, in particular in the area of technical issues as addressed in
Chapter 6, and are the same. A big difference is the removal of Chapter 3 (Informal learning) and
Section 5.4 (Privacy). These topics are now extensively covered in the new deliverables D 11.8 & D 111.5
APOSDLE Perspective on Self-Directed Work-integrated Learning and D 1.7 Privacy in APOSDLE
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1.3 Reader Guidance

In order to convey the different aspects of such a complex, interdisciplinary research activity to the
reader we have chosen the following structure: Chapter 2 gives an overview of the overall APOSDLE
design approach and provides short overviews of the individual chapters and their interrelationships.
Chapters 3-6 are the core of the deliverable. They address three major design concepts in APOSDLE:
context of the knowledge worker and its handling through a user profile; support for working, learning
and cooperation; and the knowledge artefact lifecycle.

Chapter 7 contains all the references used in this deliverable and Chapter 8 provides a snap shot of
our terminology. Since the terminology keeps evolving based on our growing understanding of the
research issue itself as well as of the different research fields involved, we have set up a Wiki System
which contains our terminology and which is updated regularly by the responsible partners. Please
refer to https://aposdle.itc.it/glossary/index.php/Main_Page to view the current version of the glossary.

1.4 Relationship to other Deliverables

This deliverable is directly related to the deliverables listed below and already partly mentioned above:

1 D.II.3 Conceptual Framework and Architecture Version 1 (this deliverable is an updated
version of this one)

T DI.8 & D lll.5 APOSDLE Perspective on Self-Directed Work-integrated Learning (contains
the main theoretical background to the self-directed work integrated learning approach)

1 D L7 Privacy in APOSDLE (contains information about how APOSDLE handles privacy
issues)

Several other deliverables are referred to in the text, but the ones above are most closely related.
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This chapter gives a brief overview of the APOSDLE approach. The three major design concepts in
APOSDLE (context of the knowledge worker; support for working, learning and cooperation; and the
knowledge artefact lifecycle) are then detailed in the chapters 3-6 below.

2.1 APOSDLE approach: Work-integrated learning support

Work-integrated learning happens very frequently during social interaction while knowledge workers
collaborate on digital artefacts or communicate aspects of these artefacts. The role a knowledge
worker embodies in social interaction, is subject to continuous change: at one point in time, a
knowledge worker acts as a learner, at another point in time, the same knowledge worker herself acts
as an expert (teacher) depending on her expertise with regard to the subject matter at hand (Lave &
Wenger, 1991). Hence, when we learn there is always explicitly or implicitly some teaching involved. In
the case of formal training we usually encounter one teacher or trainer who conveys the content to be
learned. But in other situations i such as reviewing code i1 this teaching role is not so obvious to the
expert herself. In the following we will refer to such episodes as work-integrated teaching.

The key distinction of the APOSDLE approach, as compared to more traditional (e)Learning
approaches, is that APOSDLE will provide integrated support for the three roles a knowledge worker
fills at the professional workplace: the role of learner, the role of expert, and the role of worker.

Learner Support. APOSDLE provides learners with support for self-directed exploration and

application of knowledge. This is done within their work environment such that learning takes place
within the | earner6s current wor k context. APOSDLE
available knowledge by applying novel learning strategies. Content from knowledge sources are

presented to learners, even if the content provided has originally not been intended for learning.

Expert Support. APOSDLE acknowledges that most effective learning transfer happens during
communication, cooperation and social interaction. APOSDLE lowers the hurdles for knowledge
workers to informally convey knowledge via their computational environment in that it captures the
context of the creation, evolution and usage of artefacts. APOSDLE enriches artefacts with context
information and thereby allows artefacts to be turned into true learning artefacts (contextualized
cooperation).

Worker Support. APOSDLE tightly incorporates learning and teaching episodes into the work
processes in that it takes care of several aspects of wor kersd work contexts,
knowledge state, work situation, and application domain. Workers are provided with context sensitive
knowledge, thus raising their own awareness of learning situations, content, and people that may be

useful for learning. APOSDLE enables workers to access content from several diverse knowledge
sources without having to change the work and learning environment.

To work, learn and teach efficiently and effectively, a knowledge worker must be provided with optimal
guidance to manage the large variety of knowledge artefacts available in the corporate information
infrastructure. Therefore, the seamless integration of the underlying information spaces into an
integrated semantic knowledge structure is of paramount importance. APOSDLE will therefore create
such an infrastructure (referred to as the APOSDLE platform) to support the integration of the three
roles.
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2.2 Scruffy’ technologies to enable work-integrated learning

2.2.1 Technology challenges

Typically eLearning systems are a wonder of carefully designed content, fine-granular models,
interdependencies and hand crafted metadata: The learning domain is broken down into meaningful
learning units or modules which encompass concepts, facts and processes. They entail fine granular
learning information, exercises, tests, etc. Each of these units is carefully designed using a multitude
of different media appropriate for the learning type and learning purpose the unit is serving. A
dependency structure identifies prerequisites and post-conditions. Based on the units, learning paths
(courses) can be created by instructional designers taking into account the target group as well as
preferred didactical aspects. In order to allow for improved personalization, a multitude of metadata is
attached to the units. In addition, eLearning systems provide detailed user models which allow for the
representation of different learning levels in the different areas, learning preferences, etc. Tutors and
teachers are represented in order to allow students access to expert help. Not to speak of class and
lecture management, simulation and games, etc.

In short, one is faced with a thoroughly designed network of interrelated pieces which need to be
artfully concerted to deliver a meaningful learning experience to the user. Reflecting on these
properties, one can easily understand why eLearning content is expensive to create, requires lots of
(metadata) standardization, and also requires a lot of organizational structure.

In contrast, new learning approaches such as work-integrated learning (see Lindstaedt & Mayer, 20086,
for possible scenarios) and organizational learning put one requirement in the centre of attention:
Flexibility. Being closer to the application of knowledge (rather than to the internalization of
knowledge) such approaches critically rely on providing always the newest available content in ever
changing learning situations. While in traditional course-oriented eLearning one could still manage the
large amount of design work (also because the learning domains stayed rather stable), this is not the
case any more in these new settings. Here we have to strive for the best possible available learning
information instead of striving for the best designed eLearning content.

Thus, in such situations it is simply impossible to create and maintain such a carefully crafted network
of interdependent learning pieces and structures. Instead, we have to move towards embracing
approaches which enable us to best deal with change i while at the same time accepting their side
effects such as a lower level of accuracy, likelihood of errors and not always optimal instructional
design.

With APOSDLE, we present possibilities of moving away from the pure and neat approaches of
instructional design (based on hand crafted verified formal models) to the application of scruffy
technologies (hybrid approaches which also take context into account) to enable work-integrated
|l earning. The fAintelligenceodo within such systems may
per fectly solvable in a reasonable amount of ti meo ( Gi

2.2.2 APOSDLE scruffy approach

The foundation for the APOSDLE approach is to not rely on specifically created (e)Learning content,
but to reuse existing (organizational) content which was not necessarily created with teaching in mind.
We tap into all the resources of an organizational memory which might encompass project reports,
studies, notes, intermediate results, plans, graphics, etc. as well as dedicated learning resources (if
available) such as course descriptions, handouts and (e)Learning modules. The challenge we are

! The term scruffy stems from Atrtificial Intelligence where a distinction is made between neats and scruffies. Neats consider that
solutions should be elegant, clear and provably correct. Scruffies believe that intelligence is too complicated (or computationally
intractable) to be solved with the sorts of homogeneous system such neat requirements usually mandate. The distinction was
originally made by Roger Schank in the mid 70s to characterize the difference between his work on natural language processing
from the work of John McCarthy, Alan Newell and others whose work was based on logic.
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addressing is: How can we make this confusing mix of information accessible to the knowledge worker
in a way that she can advance her competencies with it?

A frequently travelled path (also within eLearning systems) is the creation of fine-grained semantic
models which allow for the categorization and retrieval of such resources. But as we discussed above,
the creation of such models, their maintenance and the annotation of resources with their concepts
prove prohibitive in a dynamic environment. Thus, the APOSDLE approach is a hybrid one:
complementing coarse grained semantic models (maintained as much as possible automatically, see
below) with the power of diverse associative methodologies, improved over time through usage data
and user feedback (collective intelligence).

Here the models play two roles: serving as initial retrieval triggers and providing the basis for simple
inferences and heuristics to interpret user interactions. A disadvantage of this approach is that
fistatementsod made by the system such as Athis
case modellingd or fAthis person has expertise
no claim to accuracy. However, users have become increasingly accustomed to this concept through
their usage of (internet) search engines. Also, obsolete models do not provide any added value and
additionally are in danger of providing a false sense of security.

The APOSDLE approach is to apply a battery of advanced scruffy technologies to bridge the gap
between coarse grained models and fine grained learning needs. The ultimate goal of this research is
to minimize or at best fully eliminate the need for formal models. This will also significantly reduce the
amount of human effort needed to create eLearning systems.

2.3 Domain, task, learning goal model and their relationships

Chapter 3 explains the three model structures and their relationships which provide the basis for
reasoning within APOSDLE:

1 Domain model T provides a representation of the learning domain in OWL format (OWL is a
Web Ontology Language)

i Task model i provides a representation of the work tasks to be supported in OWL format

Learning goal model T provides a mapping between domain concepts, tasks and general
learning goal types

2.3.1 Domain model

The purpose of the Domain Model described in Section 3.1 is to provide a semantic and logic
description of the work domain which also constitutes the learning domain of an APOSDLE
deployment environment. The domain is described in terms of concepts, relations, and objects that are
relevant for this domain. Technically speaking the Domain Model is an ontology that defines a set of
meaningful terms which are relevant for the domain and, which are used to classify and retrieve
knowledge artefacts.

These concepts are also used for semantic annotation of documents (or parts thereof). In the following
we will refer to the combination of a document (or part thereof) together with one or more domain
concepts as a knowledge artefact (see Section 6.1). This annotation process can either happen
automatically (using text based classification algorithms Section 6.3.2.2) or manually (Section 6.3.2.1).
These semantic annotations are used later within the Associative Network (see Section 6.4) to retrieve
relevant knowledge artefacts.

resour
in use
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2.3.2 Task model

The objective of the Task Model described in Section 3.2 is to provide a formal description of the tasks
the knowledge worker can perform in a particular domain. The Task Model identifies and groups tasks,
that is, working steps, and their interdependencies and determines a formalization of patterns and
procedures occurring in a business domain. The very core of a process model is a control flow. For the
sake of consistency with the Domain Model, we have also translated the control flow into an OWL
ontology.

This formal description is used in various ways within APOSDLE. One aspect is the task prediction
(see Section 4.1), which needs a set of predefined tasks. Another important aspect is the dependant
task-competence mapping forming the learning goal model (see Section 3.3).

2.3.3 Learning goals model: A competency-based approach for formalizing learning goals
and prerequisite knowledge

The Learning Goal Model described in Section 3.3 establishes a relation between the Domain Model
and the Task Model. It maps tasks of the Task Model to concepts of the Domain Model. A learning
goal describes knowledge and skills needed to perform a task, with respect to a certain topic in the
Domain Model. In other words, each learning goal refers to one topic in the Domain Model.

This formalism is necessary for a number of functionalities provided by the APOSDLE User Model

Services (see Section 4.3). For example, it enables the determination of user skills from past task

executions (see People Recommender Service in Section5.2) , or the identification
need within a certain task (see Learning Need Service in Section 3.3). Within APOSDLE, the

formalisms employed for achieving these functionalities are based on competence-based knowledge

space theory. The usage of competence-based knowledge space theory has several advantages for
work-integrated learning environments. One such advantage is that the mappings afford the

computation of prerequisite relationships between learning goals. This allows us to identify learning

goals which should be mastered by the user on the way to reaching a higher level learning goal.

2.3.4 APOSDLE knowledge base

This section described the APOSDLE Knowledge Base (AKB) which contains the three different
models briefly discussed above, and the meta-model schema interrelating them. Within this AKB each
model is stored in a separate module. Additional components are devoted to contain the interrelations
between the models as specified within the meta-model schema. The resulting AKB thus is a modular
ontology represented in the OWL ontology language.

2.3.5 Where and why do we need models in APOSDLE?

Figure 2-1 below illustrates the information flow through APOSDLE and the key knowledge services
provided.
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Figure 2-1: Information flow in APOSDLE

Based on low level system events the Context Monitoring Daemon (see Section 4.1) detects the
current task a knowledge worker operates in (steps 1 and 2 in Figure 2-1). The CMD is a background
service installed on the client computer. The CMD gathers low-level system events and maps them to
tasks from the task model using machine learning algorithms. The goal of the CMD is to automatically
identify the current usero6s work task.

The detected current task of the user is then stored in the User Profile of the user which is accessed
using the User Profile Service (UPS) (steps 3 and 4 in Figure 1). The UPS is part of the APOSDLE
Platform running on the server side. It serves as a repository for user-related information and as an
engine enabling the system to infer information about the user. The UPS utilizes a history-based user
profile representation where activities of users are stored together with a timestamp. Based on this
history of user activities the UPS infers information about the user as described in more detail in
Section 5. The user is able to overrule the learning goal suggested by the UPS (step 5 in Figure 2-1).

Based on the selected learning goal a search is triggered in the User Profile Service (UPS, see 4.3)
(step 6 in Figure 2-1). The UPS identifies APOSDLE users whose knowledge level of the topic
selected (part of the learning goal) is equal or higher to the one of the user. The user has then the
opportunity to select one or s ever alate theé codperatisne
wizard.

Based on the selected learning goal a search is triggered engaging the Associative Retrieval Service
(ARS, see 6.4) (step 8 in Figure 2-1). The ARS is used for context-based retrieval of resources for
work-integrated learning. It incorporates semantic similarity between concepts in the domain model,
content based similarity between knowledge artefacts and semantic annotations of knowledge
artefacts.

To get a better understanding of a user interaction with APOSDLE the following scenario is helpful: A
knowledge worker is working in some task (1). In order for APOSDLE to start delivering useful
information and support for the user, the task must be detected (2). This can be done either manually
or automatically. In both cases, the task must have been modelled in the task model.
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1 If the knowledge worker manually selects the task (s)he is in, the tasks must be described
verbally in an intelligible way. Also, the task must be at a granularity level that makes sense to
the user, that is, neither very specific nor highly abstract.

91 If the task is detected automatically, the task again must be at a fitting granularity level, but

this time itsmusdb fimakdesenti on algorithmo.

can be clearly expressed by a set of detectable human-computer-interactions.

To each task a set of learning goals are related (3). These learning goals are modelled in the learning
goal model. Obviously, it is necessary, that to each task in the task model at least one learning goal is
related, otherwise, the information flow withi

The set of learning goals required by the selected tasks are ranked (4) according to various criteria.
One criterion is prerequisite relations between learning goals (see Section 2.3.3). In order to derive
prerequisite relations between different learning goals, it is necessary that some learning goals are
associated with more tasks. For ranking of learning goals it is therefore advantageous if there are
many tasks but few learning goals.

The knowledge worker manually selects one learning goal (5). In order to be able to do so, the
learning goal must be intelligible to the user. The learning goal consists of a learning goal type and a
domain model element. The domain element is modelled in the domain model. This means that the
learning goal types must be well described, the domain model element must be well described
verbally and the semantic of a learning goal must be clear (that is, what does the combination of such
a learning goal type and a domain model element mean).

The APOSDLE system recommends other APOSDLE users whose knowledge in the topic in question
(part of the learning goal selected) is greater or equal to the knowledge level of the initiating user (6).
The user has then the opportunity to choose one or several users from the recommendation list and
initiate cooperation via the cooperation wizard. The wizard is initialized by the context information of
the initiating user, this includes: the topic and/or task detected, the learning goal selected, the
document currently active, the recommended knowledge artefacts and a suggestion for a
communication medium that could be used.

The APOSDLE system also offers resources that are related to the selected learning goal (8). The
associative retrieval uses the domain model element-part of the learning goal to search for resources
based on an associative network that connects similar domain model elements and similar documents
(see Section 6.4.2). The associative network assumes correct semantics from the domain model
(especially with respect to the hierarchical relations). The associative network uses different similarity

n

Thi s

APOSEL

measures depending on the domain model 6s characteris

the domain model allows the application of more different similarity measures, which can improve the
retrieval of relevant knowledge artefacts.

2.3.6 Challenges for modelling in APOSDLE

The challenges related to the role of models within APOSDLE mainly refer to the problem of
conceptually integrating the three separate models each having their own representation, as well as
integrating the Asemantics of APOSDLEO, that i
given the intention of the models.

I Tasks, domain model elements and learning goals need to be modelled at some
intermediate level of granularity. How this level of granularity can be decided upon more
precisely, is a question for research.

1 At various points in the information flow described in Figure 2-1, different parts of
APOSDLE have potentially conflicting requirements on the models. For example,
whereas for learning goal ranking, many tasks and few domain model elements would
be advantageous, knowledge artefact retrieval only makes use of the domain model
elements, and so fewer domain model elements lead to a potentially less differentiated
view on the knowledge artefacts.

S
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2.4 Context awareness and user profile services

User context determination plays a crucial role in the overall APOSDLE approach. In order to be able
to provide the user with information, learning material and links to people relevant to her task at hand,
the system needs to identify the work task reliably. In addition, user activities in the work-integrated
learning system can be monitored in order to update the user profile, more in particular their levels of
competence.

2.4.1 Context awareness and context determination

Section 4.1 explains and stresses the importance of context awareness for work-integrated learning
systems in general and APOSDLE in particular. We start with providing the reader the vision of context
aware systems, its origin, and current developments in this field. Specifically a number of context
aware systems are discussed. The APOSDLE approach to context awareness in based on a common
architecture by Baldauf et al. (2007) which includes the use of agents in three layers separating the
detection of context, planning and action based on context.

The goal of task prediction is to know the active task of the user at any point in time. A task is defined
as a unit of work consisting of activities to reach a certain goal. The problem of task prediction is seen
as a machine learning problem. When first using the prediction system, it is untrained and the user
needs to specify the task s/he works on from a predefined list of business tasks (by manual selection).

During the work process a context monitoring componen

actions. These include keyboard presses, application launches, full texts in documents, etc. As soon

as sufficient classified events are gathered, thesy st em trains a ML mhtskin of t he

the application domain. The optimal result is achieved when the user continues to work and she does
not need to manually notify the system of task switches anymore. The task predictor automatically
classifies the active tasks using continuously recorded event streams (automated selection).
Whenever the classification engine detects a change in tasks, the work-integrated learning
environment displays a new list of associated learning resources and suitable experts relevant for the
detected work task.

2.4.2 User profile and user context representation

APOSDLE stores user related context information in digital user profiles. These profiles are used for
maintaining the userdds usage pedtwtheirrpgrsorainedrk-claaminge n t
and cooperation-related experiences. The APOSDLE User Profile is an overlay of the topics in the
Domain Model. Whenever a user executes a task within the APOSDLE environment the counter of
that task within her User Model is incremented. APOSDLE uses data stored in the user profiles for
adapting its support t o t he user so needs and
recommendations ar e computed ai mi ng at support
preparation of the retrieval of resources (Section 6.4), the creation of learning paths (Section 5.1) and
cooperation activities (Section 5.2).

An important issue is how user actions during working with the system can be used to update
competence levels in the user profile. Given the nature of APOSDLE, being domain independent, and
the prospective deployment context where testing knowledge as is done in formal learning settings is
not feasible, more indirect and unobtrusive indicators are needed. These indicators are called
knowledge indicating events or KIE. Several options for how to use which KIE for updating
competence levels are explored.

2.4.3 User profile services

The component responsible for operations upon user profiles is the User Profile Service (UPS). The
UPS6é functionality is made accessible to other
services.

cont

requ
i ng
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Logging services are responsible for updating the User Profile with new observed usage data, and
thus provide the basis for all other services. Sensors within the APOSDLE environment send detected
user activities (such as task executions, cooperation events) to Logging Services to be added to the
user model.

Production services make the stored usage data available to other (client) services within the
APOSDLE environment. Based on the specific requirements of the client, production services filter or
aggregate usage data i they provide specialized views on the usage data.

Inference services process and interpret usage data to draw conclusions about different aspects of
users, such as levels of knowledge. Inferences are then utilised to adapt the functionality of the
service itself, or by providing the outcome to other services.

Control Services provide ways to control usage data stored in the user model. Controlling usage data
is important for handling privacy issues and imprecise usage data collected in the user model.

2.5 Work-integrated learning support

At the core of the APOSDLE system is supporting learning at the workplace. However, the goal of
APOSDLE to be a domain (work-learn) independent generic system, makes this goal much more
difficult to attain than in domain specific e-Learning systems. This means that beforehand the topics
are not known and, furthermore, the types of material that are available are also unknown. Therefore it
is impossible to generate specific (sequences of) instructional events (based on instructional design
models) that should lead to a specific learning goal. However, we still have to create a situation in
which a person is stimulated to learn something. The solution could be to embed parts of existing
documents in a general context that contains elements to support self-directed learning. In addition,
outcome assessments in terms of more or less formal tests are not possible in the APOSDLE context.
First, because devising test-like assessments when the learning domain is next to impossible. Second,
because a self-directed workplace learning context rarely aligns with the notion of testing and
examination-like activities.

To deal with this challenge learner support is available throughout the system and not, as in the 1%

and 2™ Prototypes, limited to one learning event generated by a learning tool. More in general, it is
arranged round documents retrieved from the document base (see Chapter 6) and cooperation with
co-workers and experts.

2.5.1 Supporting learning from documents

This support is based on the learning functions around self-directed learning as proposed by Simons
(2000). For a subset of learning functions the 3" APOSDLE prototype provides support. This support
consists of:

1 Using instructional relevant annotations of knowledge artefacts to improve the fit between
learning and the presented material

1 Creating learning paths consisting of topics the learner has not yet mastered and that are
closely related in the domain model

1 Providing hints and related engagement activities hat promote active processing of learning
material

1 Suggestions for using other features of the APOSDLE system to expand their learning or to fill
in remaining gaps

1 Presenting structured overviews of the current knowledge levels of a learner for tasks and
topics.

10
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Some learning functions refer to outcome assessment, but this turns out to be a very difficult issue in
domain independent systems. The solutions selected for the 3" Prototype are the KIE or Knowledge
Indicating Events (see Section 2.4.2 and 4.2) and self assessments.

2.5.2 Supporting cooperation processes

Cooperation support within APOSDLE (see Section 5.2) focuses specifically on communication and
cooperation support in learning situations. That is, it is not intended to support the entire palette of
possible user-to-user interactions, but aims to investigate which interactions are especially important
during a learner-expert exchange.

The focus for the 3™ Prototype is on:

1 Recommending other persons (peers and knowledgeable persons) in the organisation that
can help a knowledge worker/seeker when she encounters a learning need.

1 Recommending the appropriate communication medium or media for the cooperation that can
be used in a synchronous and a-synchronous context.

1 Detecting the context of the knowledge seeker and making this context explicit to the
cooperation partners during the cooperation process.

I Scripting parts of the communication in terms of making clear the problem the knowledge
seeker is facing, in order to improve the smoothness of the interaction

i Store and make accessible to other people transcripts of cooperation processes that can
contain valuable knowledge, thus contributing to organisational knowledge distribution.

1 Provide the actual communication facilities (like Chat and e-mail) depending on the
organizational context where a tailored version of APOSDLE will be deployed.

The approach to these issues is based on the notion of different cooperation spaces and a
cooperation model.

2.6 Knowledge artefact lifecycle

Chapter 6 describes the lifecycle of knowledge artefacts: first a document enters the APOSDLE
system as a repository object (for example, during system instantiation, during nightly updates, after
communication events). Next, the entire document, or parts thereof, are turned into knowledge
artefacts by manually or automatically attaching two types of metadata: domain concept(s) present
and material use of the knowledge artefact. Finally, the knowledge artefacts are related to each other
and retrieved via an associative network. Mechanisms are introduced on how user feedback
mechanisms during the different steps can be utilized. The individual steps are described in more
detail below.

2.6.1 Whatis an APOSDLE knowledge artefact?

Section 6.1 gi ves a f or mal definition of wha't we in
Informally speaking, a knowledge artefact is a document or part thereof together with two types of
metadata: the learning domain concept addressed/described within the document (piece) and the
material use type of the document (piece). Optionally a knowledge artefact can also have a free text
comment associated with it.

APOSDI

11
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2.6.2 Access to knowledge artefacts

Section 6.2 addresses the challenges APOSDLE faces when providing access to a number of different
back-end systems of the organization. The two main challenges are unified access and privacy
aspects, the latter are discussed in detail in Deliverable D VI.9.

Based on technologies like GRID computing, APOSDLE allows homogeneous access to all
documents stored within the attached back-end systems via a Data Object Repository. Within this
repository each document is represented by a repository object. This repository object can be
understood as a document representation enriched with metadata. They are stored in a database
within the APOSDLE platform for further access by other APOSDLE modules. The repository manager
deals with the repositories within one APOSDLE system.

2.6.3 Creation of knowledge artefacts

One essential step in the APOSLDE knowledge artefact lifecycle is how knowledge artefacts are
created. One approach to creating knowledge artefacts is to do this in a collaborative fashion, where
users create knowledge artefacts by annotating documents with a domain concept and/or a material
use as described below. Due to the huge amount of knowledge items targeted by APOSDLE, a single
user or a small user group will not be capable to annotate all knowledge artefacts. Therefore, tools
must support a collaborative annotation so that users can share their knowledge about knowledge
artefacts with each other.

However, manual annotation is a labour intensive task and we do not necessarily expect manual
annotations to provide training data covering all necessary concepts for automatic classification. To
overcome this natural limitation and to bootstrap an annotation free repository, APOSDLE takes use of
linguistic and machine learning approaches to automatically assign domain concepts and material
uses to knowledge artefacts.

2.6.4 Retrieval of knowledge artefacts

In order to provide powerful, intelligent retrieval mechanisms to the work integrated learning support

tools the APOSDLE approach includes an associative network. This associative network implements
heterogeneous retrieval mechanisms: semantic retrieval (based on learning domain concepts) is

seamlessly integrated with a variety of similarity-based retrieval mechanisms. This has the advantage

of on the one hand providing the learning activities with exact matched materials and on the other

hand also providing more in-exact similarity-based results for work and learning support. In addition,

the fact that associative networks can filearnd base
APOSDLE to incorporate implicit as well as explicit user feedback.

The challenges identified in this chapter stress this particular use of the associative network in
APOSDLE. An additional challenge is the sparse annotation of knowledge artefacts within the
repository, since annotating documents or parts thereof with metadata is an effort intensive process. In
APOSDLE we have taken two approaches to solve it. On the one hand we employ automatic
annotation mechanisms as much as possible. On the other hand, we acknowledge that not all
knowledge artefacts will have high quality metadata attached. By utilizing text-based and multi-media
based similarity metrics, APOSDLE is able to identify knowledge artefacts which are similar to a set of
previously retrieved knowledge artefacts (retrieved based on domain concept(s)) and to identify
domain concepts which are similar to the original one.

12
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This chapter explains the three model structures and their relationships which provide the basis for
reasoning within APOSDLE:

1 Domain model i provides a representation of the learning domain in OWL format
I Task model i provides a representation of the work tasks to be supported

1 Learning goal model i provides a mapping between domain concepts, tasks and general
learning goal types

We present the structures of the models, explain their roles (Sections 3.1, 3.2 and 3.3) and
interdependencies (Section 3.4), and discuss the choice of modelling languages. In deliverable DVI.8
Application Partner Specific Models the reader will find the specific models created by the four
application partners. These specific models utilize the structures presented here. In addition, in order
to create these specific models the application partners employed the integrated modelling
methodology. It was created in APOSDLE in order to streamline, simplify and support the modelling
activities of the application partners and is documented in Ghidini et al., 2007.

3.1 Domain model

The objective of the domain model is to provide a semantic/logic description of the learning/work
domain of an APOSDLE deployment environment. The domain is described in terms of concepts,
relations, and objects that are relevant for this domain. Technically speaking, the domain model is an
ontology that defines a set of meaningful terms which are relevant for the domain and which are used
to classify and retrieve the knowledge artefacts (see also Chapter 6). Figure 3-1 provides an example
of a domain model of APOSDLE (concepts, sub-concepts and properties) and shows it's usage for the
classification of knowledge artefacts.

13
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3.1.1 Challenges

The research area of Knowledge Representation and reasoning provides a set of mature of-the-shelf
approaches and tools for the representation of a domain. In APOSDLE we build on top of these
results, focusing more on the problem of generating a good representation of the domain rather than
developing new representation paradigms. So the main research challenge in APOSDLE concerns
supporting the construction of appropriate domain models. The parameters that must be considered in
order to build an appropriate model are the following:

1 Level of abstraction. The same domain can be described at different levels of abstraction.
Choosing the right level of abstraction is an essential issue to guarantee the effective usage of
the domain model. If the level of abstraction is too high, then learning about too generic
concepts is in many cases useless. Furthermore, finding enough abstract description of a
certain concept is quite often very difficult. At the opposite side, if the domain model is too
detailed, then learning about one particular aspect could require one to learn about many
irrelevant details. In defining the right level of abstraction, one should take also into account
the material available in the documents and the necessary effort for annotation. Again, a fine-
granular domain description necessitates a detailed annotation of resources in order to make
use of them. APOSDLE offers, via the associative network (see Section 6.4), the possibility of
annotation at some intermediate level.

Coverage. The domain model should completely describe all aspects of a learning domain.

Reusability. The construction of a domain model is very expensive in terms of human
resources. So it's important to build models that can be reused in many different situations.

1 Robustness to revision. The models constructed should be robust for small changes and
adaptations. Indeed, in the course of usage of the APOSDLE platform it will happen that the
domain changes or it becomes necessary to represent a new part of the domain. This will
require updating the domain model. Such an update should be done with minimum effort and
minimal impact on other parts of the system.

1 Background knowledge. The knowledge about a specific domain is typically composed of
specific domain knowledge that is a characteristic of the single domain, and some background
knowledge, which is more general knowledge common to a large set of domains. For
instance, in formalizing the RESCUE domain, the notion of an i* model is domain specific and
conceptssuchas,us er , ap p aré gereticiemongh ® be applicable to a wide range of
domains. The research challenge here is to make available as many pre-compiled background
knowledge as possible, and to allow a smooth integration with the domain specific knowledge.

3.1.2 The APOSDLE Approach

We based our representation on semantic web technologies. Domain models are mainly represented
using OWL language (Web Ontology Language) which is based on Description Logics (Baader et. al,
2003). This approach allows expressing classes, properties and instances and axioms among them.
This is standard methodology of the semantic web.

3.2 Task model

The first version of the conceptual architecture contained a detailed discussion of task modelling in the
light of the requirements of APOSDLE prototype 1. YAWL seemed to be a good tool to model our work
processes. In the following paragraphs, we will critically review the need for process modelling
languages in the light of the modelling as done in APOSDLE prototype 2. At first glance, workflow
modelling languages seem to be a good alternative to model our application domain, work-integrated
learning at the workplace. However, after a brief introduction of YAWL we will summarize why YAWL
(Van der Aalst & ter Hofstede, 2002) i at least as a tool environment - does not fit our needs while
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modelling the E-Learning tasks of four different application partners. We will conclude with a
discussion of two approaches to modelling.

3.2.1 Workflow approach i critical reflection and choices in an organizational setting

YAWL (Yet Another Workflow Language) is a workflow language based on Workflow patterns. A
workflow can be defined as a composite set of tasks that comprise coordinated computer-based and
human activities (Lei & Singh, 1997; Leymann, 2006). A workflow model or schema is a formal
representation of work procedures that controls the sequence of performed tasks and the allocation of
resources to them (Bardram, 1997; Oberweis, 2005). The scope of workflow languages is an improved
efficiency. The automation of business processes often results in the elimination of many unnecessary
steps. Furthermore, an improved management of business processes leads to better process control
and flexibility. A better control over processes enables their re-design in line with changing business
needs.

As described in the first version of the conceptual architecture, YAWL seemed to be a good tool to
model our work processes. In the following paragraphs we will discuss why we reached the limits of
YAWL in real work-integrated learning settings, that is, applying it in the contexts of our application
partners.

Usability

The usability of the applied tool was poorly rated by the application partners. Although there is a
graphical interface, the user interface can not be compared with other tools for task modelling.
Complex processes lead to a confusing and unclear arrangement of different icons. In addition, the
training period to efficiently use the YAWL editor is too long. Modelling for work-integrated learning will
mainly be done by domain experts with little background knowledge in modelling tools, therefore
YAWL does not seem to be suitable for our purpose.

Scope of the tool

YAWL was mainly written to model rather straightforward business processes. Processes involving
work-integrated learning seem to be much more informal than those in some sectors. Parallelization
and jumps can only be cumbersomely constructed in YAWL. Because those unusual constructs occur
frequently in our domain, they result in increasing modelling effort and confused models.

Incompatible Versions:

During the different phases of our project, several models were developed. Incompatible versions
complicated the process. To run different models in all versions of our prototype, they had to be
migrated. This fact is probably a result of the fact that YAWL is not driven by a standardization
organization, in contrast to, for example, BPEL.

3.2.2 Conclusions - recommendations for the conceptual architecture

For our conclusion on a workplace-based learning system we briefly point to two directions to replace
the initial approach, which was to map a YAWL task model and an OWL domain model. The first
approach would be keeping and restricting YAWL as a tool (but not as a format) and just train the
application partners for a minimal set of functionality. The other one would be replacing the whole
YAWL-environment by an environment capable of OWL, which we decided to do for APOSDLE
prototype 3.

Transformation approach

A solution to cope with the drawbacks from the former section could be to mainly use the YAWL
modelling environment merely as a drawing tool for task-subtask structures. The resulting XML should
then be transformed to OWL matching the OWL-based APOSDLE knowledge base. The advantage
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would be producing an XML, that is, machine-processable output, already in the informal definition of
a task model. However, the YAWL environment would have to be changed and restricted to keep the
system from failures in the formal checks of the YAWL models. If we abstract from that property, which
is rather YAWL-specific, the transformation approach would also apply, if the YAWL environment
would be replaced by another workflow environment, for example a BPEL environment. We
recommend this approach to organizations, which want to re-use a given workflow or to formalize the
resulting APOSDLE workflow further in an (APOSDLE-external) workflow management system.

OWL-approach

The alternative solution is to model the task-subtask structures on the basis of OWL. For the tools
support this means a possible choice between wiki-based technology (as applied in APOSDLE) and
ontology editors as for example Protégé. The modelling means for tasks and subtasks come along
with the part-of relation. The logical and sequence-specific information has to be captured by a
numbering scheme, which is similarly intuitive as numbering sections and subsections in a text
document. Such a numbering scheme is currently under development and experimentation and will be
eXJalained and detailed in the deliverable on the integrated modelling methodology. Nevertheless, the
2" Prototype showed, as an emergent property of the task modelling process, that the users
introduced numbers to groups and order their tasks during informal modelling. We took this as a clear
hint, that usability, tool-related frictions and the versioning problems as explained in the previous
section could dealt with by starting formal modelling by means of OWL i that means let the knowledge

engineers model their task nooaddenham mddal and stéprback faom| y

introducing a highly formal workflow language at all.

3.2.3 Conclusion

During the course of the APOSDLE project, we will follow the second approach, as the workflow
model s come fAfrom scratcho i n t i and thereis o regdiremant
demanding, that the models have to re-enter a workflow management system. For knowledge-
intensive work and the resulting workflows this seems to be the best alternative. However, for each
new organization eliciting APOSDLE requirements, the transformation approach/opportunity should
also be taken into account. The most interesting open research question would then be how for
instance the processes in knowledge-intensive work, such as software engineering, could be extracted
from existing systems, which go beyond workflow management in less knowledge-intensive work. This
question can only be tackled by a set of empirical studies involving (to keep the frame of the software
engineering example), for example bug tracking systems, electronic tools for Scrum and lightweight
workflow tools like MS Project.

3.3 Learning goal model: a competence-based approach for formalizing
learning goals and prerequisite knowledge

3.3.1 Challenges for realising adaptivity in work-integrated learning with APOSDLE

One of the main goals of APOSDLE is to provide a user with learning content in a highly adaptive
manner. For the selection of learning content, the APOSDLE environment should take into account the
actual learning need of a knowledge worker. The actual learning need shall be determined by
requirements of a task at handingkmmwletgeland skils, whiclo had
originated from previous learning and working experiences.

For realising this kind of adaptivity, two types of models have to be realized. First, information about a
user in terms of his or her existing knowledge and skills needs to be stored. In adaptive learning
research, the model in which this kind of information is maintained has been called the user model
(also student model, see Murray, 1999; Albert et al., 2002). To realize adaptivity to a full extent, the
usermod el has to be updated according to the wus
the system. In case of APOSDLE, the user model is stored as part of the user profile (see s 4.1.1 and
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4.3), and the update is one of the services performed there. Second, in order to adapt the provided
learning content to the tasks that have to be performed in the work process, a second model needs to
define a | dnggoalein térms df taeaknowledge and skills that are required for performing
each task. This second model is the learning goal model and provides a mapping between the task
model (see 3.2) and the knowledge and skills needed to perform the tasks (learning goals).

Looking for a common conceptual basis for these two models, we chose a competence-based
approach in the context of APOSDLE to address the challenges mentioned above. The use of
competencies has often been advocated as a way to deal with the challenges in workplace learning
(Green, 1999; Lucia & Lepsinger, 1999) for several reasons. Competencies are being used to more
closely relate learning to organizational requirements such as organizational goals, or task
requirements. Putting personal competencies in the centre of professional education seems necessary
as the content of tasks is changing so rapidly that requirements can not be defined in detail. The shift
to competencies is therefore not a fashionable hype, but a necessity for organizations to cope with
uncertainty (Weinert, 1999).

Another reason why competencies have received significant attention is technical in nature. The fact
that competencies can be used as an abstraction to describe several different types of objects (such
as persons, tasks, content objects and others) with the same vocabulary, make them a good
candidate for reducing the complexity by introducing a semantic layer (Hockemeyer et al. 2003; Sicilia,
2005a,b). However, this use of the concept has lead to a diversity of definitions and conceptualizations
discussed in more detail below.

Though the concept of competency is of research interest in several different scientific disciplines (for

example, organizational psychology, educational sciences, management), the term lacks a standard

definition. In the management literature, for instance, competency can be a trait of an individual, a

group or an organization (see, for exampl e, Rumsey,
competenciesd (Prahal ad e& toHkemmique capadilfigs)of a lausingss r e f
organization to deliver products and services, giving it its competitive edge on the market. A rather

psychol ogi cal definition has been brought up by Boya
underlyingchar act eri stic of a person in that it may be a m
soci al rol e, or a body of knowl edge which he or she
competencies have been conceptualized in the area of job analysis where a major effort has been

undertaken to describe job requirements in standard terms (for example, as KSAOs, see below) in

order to establish a common language for all Human Resource processes (like recruiting, selection,

training and appraisal) (Green, 1999; Lucia & Lepsinger, 1999). In the educational sector,

competencies are seen as a way to focus curriculum development more on generalizable proficiencies

and abilities rather than on specific and isolated skills (van Assche, 2007). Finally, existing
conceptualizations of competencies have been taken up in the Information Systems field either to

support existing HR Information Systems (Schmidt & Kunzmann, 2006) or in the area of eLearning

(Sicilia, 2007).

Not surprisingly, this diversity in the adoption of the concept of competencies has lead to a plethora of

definitions. In a review, Wei ner't (1999) concludes
interpreted as a roughly specialized system of individual and/or collective abilities, proficiencies, or
skills that are necessary or sufficient to reach a sp

These conceptual problems come along with several requirements on modelling learning for

APOSDLE. In order to allow for adaptive learner support, the model needs to have an interface with

the user profile present in the learning environment. Furthermore, in order to allow for adaptive

support with regard to a task at hand, there has to be a link to the task model of the APOSDLE

environment. As content has to be retrieved that takes into account the learning need of a user, an
association with the domain ontology is required. Pr
requires inferences about prerequisite relationships among tasks. Computing optimised learning paths

requires prerequisite relationships among different learning goals to be achieved.
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3.3.2 The conceptualizing of learning goals in APOSDLE

Looking at the requirements of a competence-based approach for APOSDLE, it became clear that a

much narrower conceptualization would suffice, and hence a narrower scope should be devised for

the model . First, as the main target is to detect a Kk
and devise appropriate learning goals, the concept of a learning goal was established as the central

concept around which adaptivity should be realized. A learning goal is understood as a discrete unit of

knowledge or skill which is needed to perform a task, and which a knowledge worker attains at a

certain point in time by performing learning activities or attains by practicing in tasks and becoming

proficient in them.

Second, the scope of learning in APOSDLE is limited to learning at work, which also determines the
scope of the learning goals modelled in APOSDLE. Which ones to include and exclude has to be fine
tuned with the learning support provided (see Section 5.1). Also it has been shown (see the 1%
Workplace Learning Study by de Hoog et al., 2006) that learning events should be concise and cover
a time range of minutes to hours rather than days to weeks, which again is an indication of a finer
granularity. A further limit on the scope of learning is an emphasis within APOSDLE on domain
specific learning activities, rather than generic (soft) skills.

As we are seeking a competence-based approach for devising and structuring learning goals, we are
next reviewing several conceptualizations of competencies from which we then derive a conception of
learning goals for APOSDLE.

Because of their great popularity, various approaches have been brought up to categorise and

organize work-r el at ed competencies. For i nstafde,r Nwewe( b9 D¢
managerial competencies. By means of a case study, van den Berg (1998) suggested to classify

competencies into Knowledge, Behavioural Style, Cognitive Capacity, and Personality. Within another
conceptualization, the KSAO approach (see for example, Schippman et al., 2000; Lievens et al., 2004)

led to categorizing competencies into Knowledge, Skills, Abilities, and Other characteristics. The

KSAO classification has also been used for structuring competencies in the o*net database on

occupational information (National O*NET Consortium, 2005).

All these approaches have in common their high degree of abstraction, which is not desirable in the
APOSDLE context for the abovementioned reasons. Since learning artefacts are retrieved by means
of a domain ontology, the abstract concepts of the competency model would have to be linked to
concrete domain model elements, which constitutes an additional potential source of errors for
modelling. One way to overcome these difficulties has been suggested, for instance, by Sanchez-
Alonso & Frosch-Wilke (2007). The authors present a way for integrating competency-related
concepts in domain ontologies. In APOSDLE, we want to go one step further. We argue that all
learning goals, by definition, have to be related to the domain model. In other words, each element in
the domain model is related to a (different) learning goal. However, an ontology in itself, when it only
formalizes factual (or declarative) knowledge about a domain, is not sufficient for deriving learning
goals. Instead, learning goals refer to a cognitive action. They describe a state of a person in which he
or she is able to do something: perform a task, solve a problem or perform some kind of mental
operation. In short, learning goals need to describe the way declarative knowledge is used or applied.
This is in line with conceptualizations which connect semantic models to a competency
conceptualization. For example, Pernici et al. (2006) describe skills in terms of how domain knowledge
is being used: a skill is a knowledge object plus an action verb.

Preferably, this second component of a learning goal (the action verb) is derived from a general
instructional theory and should be independent of a specific learning/work domain. Anderson &
Krathwohl (2001) have presented such a conceptualization which we adopt. We use elements of the
cognitive process dimensions of Anderson & Krathwohl (see Section 5.1.4 for more details) remember,
understand, apply, and create) to establish the procedural component of a learning goal which we will
call its learning goal type. Taken together, the combination of one domain model element and one
learning goal type constitutes one learning goal. This conceptualization is in line with recent
developments in other FP6 projects, such as the iClass project (see, for example, Albert et al. 2007 or
the Calibrate project (van Assche, 2007).
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Summarizing: As we are aiming for a narrower scope in terms of the units of knowledge to be
acquired, we have devised the concept of learning goal as the main unit of analysis. This will be
detailed in the subsequent sections. In order to also be consistent with the broader competency
conceptualizations mentioned in the review above, we will be seeking to link our conceptualization to
these approaches. A first attempt in doing so is presented in Section 3.3.6 where we compare our
approach to standard industrial competency management practice.

3.3.3 Role of Learning Goals in APOSDLE

The role of learning goals within the APOSDLE approach is shown, in a simplified way, in Figure 3-2.
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Figure 3-2: The role of learning goals within the APOSDLE approach

Performing a task is the main objective of a knowledge worker. This may lead to a learning need
associated with the task he or she wants to perform. The task requires certain knowledge and skills
which are modelled as discrete learning goals. The mapping between tasks and learning goals is
formalized in a Learning Goal Model. Given a valid mapping, and given a valid learning history in
terms of learning goals the learner has engaged with in the past, APOSDLE can detect the learning
need of the worker in terms of the learning goals he or she needs to attain. Each learning goal is
related to an element in the domain model (domain concept), for each of which (ideally) learning
content is available. This way, APOSDLE should be able to retrieve knowledge artefacts tailored to the
learning need of a user, taking into account both the learning need as specified by the task at hand
and the learning history of a worker.

More concretely, we are using the learning goal model for three purposes. First, based on the
assumption that in order to perform a task successfully, the user needs knowledge about all learning
goals related to one task, we regard the past task engagements of a user as implicit information about
his or her knowledge and skills instead of an explicit (self-) assessment. This procedure is termed
event-based learning history (see 3.3.5). Second, we are determining the learning goals of a user for a
task at hand in terms of knowledge and skills he or she has to acquire by performing a learning need
analysis. Third, we are computing an optimised sequence, a learning path, for attaining learning goals
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taking into account a prerequisite relation on the set of learning goals (this will be described in Section
5.1.4).

3.3.4 Thelearning goal model and its theoretical background: competence-based knowledge
space theory

In order to compute a task-based learning history, and a learning need analysis, a formal model is
needed that allows for inferences about what knowledge is required for a certain task, and which
learning goals a user may potentially have when engaged in the task. Given such a model,
conclusions can be drawn from a workerds past
knowledge. Given the knowledge state of a worker and the knowledge requirements of a task at hand,
a discrepancy can be identified and instructional support can be initialised. Moreover, prerequisite
relationships among learning goals need to be represented in the learning goal model in order to
derive individualised learning paths.

One approach for dealing with prerequisite relationships among learning goals has been described in
the context of the Intelligent Guide system (Khuwaja et al., 1996), a competency-based curriculum
sequencing technology for educational purposes. In the Intelligent Guide system, domain concepts are
linked via nodes in a network. The core of the system is the pedagogy engine, which is responsible for
interpreting the knowledge state of the learner. Depending upon his or her state of interaction, it
determines a learning path in order to attain a certain learning goal. The behaviour of the pedagogy

task er

engi ne depends on t he domai n knowl edge in t he know
assessment of the userod6s knowledge state, and the pe
engine.

Recently, several models for ontology-based learning systems were proposed for competence-based
technology-enhanced workplace learning. For instance, Sicilia (2005a) introduces the basic elements
of an ontology of competency, where prerequisite relationships between knowledge elements,
attitudes, skills and competency elements are explicitty modelled. Similarly, Schmidt & Kunzmann
(2006) propose to model competencies hierarchically decomposed into other (sub-) competencies
(subsumption relation). Wi t hi n t he ninghistosy in tetms of
knowledge and skills he or she has acquired is stored in a user model (see, for example, Albert &
Mori, 2001). In a concrete learning situation, the user model has to be related to a model of learning
goals for the learning domain. Moreover, besides the mapping between learning goals and their
prerequisites, a mapping between learning goals and work tasks or job situations has to be

concep

established for taking into account the userdés work

would be independent from the task at hand. Taken together, a learning goal model needs to connect
the working domain (tasks) with the learning domain (learning prerequisites).

Ley et al. (2005) have suggested Competence-based Knowledge Space Theory as a framework to
formalise learning goals and their connection to workplace performance for work-integrated learning.
With the Competence-based Knowledge Space Theory, Korossy (1997) has introduced an extension
of Doignon & Fal magneds Krlohadbeet deseloged ia the 19804 and 90/
as an attempt to model a persondés knowl edge as
& Falmagne, 1985, 1999). This was developed as a qualitative set-theoretical approach for the exact
testingofalear ner 6 s knowl e d g-enhancad learning eemrvinonnteht.oKgowledge Space
Theory has been applied in adaptive testing and tutoring scenarios and systems (ALEKS Corp., 2003;
Hockemeyer et al.,, 1998). One fundamental idea of Knowledge Space Theory is t h a't a
knowledge in a certain domain can be described as the set of problems this person is able to solve.
This set of probl e ms paformandeistatel The secohdfindamental assumiption
of Knowledge Space Theory is that prerequisite relationships exist between the problems. This comes
along with two implications that are relevant for APOSDLE. First, not every combination of problems
constitutes a feasible performance state. The collection of all feasible performance states is called a
performance space. Second, from a personébés performance
infer his or her performance in other problems.

, whi
cl ose

personbo

concer
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In an attempt to develop Knowledge Space Theory further, Korossy suggested that in addition to the
set of problems, one should look at the set of elementary competencies that are needed to solve the
problem. This would generate information about the reasons for different levels of performance, and
thereby help to suggest instructional interventions. Similar to the set of problems, elementary
competencies are also structured in a competence space which results from a prerequisite relation on
the set of competencies.

The relation between the two sets (problems and elementary competencies) is formalised by an
interpretation function which maps each problem to a subset of competence states which are
elements of the competence space. This subset of competence states contains all those competence
states in each of which the problem is solvable. The competence state in which a person has to be
minimally to solve a certain problem is termed the competency interpretation of a problem. The
interpretation function induces a representation function which assigns to each of the competence
states all problems which are solvable in that competence state. Which problems are solvable is
determined by the interpretation function. If a knowledge domain is structured by a competence space,
a performance space, an interpretation function, and a representation function, we call the model a
competence-performance structure.

Competence-based Knowledge Space Theory has been applied in technology enhanced learning
solutions. For exampl e, Hockemeyer et al . (2003)
fifcompet enci es t au @ hollegtiornotleamiag objetts. tTherelyoprerequisite structures

could be derived for the eLearning content which allow for adaptive tutoring. New course content could

easily be integrated, as metadata was only held locally.

The learning goal model in APOSDLE - which could be termed as a task-learning goal structure - is
formalized according to the principles of a competence performance structure in the following way.
The elements of the two sets are the tasks the knowledge worker has to perform in the workplace and
the learning goals which describe the knowledge and skills needed to perform these tasks. We
assume both prerequisite relations on the set of tasks and on the set of learning goals. The mappings
between the two sets are called the interpretation and representation function. A feasible set of
learning goals is called a knowledge state and it induces a task representation which gives all tasks
that can be performed in that knowledge state.

A brief formal example for a task-learning goal structure in a knowledge domain encompassing the set
of tasks {T1, T2, T3, T4} and the set of learning goals {K1, K2, K3, K4}2 can be found in Table 3-1.
This table shows the interpretation function, the representation function, the learning goal
interpretation of each task, the feasible knowledge states, and the matching task representations of
the example structure.

Interpretation and Representation Function of the Task-Learning Goal Structure

Representation Function

Knowledge State {1} {K1} {K3} {K1, K3} {K1, K2, K3} {K1, K2, K3, K4} Learning Goal Interpretation
Interpretation Function Task
T1 X X {K1}
T2 X X {K3}
T3 X {K1, K2, K3}
T4 X {K1, K2, K3, K4}

Task

Representation {} {T1} {T2} {T1,T2} {T1,T2,T3} {T1,72,73,T4}

Table 3-1: Interpretation and Representation Function of the Task-Learning goal Structure (Example)

Note that usually there are more tasks than competencies in a learning domain.
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The column fiLearning goal I nterpretationo indi
be minimally in to be able to perform the task. For example, in order to perform the task (T3), the
knowledge state {K1, K2, K3} is required. Crosses specify the interpretation function in the table by
assigning to each task all knowledge states in which the task is solvable. The task (T4), for instance, is
only solvable by a person who is in knowledge state {K1, K2, K3, K4}. Task (T2) is solvable in
knowl edge states {K3}, { K1, K31}, { K1, K2, K31},
shows for each of the knowledge states all tasks that are solvable in that knowledge state. For
example, a person who is in knowledge state {K1, K3} is able to solve the set {T1,T2} of tasks.

The prerequisite relation and a task-learning goal structure can be visualised by means of a Hasse-
Diagram (Figure 3-3). Interpreting lines going from bottom to top leads to prerequisite relations. In the
prerequisite relation on the set of learning goals, for instance, (K1) is a prerequisite for (K2) and (K4).

Task - Learning Goal Structure

Prerequisite Relation
(Learning Goals)

‘ {T1, T2, T3, T4} ‘

{K1, K2, K3, K4} °
Q € Learning Goal

é Prerequisite Relationship
(reflexive, transitive)

{T1,72,T3}

{K1, K2, K3}

{T1, T2}

Prerequisite Relation
(Tasks)

D é Task

é Prerequisite Relationship
(reflexive, transitive)

l:l é Task Representation

@ é Knowledge State

é Prerequisite Relationship (reflexive, transitive)

Figure 3-3: Task-learning goal structure, prerequisite relations on the sets of tasks and learning goals

Another advantage of Competence-based Knowledge Space Theory is that it incorporates a model of
the knowledge domain and a model of the individual learner. Moreover, a task-learning goal structure
can be combined with a domain ontology and there are various possibilities for evaluating the validity
of a task-learning goal structure in a learning domain.

For creating the learning goal model, we have developed a tool the TACT (Task Competency Tool)
which uses the domain ontology and the task model as input structures, provides ways to link the two
by mapping the elements from the two sets, and generates prerequisite relation as an output. Short
descriptions of previous versions of the TACT have been given in Deliverable DI.3 Integrated
Modelling Methodology and in Deliverable DP2 Second Prototype. A detailed description of the TACT
tool for APOSDLEG6Gs third pDblLéntegratet Moddllisg Mgthodobogy. i n

cates

and
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3.3.5 Using the learning goal model in APOSDLE

As mentioned above, in the scope of APOSDLE, we use Competence-based Knowledge Space
Theory for three practical purposes: for building a task-based learning history, for performing learning
needs analysis, and for computing learning paths. Below these will be described in more detail.

Building an event-based learning history. Competency testing has a long tradition in business and
organi sational psychol ogy, and several approaches wer
knowledge and skills. Most of them require significant efforts and have a rather low validity, since very

often the test situation and the test material have a moderate validity for predicting concrete task
performance (see, for example, Arvey & Murphy, 1998). Our approach for assessment will be less
ambitious. As the main purpose for building a wuser
knowledge and skills but only to arrive at the best fitting learning goal for a specific task and a specific

user, we will restrict ourselves to the rather heuristic approach of an event-based learning history. The

learning history for each user consists of a collection of user actions (for example, performing a task)

related to the domain concepts the user was engaged with in the past. From these user actions, we
approximate the most likely knowledge state of the user concerning a certain domain concept (for

more details see 4.3).

Due to the direct link of tasks and learning goals in Competence-based Knowledge Space Theory,

there is an opportunity to approximately assess a w
reviewing his or her past task performance. The rationale behind this approach is one that regards the

application of knowledge in performing a task as a valuable learning experience. This type of

workplace learning has been discussed as informal and experiential (see, for example, Garavan et al.,

2002).

For approximating the minimal knowledge state, we look at the set of tasks the worker has engaged
with in his/her past use of the system. From the learning goal interpretation of each of these tasks, we
infer this state. Several algorithms are conceivable for this inference. The easiest approach is to
regard the minimal knowledge state of a person as the union of the learning goal interpretation of all
tasks he or she has engaged with in the past. For instance, if a worker in the example of Table 3-1 has
performed the tasks (T1) and (T3), the set {K1, K2, K3} would be regarded as his or her minimal
knowledge state. The appropriateness of an algorithm for building a task-based learning history
depends on the validity of the learning goal model and on other properties of the learning domain,
such as the number of learning goals or the number of tasks.

In the second APOSDLE prototype (see Ley et al.,, 2008a), we have based the building of the user

model solely on information on past tasks performed (a task-based learning history). While there is

some evidence that in fact most learning at the workplace is connected to performing a task, and that

task performance is a good indicator for available knowledge in the workplace, this restriction to tasks

performed certainly limits the types and number of assessment situations that are taken into account.

It is evident that a userb6s knowledge and skills do
interactions with the work-integrated learning system. For example, a user who seeks help while

performing a task might be in a different knowledge state than a user who provides help to others.

Additionally, the tasks a user performs may be driven by organizational constraints or simply by task or
job assignments, and may therefore only draw a partial picture of the knowledge and skills a user has
available.

Won & Pipek (2003), for example have -iimdircoadtuicregd ewhean
that are used to create awareness of a users competencies in a computer-supported cooperative work

scenario. These authors allow users to flexibly construct hypotheses about certain events (for

example, iUser A answered many questions in a Jawfa a new
expertise of the users (for example, A Us e r A is an expert on Javao). I
elLearning, the approach of evidence-bearing events was suggested to maintain user models based

on various user interactions with the system Brusilovsky (2004).

In a similar manner, we have developed algorithms for making inferences about which knowledge and
skills a worker has available by tracking his or her interaction with the APOSDLE system. We are
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calling these events fiknowledge indicating eventso.
certain topic, or the publication of a document could be such competence-indicating events.

A more detailed discussion of the events that are collected in the user model and the inferences that
are drawn from these can be found in s 4.1.1 and 4.3.

Performing learning needs analysis. In order to provide the best-possible support for a worker who
tackles a certain task, the workerds | earning need h
learning needs analysis in which the requirements of a task in terms of knowledge and skills are
compared with the knowledge state of a worker. Again, several algorithms might be useful in this
context. The easiest one would be to take the difference set between the learning goal interpretation

of the Atargeto task, and the current HKabledl ifthege st at
target task is (T4), and the set {K1, K3} constitut e
Kdlr epresents the workerds |l earning need. Each el emer
learning goal.

Computing learning paths. One of the main assumptions in technology enhanced learning derived
from pedagogical principles and theory is that the learning process can be improved through guidance
(Schmidt, 2005). The concept of a prerequisite relation in the Competence-based Knowledge Space
Theory has direct implications for the best-possible sequence for learning goals to be achieved.
Returning to the example from above, if the set {K2, K4} constitutes the learning need of a learner, he
or she should satisfy (or reach the associated knowledge state) (K2) before (K4), since (K2) is a
prerequisite of (K4).

Refl ecting a us emnbdboptrast ® guanitativegnedsiremerd apgroaches, competence-
based Knowledge Space Theory is based on a qualitative approach for assessing knowledge. This is
especially applicable for our purposes as we are trying to suggest the best next learning activities,
rather than placing learners along some continuum of competence. An analysis of the knowledge
indicating events that can possibly be gathered in the APOSDLE system (see 4.3), suggests that the
types of events differ with respect to the orientation that users have when interacting with the system.
For each topic in the domain ontology, we differentiate between a learning (for example, consuming
learning content), a working (for example, producing documents) and a knowledge transfer (for
example, being contacted in a cooperation episode) orientation. In our understanding these different
orientations indicate different qualitative levels of knowledge and skills in use. Similarly, qualitative
differences in the use of knowledge and skill have been suggested, for instance, by Dreyfus & Dreyfus
(1986) and Eraut (1994) who identified five stages of skill development (Novice, Advanced Beginner,
Competent, Proficient, and Expert). In extending the learning history to encompass these qualitative
levels, we have created a visualization of a users learning history that is based on the collected data
as a personal reflection tool. Again s 4.1.1 and 4.3 should be consulted for details about collected
events and algorithms.

3.3.6  Comparison of the APOSDLE Modelling Approach to Standard Industrial Competency
Management Practice

3.3.6.1 Purpose of the Comparison

The purpose of this section is to compare the competence-based approach using learning goals as
the unit of operation as used in APOSDLE to standard practice of competency management in
industry settings. The need for such a comparison was prompted by the first APOSDLE review in
which it was recommended to consider whether the use of competencies as the basis of discussion on

empl oyeesd | efinintothenegployezseedisting use of competencies for job descriptions,
personal learning plans, appraisal or career development,

This section makes a first step into this direction by comparing the use of competencies in APOSDLE
to standard industrial practice, and by giving an outlook on the future developments in this important
field of research.
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3.3.6.2 Procedure

The following documentation was analyzed for performing the comparison: An excerpt from the

deliverable A D6 . 1 Requirement analysis and sasewell dsitheati ons:
deliverable A D6 . 2 I ndustri al use case: Design and nmetdel |l ing
from the LUISA project3 and authored by Anne Monceaux and Joanna Guss from EADS-CCR.

3.3.6.3 Results

The analyzed documentation contains information about the conceptualization of the competence
domain within the Airbus division at EADS with some concrete examples of positions and required
competence profiles. The documentation also contains descriptions of a use case specifying how the
approach is being applied at Airbus. Although being specific for Airbus, the approach taken there
corresponds to several other industrial cases the author is aware of, such as those described in Wols,
Kirchpal & Ley (2003), Hiermann & Hofferer (2003) and Pernici et al. (2006). As such the EADS case
can be seen as a good example of standard industrial practice in Competence Management.

Dimensions APOSDLE Approach EADS Approach

considered in

the analysis

Purpose of Building a task-based learning history Performing job based learning needs
Modelling Performing task-based learning need | analysis

analysis

Devising learning paths as sequences
of learning goals

Supporting work-integrated learning

Devising training measures

Supporting competence appraisal in
annual performance review sessions

Granularity of
Learning objects

Granularity of learning objects
corresponds to Aggregation Level 1 or
2 in IEEE LOM (IEEE, 2002): Raw
media and fragments, and collections
of fragments.

Granularity of learning objects
corresponds to Aggregation Level 4 in
IEEE LOM (IEEE, 2002): Courses and
collection of courses.

Granularity of the
concepts used

Learning Goals: Single elements of
knowledge or skill needed to perform a
task and which can be acquired in a
work-integrated fashion.

Knowledge state: A collection of
knowledge and skills together with the
ability to apply them in a number of
tasks.

Knowledge & Skills: Knowledge and
know-how that need to be
demonstrated for a competence

Competence: Ability to apply a number
of activities, ability to apply knowledge
and skill

Job vs. Task
Based Analysis

The task performed in the workplace is
the point of departure, irrespective of
the position or job in which it is
executed.

The job or fAprofes
departure in modelling and is used to
model devise the learning need.

Separation of
competence and
performance

Clear conceptual differentiation
between task performance and
knowledge. Knowledge and skills can
be utilized in a number of tasks.

One to one correspondence between
activities and skills. Skills seen mainly
as abilities to execute certain activities.

® http://www.luisa-project.eu/www/
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Proficiency Qualitative approach that takes into Employing a scale (1-5) for
Levels account application of knowledge in Competencies, as well as skills and
different contexts. knowledge, as an attempt to measure
knowledge in a context free fashion.

Table 3-2: Overview of differences between the APOSDLE and the EADS approach

Six dimensions were considered in the comparison. The dimensions constitute important
characteristics of modelling in general and for competency modelling in particular. They are not
independent from each other. In each of the dimensions, marked differences in the approaches have
been identified. Table 3-2 gives an overview of the differences found.

Purpose of Modelling. Clearly, the purpose of the APOSDLE approach is narrower in focus than a
standard competency management approach. While work-integrated learning is only one aspect of
standard HR processes, it also has certain special requirements, namely (1) that it is more fine grained
in nature than in usual job based learning, and (2) that it is more strongly embedded and driven by
task executions. These two issues will be covered in more detail below, as they explain two of the
main differences found. Furthermore, the two last differences analyzed (3 and 4) relate to a more
general difference in the philosophy and history of the two approaches. These will be discussed
subsequently.

(1) Granularity of learning objects and granularity of the concepts used. A clear difference was found
in the granularity of the targeted learning objects or knowledge artefacts. The finer granularity needed
for work-integrated learning needs to be reflected by the granularity of the concepts used. As a result,
the main unit of analysis in the APOSDLE approach is on the level of units of knowledge and skills, not
encompassing the broader aspects of competencies. However, in line with research and practice, we
see a competency composed of a collection of related units of knowledge and skills together with the
ability to apply them in work-related tasks. In contrast to many approaches where the distinction
between these two levels is not made explicitly, the APOSDLE approach has a very clear conceptual
model to deal with this. A knowledge state (consisting of a collection of learning goals) and the
associated task representation (consisting of a collection of tasks) can be seen as the equivalent to a
competency in the sense described above.

The example given in Table 3-3 illustrates this by comparing one knowledge state from the APOSDLE
learning goal model of Prototype 1 with a part of a position profile in the EADS Competency Model. In
the EADS model, a competency requires a set of knowledge and skills. In the APOSDLE model, a
knowledge state is composed of a set of learning goals as well as a set of associated tasks. The
examples in the table are not equivalent, as different domains have been modelled. They are given
here to illustrate the possible linkage of concepts used in standard HR competency management and
in the APOSDLE approach.

(2) Job vs. Task Based Analysis. Standard HR practice is usually job based. This relates both to
modelling (for example, bundling knowledge and skills and competencies in a job driven fashion), and
to learning (for example, deriving competency gaps from a position profile). This is the practice
reflected in the EADS model. Table 3-3 shows that the model has specified professions which entail
concrete positions (which in turn can be held by particular persons). A profession consists of a
consistent group of activities and is composed of competencies, skills and knowledge which are
needed in that position. Position profiles can then be compared to employee profiles to devise optimal
learning opportunities.

In APOSDLE, the point of departure is a task, irrespective of the position in which it is undertaken. In
our view, the more dynamic organizational settings in knowledge work require that we employ a more
flexible approach than a job based approach is able to provide. Of course, a grouping of fine level
concepts (such as learning goals or knowledge & skills) to form more abstract concepts (such as
competencies or knowledge states) is always possible. As we have demonstrated in the example
above, such a grouping is not constrained by jobs or positions but can be formed more flexibly by
grouping any collection of tasks in the task model to form a viable knowledge state. As in the EADS
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case a position is defined to encompass a set of activities (tasks), it is certainly possible to group
those activities to form a position profile.

APOSDLE Model (Prototype 1) EADS Competency Model
Job: RESCUE Requirements Engineer Profession: Requirements Based Engineering
Position: Engineer - Engineering Requirements
Knowledge State Competency: Processes Method & Tools
Learning Goals: Management
f 2. Knowledge about how to organise an Knowledge & Skills:
acquisition programme 9 Design processes

Knows definition of the norms meth
Support the teams

Knows recommendations

Manages development environments

1 3. Knowledge about the Activity Model and
the activity descriptions

1 8. Knowledge about the domain and the
environment of the system

9 10. Basic technical understanding

1 36. Ability to apply available outputs to Use
Case Specification

1 37. Knowledge of domain lexicons
Tasks:

1 7.1 Gather input (HAM, SGM, Creativity
workshop output, precis, UC level
requirement)

9 7.2 Design a domain lexicon
1 7.3 Identify concepts relevant to Use Cases
1 7.4 Identify Key Ideas

= =4 =4 =

Table 3-3: Comparison between a knowledge state from the APOSDLE learning goal model of Prototype 1
and one part of a position profile in the EADS Competency Model

(3) Separation of competence and performance. Such a separation is not clearly foreseen in the
EADS approach, where a fAskill o is def i neadd hanse
defines a one-to-one correspondence. The approach we are following in APOSDLE allows us to keep
track of the task context in which certain knowledge has been applied in the past. As a unit of
knowledge (or learning goal) is mapped to a number of tasks, a user model may keep track of the
various tasks during which a learner has applied that knowledge before.

(4) Proficiency Levels. Similar to the previous point, the learning goal modelling in the APOSDLE
approach follows a different philosophy than standard competency modelling practice. Knowledge
Space Theory, as the underlying framework, follows a qualitative measurement approach and
presents a sharp departure from traditional parametric measurement approaches in the social
sciences (on which standard competency management practice is usually based). Again, an important
point here is to express expertise in terms of the (qualitative) task context in which knowledge has
been applied, rather than in terms of a context free measurement scale. This does not preclude that
certain scales can not be used in the future. However, these would need to describe differences in
expertise in qualitative ways rather than quantitatively. Furthermore, the APOSDLE approach is by no
means committed to a deterministic approach.

3.3.6.4 Discussion and directions for future research

Summarizing the comparison: what we found were differences in terms of granularity (1) and the
general organizational approach (2). We have shown a clear conceptual schema of how these two

t

he

28



aposdie

learn @ worlk

issues will be dealt with by aligning the APOSDLE discourse with that employed in standard
competency management practice. It needs to be further researched if the alignment we are seeking
is actually feasible and beneficial. This would require finding ways to (a) align knowledge states and
competencies, and to (b) align the job based approach with the task based approach. The EADS case
within the APOSDLE project is a good opportunity to continue with this research and answer the
questions raised above.

We have further found two differences which relate to the conceptual differentiation between
competence and performance (3) and qualitative vs. quantitative measurement approaches (4). As
these are the core of the underlying conceptual model, we will continue to research ways for
integrating this into industrial practice.

3.4 The APOSDLE knowledge base

In a nutshell, the APOSDLE Knowledge Base contains all the necessary information about the tasks a
user can perform in a certain organisation (the task model), the learning goals required to perform the
tasks (the learning goal model), a description of the application domain of the organisation (the
domain model), andy nal | vy, speciyc APOSDLE categories u
learning material, that are exploited by the learning support in APOSDLE to produce the learning
material and suggestions (the APOSDLE categories).

3.4.1 Challenges

The APOSDLE knowledge base is to provide a machine processable integrated theory (= knowledge
base) of the application domain in which the APOSDLE platform supports work-integrated learning.
This implies that at every new installation of APOSDLE one needs to specify a new domain model,
task model and learning goal model. APOSDLE provides for this a modelling methodology and a set of
modelling tools that support the methodology.

1 The first objective is to provide a methodology and a set of tools for acquiring knowledge for
the AKB (APOSDLE Knowledge Base). To successfully achieve this objective, we have to
support domain experts in eliciting their knowledge in a logic-based model without requiring
them to be expert logicians. Furthermore, we have to exploit as much as possible those
company resources, such as a list of key terms, classification schema, database schema, and
other schemata, which are used by the companies to organize their document archive, data
and activities. These schemata constitute the result of an analysis and a conceptualization of
the domain, and encode domain knowledge in a quasi-logical format. For this purpose in
APOSDLE we have developed a collaborative modelling methodology based on Web 2.0 tools
(semantic media wiki) widely described in Christl et al. (2008) and Rospocher et al. (2008).

i The second objective is integrate in the AKB different types of knowledge, such as the
procedural knowledge encoded in the task model, the knowledge about competences of
workers, and knowledge about the domain models. The main difficulty here is to establish the
connection among the different types of knowledge. For instance, stating that a certain task
needs some competences and that a task will deal with a certain concept. For this purpose we
have defined the APOSDLE metamodel described in Rospocher et al. (2008).

I The third goal is to provide a set of services on top of the AKB for the APOSDLE learning
support and the APOSDLE classification tool. These knowledge services should be able to
answer both logical queries, that is, queries that imply some form of logical reasoning in the
models, and non-logic based queries, that is, queries that implies some form of analogical,
statistical, and similarity based reasoning on the knowledge. Again the problem is being able
to reason about different, but related, logics (that is, the logic of processes, the logic of the
competency model and the logic of the domain model). Implementation of such services is
based on the notion of semantic matching which are described in Scheir et. al (2007) and
Scheir et. al (in press).

sed
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We will describe the above challenges and the solutions provided in the following subsections

3.4.2 Knowledge acquisition

The problem of knowledge elicitation has been around since the beginning of Artificial Intelligence. In
the early years, to build expert system human experts were asked to express the knowledge about a
certain domain into machine processable languages such as rules. Recently, with the advent of the
semantic web, we have seen a major shift on how knowledge should be expressed. In particular logic
has become the basic tool to express machine processable knowledge, thanks to its declarative
fashion, its unambiguous meaning and the availability of efficient reasoning tools. This shift makes the
process of knowledge elicitation more complex than in the past, as the meaning of logical formulas
and the effects of axioms is much more complex than simple activation rules. Domain experts,
nowadays, need more support than in the past in the process of knowledge elicitation. Furthermore,
the recent development of the web (in particular WEB 2.0) highlights the importance of the social
aspects of knowledge. In our setting, this means that the elicitation of knowledge is not a process that
is performed by a single individual in isolation, but is more a social negotiation process. In this
negotiation process, the members of a community (the group of people who share and use a common
piece of knowledge for their activity) should converge to a common representation of the shared
knowledge.

In the area of knowledge engineering there are several well established methodologies and tools for
knowledge elicitation. One of the best known methodologies is the CommonKADS methodology
(Schreiber, et. al, 2000). This methodology was especially designed for building expert systems.
Recently a large number of methodologies and tools has been developed for many aspects of the
complex process of building and maintaining ontologies. For instance DILIGENT (Vrandecic, et al.,
2005) is a methodology focusing on the evolution of ontologies and in particular on users and their
usage of the ontology, instead of on the initial design, thus recognizing that knowledge is a tangible
and moving target. HCOME (Kotis et al., 2006) supports the development of ontologies in a
decentralized fashion, which in turn supports the creation of an agreed ontology between a group of
people in a community. These are only some examples of knowledge acquisition methodologies. The
paper by Cristani and Cuel (2005) provides a survey of proposals for ontology creation methodologies.
All these tools, however, could not be simply adopted in the APOSDLE project, as these
methodologies need the development of a set of intelligent tools that supports the automatic
performance of their steps.

For the APOSDLE prototypes 1 a more traditional approach was used. A person knowledgeable about
the domain constructed the domain model which was represented in the Protégé language. For
prototype 2 and 3, inside the project we have developed a collaborative methodology, based on an
extension of Semantic MediaWiki (http://meta.wikimedia.org/wiki/Semantic MediaWiki) called MOKI
(for Modelling viKI) (http://moki.fbk.eu/) The methodology is described in more detail in the Deliverable
D 1.3 (Integrated Modelling Methodology. Below we give a brief overview of the methodology.

The APOSDLE Integrated Modelling Methodology guides the process of creation of the application
domain dependent parts of the APOSDLE Knowledge Base.

The methodology consists of five distinct phases, which cover the entire process of model creation,
from the initial selection of the application domain, to its informal, and then formal, specification, and
finally to the validation and revision of the final Knowledge Base:

1 Phase 0: Scope & Boundaries. In this phase the scope and boundaries of the application
domain are determined and documented. The first step of this phase was to use questionnaires
to elicit the main tasks and learning needs of the different Application Partners in order to
identify candidate application domains for learning (also called learning domains). The
candidate application domains were then discussed and the final domain was decided upon,
and briefly documented. The key aspect of this phase is to support the Application Partners to
identify a learning domain appropriate for the "learn @ work" approach taken by APOSDLE.
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1 Phase 1: Knowledge Acquisition. The goal of this phase is the acquisition of knowledge about
the application domains that have to be formalised and integrated in the APOSDLE knowledge
base. The proposed methodology aims to extract as much knowledge as possible from both
domain experts and available digital resources identified by the Application Partners. The
elicitation of knowledge from domain experts is based on well known techniques like interviews,
card sorting and laddering, already introduced in literature, while the extraction of knowledge
from digital resources is based on algorithms and tools for term extraction described in (Scheir
et al., 2007). The key aspect of this phase is twofold: first, the methodology has to support an
effective and rapid knowledge acquisition from domain experts, who are often rarely available
and scarcely motivated towards modelling; second the methodology has to ease the process of
modelling by reusing knowledge already present in digital format in the organisation.

1 Phase 2: Informal Modelling. The goal of this phase is to start from the knowledge elicited in
Phase 1 and provide an informal but structured and rather complete description of the different
models which will constitute the APOSDLE knowledge base: the Domain model ( 3.1), the Task
model ( 3.2) and the Learning goal model ( 3.3). The descriptions of the informal models are
obtained by filling pre-defined templates provided in a Semantic Wiki. The use of a Semantic
Wiki allows describing the elements of the different models in an informal manner using natural
language. However, at the same time it allows to structure the descriptions so that they can be
easily (and often automatically) translated into formal models, without forcing the Application
Partners to become experts in the formal languages used to produce the formal models. The
key aspect of the informal modelling is to provide the Application Partners with tools that
support informal modelling i and thus hide the complexity of formal languages 7 but at the
same time are not simple textual editors and provide some typical facilities of modelling tools,
such as the possibility to have a (possibly graphical) overview of the entire model.

1 Phase 3: Formal Modelling and Integration. In this phase the informal descriptions of the task
model and of the domain model are transformed in formal models. The current version of the
methodology supports the automatic translation of the domain model in an OWL ontology, and a
manual translation of the task model in an OWL representation. Additionally, the information
about the learning goals contained in the informal models is automatically extracted and used
by the Task And Competency Tool (TACT for short), to help the Application Partners to formally
specify learning goals. The output of this phase is a first version of the APOSDLE Knowledge
Base. The key aspect of this phase is to simplify the transformation from informal to formal as
much as possible to avoid duplication of work and to make full use of the rich informal models
produced during phase 2.

1 Phase 4: Validation & Revision. In this phase the APOSDLE Knowledge Base is evaluated and
possibly revised. The current version of the methodology provides the support for checking
automatically, via SPARQL queries, different aspects (properties) of the APOSDLE knowledge
base and of its single components. The results of these checks are evaluated and used to
revise the knowledge base, if needed. The key aspects of this phase are first to provide an
accurate set of tests for the APOSDLE knowledge base, and second to allow the domain
experts to validate the models obtained. This second aspect is particularly challenging as the
domain experts usually are not familiar with formal models.

This methodology has been followed by the Application Partners to build their specific APOSDLE
Knowledge Bases.

3.4.3 Knowledge Integration

The basic idea of knowledge integration in APOSDLE is based on federated, diverse knowledge
bases. In this federation, each type of knowledge (knowledge related to working, knowledge related to
learning, and knowledge related to the domain) is stored in the homogeneous format of the Web
Ontology Language (OWL). The integration is done separately in what we can define as the meta-
model schema (see Figure 3-4).
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Knowledge base i Working Knowledge Base i Learning

Federated Knowledge Bases

> Conceptually integrated via the
APOSDLE meta-model

Knowledge Base i Domain
Figure 3-4: Knowledge bases conceptually integrated via the APOSDLE meta-model
The meta-model schema is an ontology represented in OWL. The meta-model schema is a formal

representation of the APOSDLE meta-model, which forms the conceptual basis for integrating the
federated knowledge bases. The conceptualization of this approach is shown in Figure 3-5.
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Learning goal model i Task model
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Figure 3-5: The approach for knowledge integration in the AKB

3.4.3.1 Learning goal model i Task model

As was defined in 3.3 the notion of a learning goal is intrinsically connected with the ability to perform

a certain task. That is, a task is an activity that requires the mastering of certain learning goals. The
mapping between tasks and | earning goals is a binar
between tasks and learning goals. Formally:

Requires I Task 3 LearningGoals
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This simple definition raises the question: How does the specific structure of the task model and the
domain model affect this relation? For instance, if task Ti s , say, iDefine Si
Requirement so and i stasks ¢fon mamped Idehtity tand usdarétand customer
needs, Elaborate Simulation objectives, Specify Simulation Requirement and Specify Simulation
Requirements), what is the relation between the learning goals of the sub-tasks and the more general
task? The inheritance pattern, as present in the concept/sub concept relation, is not so trivial, as in
some cases sub-tasks can be delegated and therefore one does not need the specific knowledge for
the subtasks. In APOSDLE we have tackled this problem by disallowing any propagation of learning
goals through tasks.

3.4.3.2 Learning goal model i Domain model

The basic idea is that learning goals of the user should be linked to domain concepts (see Section

mul at i

3. 3.3). For instance, if in the domain model we have
of a knowledge workercouldbe fibei ng able to perform an interviewo

The idea in APOSDLE is that these learning goals can be pursued by extracting learning material from
the knowledge artefact which is related to such a concept (see Section 5.1). The ontology itself, with
its axioms, metadata and comments, can also be exploited for extracting useful learning material. For

example, if a knowledge worker needs to know what is

the domain of a German partner) then, by accessing the domain model (s)he can obtain learning
content like:

C

T A fAiprogressive abstract i o(showing the canceptkof whiahtiti vi t 2t st ec

is a subconcept)

T A Aprogressive abstractiono i s a méemé o d of Sy«
Assessing core questions of a problem with a systematic approach. (showing the
definition of the concept)

T AProgressive abstractiono in sEmgwiimd iitsdsPrtorgareslisad

into another language)

3.4.3.3 Task model i Domain model

The issue of combining procedural knowledge (described in the task model) with domain knowledge
(described in the domain model) is not novel, but it is becoming a real issue in the web-services
research area. However, there is not a standard approach to combine knowledge about processes
(tasks) with knowledge about objects (concepts). The language OWL-S (Martin et al., 2004), is an
extension of OWL for the specification of processes. Being an extension of the language for specifying
APOSDLE processes, it will be used for the integration of the process model with the domain model in
APOSDLE (see also Section 3.2).

3.4.4 Where else has something like this been used

Domain modelling via an ontology is a standardized methodology nowadays and most applications
that support semantic information retrieval are based on ontologies. Similarly, the classification of
documents (or any other set of object, like pictures, movies, etc.) with respect to an ontology is also a
standard practice in the semantic web. In the APOSDLE project we also use parts of the domain
model as learning material.
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This chapter explains and stresses the importance of context awareness for work-integrated learning
systems in general and APOSDLE in particular. We start with providing the reader with the vision of
context aware systems, their origins, and current developments in this field. Specifically a number of
context aware systems are discussed. The APOSDLE approach to context awareness is based on a
common architecture developed by Baldauf et al. (2007) which includes the use of agents in three
layers separating the detection of context, planning and action based on context. It also details the
challenges of user context determination. The goal is to identfya user 6 s current
the usero6s interactions with the system (key
the metadata and content of the resources accessed (mail messages, documents, links to people,
etc.).

User context determination plays a crucial role within the overall APOSDLE approach. In order to be
able to provide the user with information, learning material and links to people relevant to her task at
hand, the system needs to identify the work task reliably. The identified task then updates the user
profile (Section 4.3) and causes several activities to be started pro-actively:re-c o mp ut at i on
learning goal and learning goal histories (Section 3.3), retrieval of knowledge artefacts relevant to the
learning goal (Section 6.4), finding people relevant to the learning goal (Section 5.2), and the dynamic
creation of learning support (Section 5.1). The results are displayed in a resource list and a people list.

APOSDLE also stores user related context information in digital user profiles. These profiles are used
for maintaining the wuser ds uwith egpecthtd thdir personalamoréd-,
learning- and cooperation-related experiences. The APOSDLE approach differentiates between four
forms of user related data: user data, usage data, inferred data, and environment data. This layering
of user profile information allows us to clearly separate between factual information and assumed
information about the user. The component responsible for operations upon user profiles is the User
Profile Service (UPS). The UPSO6 f un dstof then APOSDLE
system via a set of services. Exampl es ar e

contextualized services will be described (see Section 4.3).

4.1 Context awareness and context determination

4.1.1 Challenges

In this the foundations behind the APOSDLE task detection engine, which is one of the major research
challenges to face if you want to support unobtrusive real-time task-based context-aware learning, are
explained. First, we introduce the concept of context awareness and explain possible context
architectures and then we detail the context-based task detection engine in APOSDLE.

4.1.2 Theoretical background

The vision of ubiquitous computing and context-awareness was developed by Xerox PARC researcher
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Mark Weiser in the late eighties and early nineties of the previous century. In his landmark article i T h e
profou

Computer forthe 21stCent ur y 0 ( We i s ewith the foBo@idg)senterncesriitTsh e mo st
technologies are those that disappear. They weave themselves into the fabric of everyday life until
they are i ndi st iThegarmssdn@t-dwarentss anch contéxtaware applications were
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publications, most prominently in (Schilit et al., 1994; Brown, 1996; Abowd et al., 1997; Dey & Abowd,
1999; Schmidt et al., 1999).

All definitions have in common thatinf or mati on from the usersd or the ent
and used to trigger certain actions in the system. Using such context-information, systems adapt to a

given situation to improve the wuserds i nh¢eiggarcti on w
actions autonomously. Finally, context can be attached to information to make it easily retrievable.

Once again, the use of context information in novel applications needs to be embedded in the way

humans live. The earliest context-aware applications had a strong focus on location. Want et al.

(1992) and Harter et al. (1999) presented the Active Badge system: it used ultrasound beacons to

determine the position of active badges. By coupling the system to a telephone exchange, it allowed to

route calls to the phone next to its recipient, even when the recipient was not sitting at his desk. The

system was extended with mobile devices: the ParcTabs, an early PDA-like device (Schilit, 1995;

Want et al., 1995). Brown (1996) presented stick-e notes: notes that are activated by context. As soon

as a certain context, such as location, time, or others, becomes active, stick-e notes are delivered to

the user. They envision the use of such notes for tourist guide applications, mobile workers, making

surveys, and control panels (a note is activated close to the device that is to be controlled). Dey and

Abowd (2000) described a similar system for context-aware reminders as well as many early projects,

which focused on mobile or wearable devices.

Much work on the management of notifications can in fact be considered as context aware. Horvitz et

al. (2003), for example, presented the BestCom system that allows managing telephone calls in an

office setting, depending on context factors such as, whether a conversation is taking place in the

office or not. Mi crosoftés ongoi ng Methli 2002B airhssat golleairjg erdt (Gemm
storing any digital information about a person, but leaves the annotation to the user. People do forget

things, even if they are deemed important. Czerwinski and Horvitz (2002) studied how (quickly) users

forget important events in a desktop-based computing environment. They aimed at identifying

important events automatically and providing memory prostheses for important computing events:

Beyond Capture & Access, a context aware application can support a user in performing a specific

task. Therefore, Dehn and Van Mulken ( 2 00 0) defined wuser interface ageil
agents are computer programs that aid a user in accomplishing tasks carried out at the computer,

such as sorting email, filtering information and scheduling meetings. These agents differ from

conventional computer programs in that they can act autonomously on behalf of the user, that is,

without requiring the user to enter a command or click a button whenever she wants the task to be

carried out. In addition to autonomy, a characteristic of intelligent agents is their ability to perform

tasks delegated to them in an intelligent, that is, context- and user-dependentway . 06 Curr ent rese
is particularly strongly geared toward user interfaces in which communication between humans and a

computer is partly mediated by this type of interface agents (as originally introduced by Maes, 1994).

Classic texts on user interface agents comprise a collection of key papers (see Cassell, 2000; Koda &
Maes, 1996; Rist et al., 1997; Dehn & Van Mulken (2000) for a thorough review of evaluation
techniques for embodied conversation agents). Well-known examples of interface agents are
intelligent tutoring systems and context sensitive hi
1994) or the Remembrance Agent (Rhodes, 1996). The latter is an autonomous interface agent that
reminds the user of r el evan sk, thus fremembsringd relevent materiat he us er
that the user has already seen. This was later expanded (Rhodes & Stamer, 2000) to explicitly make a
contextually aware associative memory, for instance, to make literature suggestions based on the
browsing behaviour of a web-user. Liebermann and Selker (2000) explained the use of context in user
interfaces by the following: fiEach application can |
action. The application determines what actions are available to the user and what objects can be
operated on. Leaving one application and entering another means changing contexts. The user gets a
different set of actions and a different set of objects. Each tool works in only a single context and only
when that particular application is active. Any communication of data between one application and
another requires a stereotypical set of actions on th
The problem is that keeping track of contexts and acting upon them can be tedious to manage in the
real world, and software agents are used in this case to keep the interaction as simple as possible and
manage context for the user. The primary job of a user interface agent in such cases is thus to
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understand the intent of the user. In such systems, the user can use the interface without explicitly
taking notice of the agent; the agent can display suggestions, or directly manipulate objects in the
interface, based on context as implicit input collected from the user. After these first publications
stressed the importance of agents to manage context, many layered context-aware architectures and
frameworks have evolved during the last years

For key research on these architectures we refer to Baldauf et al. (2007), who collected a large
number of framework and middleware examples, and identified a common architecture in modern
context-aware applications by design analysis (see Figure 4-1). They also stressed the use of agents
in three layers or modules that separate the detection of context (perception), planning (reasoning),
and action based on context. This separation of detecting and using context is mainly utilized to
improve extensibility and reusability of systems. Blackboard systems (Engelmore & Morgan, 1988) are
often applied in multi agents systems. Winograd (2001) contains several pointers as to what the

bl ackboard approachds characteri sti edaseddeentextaveaees mi gh

systems: since it is loosely coupled it pays a price in communication efficiency. On the other hand,
ease of configuring, simplicity and robustness are its benefits.

Context can be seen as a restricted set of important information and constraints in a specific situation.
The restriction is based on a goal aimed at. Wessner (2005) qualifies a computer system as context
aware if it supports the users by providing relevant information or services taking into account context
information for the selection process. Dey and Abowd (1999) underlined that the relevance of the

regarded services or informati oncurrenttasksso strongly con

4.1.3 APOSDLE approach

We base our approach on the Baldauf et al. (2007) architectural paradigm (see Figure 4-1), since this
is the one most widely used in related work. For task detection we implement layer 1 and 2. Layer 3 is
later used for recommending suitable learning resources with regard to the current work task of the
learner.

: 3-Layer Context Architecture

1. Context
m  Sensors and Attributes

2. Context
m Filtering/Selection
m  Aggregation
n  Model Building

3. to Context

+ Information Filtering

e e.g.display resources in recommendation/help systems with regard to
and need

Proximate Selection

+ ¢

Context-triggered Actions
+ Application Reconfiguration

Figure 4-1: 3-Layer Context Architecture (from Baldauf et al., 2007)

In order to support the recommendation of suitable learning resources and many other aspects of an
interwoven learning paradigm, the work integrated learning system needs to be aware o f a
current work task. This information can be seen as a prerequisite for finding suitable resources or
cooperation experts and is to be retrieved automatically and unobtrusively, using low-level context
information as indicators. The applicability of machine learning (ML) algorithms to this problem is an

user 6s
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APOSDLE research question. The goal of task prediction is to know the active task of the user at any
point in time. A task is defined as a unit of work consisting of activities to reach a certain goal. The
problem of task prediction is seen as a machine learning problem. When first using the prediction
system, it is untrained and the user needs to specify the task s/he works on from a predefined list of
business tasks (by manual selection). During the work process a context monitoring component logs

any desktop events reflecting the user 6applicatort i ons .

launches, full texts in documents, etc. As soon as sufficient classified events are gathered, the system
trai ns a ML model rlothsk in the application domainwThe optimal result is achieved
when the user continues to work and she does not need to manually notify the system of task switches
anymore. The task predictor automatically classifies the active tasks using continuously recorded
event streams (automated selection). Whenever the classification engine detects a change in tasks,
the work-integrated learning environment displays a new list of associated learning resources and
suitable experts relevant for the detected work task.

4.1.4 New challenges and ideas

Preliminary experiments have shown low recall for infrequent tasks and especially low precision for

tasks at a high granularity || evel (that i s,archvery ge

efforts will continue to be dedicated to increase both the precision and the recall of the APOSDLE task
prediction. More elaborated methods for feature engineering and aggregation will be tested for this
purpose.

Another research challenge is the evolution of the task prediction model. In order to support changing
work processes we need to build incremental and continuously learning algorithms that take
descriptive task executions by knowledge worker into account to improve the prediction model.

4.2 User context representation

I'n order to make APOSDLE adaptive to the wuserds tas

system needs to "know" what the user is able to do and what she is not able to do. Otherwise, the
information that is suggested to her in a certain situation would not take into account any user-specific
pre-knowledge or experience and therefore will be the same for each and every user. Therefore, the

adaptive system contains a user model , which <can b
knowledge about the user, either explicitly or implicitly encoded, that is used by the system to improve
the interactiondo (Kass & Finin, 1988, p.6). APOSDLE

user profiles.

Providing adaptive functionality requires that the user model translates user behaviour into
assumptions about the user (Benyon & Murray, 1993), such as his or her knowledge and skills, or his
or her perceived goals (for example, performing a task at hand). As a consequence, the role of the
user profile is twofold. First, it must infer user knowledge and skills, and her goals (for example, in
t er ms of a task she wants to perform) from

knowledge and skills, the user profile needs to provide adaptive functionality which supports her in
achieving her goal (for example, performing a task at hand). Based on the user profile, data

system

recommendations are computed aiming at supeerting t

Section 3.3), the preparation of the retrieval of resources (see Section 6.4) and cooperation activities
(see Section 5.2). The component responsible for operations on user profiles is the User Profile

Service (UPS). The UPS®é functionality is made accessi
set of services. Exampl es ar e s eservideccemsputihgoquerids®ig gi ng U
resources, which optimally meet a u snanipdlation ofuuser e n t | e e

related information, of course, raises critical issues concerning privacy and ethics in general. These
issues are tackled by giving users a large amount of control over their own personal data. This section
will describe how the APOSDLE UPS deals with digital user profiles of knowledge workers.
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4.2.1 Challenge

For any adaptive system, a number of design and usability challenges have to be tackled in order to
not to nullify the benefits of the adaptation to the individual user, namely the challenges of
Predictability and Transparency, Controllability, Unobtrusiveness, Privacy, and Breadth of Experience
(for a compact and comprehensive summary see Jameson, 2003). All these issues need to be taken
into account when designing any kind of adaptive (learning) system. In our view, the issues of
Unobtrusiveness, Controllability and Privacy constitute the hardest challenges for a work-integrated
learning system.

In line with Jameson (2003), with the term (un)obtrusiveness, we refer to the extent to which the

|l earning system places demands on the userods attent.i

her primary tasks. Many sources for obtrusiveness are located in other system components than the
user profile, e.g. the presentation of distracting animated characters, or of pop-ups that prevent the
user from working and that require user action in order to disappear. The main source of
obtrusiveness stemming from the user model is related to the ways in which information about
individual users is acquired and maintained during the process of learning. This is necessary in order
to provide appropriate learning content over time. There are several ways to diagnose and maintain a
user profile. The knowledge represented in the user profile can be elicited explicitly from the user but it
can also be acquired implicitly from inferences made about the user (Benyon & Murray, 1993).

In our view, explicit acquisition involves some co-operative behaviour of the user, such as answering
relevant questions (for example, self-assessment) or performing tests. In systems that support
learning, it is often natural to administer tests of knowledge or skill (see for example, Jameson, 2003;
Guzman & Conejo 2004). The main advantages of testing are that it can be used in many domains
and it is easy to implement. However, testing cannot easily be applied for work-integrated learning
system for several reasons. Firstly, these systems aim at seamlessly integrating working and learning
i having to perform a test after each learning situation disturbs the worker and has been met with
considerable resistance in previous APOSDLE prototypes. We have similar experiences with self-
assessment approaches, which are in line with Carroll and Rosson (1987), who found that users are
unlikely to engage in additional efforts even when they know that they would benefit in the long run.
Secondly, a work-integrated learning system is especially promising for ill-structured learning domains
(such as requirements elicitation or innovation management). As the tasks are realistic work tasks of
knowledge workers, tests cannot easily be designed, nor can the task outcomes be easily evaluated
and interpreted, as there is usually not one correct solution but several possible solutions for one and
the same task.

Other explicit ways for filling and maintaining the user profile of learning systems would be self-
assessment, peer-assessment, or supervisor-assessment. During our research, we have learned that
self-assessment is not very reliable, and therefore should not be the only basis of the user profile. On
the other hand, peer- and supervisor-assessment are costly and not practicable in work-integrated
learning systems, among others for ethical reasons and privacy. The situation is even more difficult
because, as mentioned above, it is necessary to update the user profile continuously, which would
require continuous test and evaluation, or self-, peer-, or supervisor-assessment. For all these
reasons, we were seeking intelligent ways to initialize and update a user profile for a work-integrated
learning system without being too invasive (for example, by asking users questions all the time, or
letting them do tests).

4.2.2 Naturally Occurring User Actions as Knowledge Indicating Events

A number of interesting approaches have been suggested in other adaptive systems than learning
systems. For instance, researchers interested in adaptive hypertext navigation support have

developed a variet y o f ways of a n a liggtion actmpns tohinder hersirgaredts or toa v

propose navigation shortcuts (see for example, Goecks & Shavlik, 2000). Schwab & Kobsa (2002)
came up with an unobtrusive approach for user learning interest profiles implicitly from user
observations only. The problem is that such approaches cannot easily be re-used for adaptive work-

integrated learning. Fr om a psychol ogi cal perspective, t he

0
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fidi agnosedo with t he apprefersaolae sttituger & | epersor whiclais o v e
considered to be rather stable over time. In psychological terms, interest constitutes rather a trait of a
person than a state. In contrast, a learning system aims at providing learning content which fits the
needs of the user in a certain competence state (his or her knowledge and skills). Typically, the
processihngof the |l earning content changes the uwoekr 6s Kk
integrated learning system aims at continuously modifying a userd6 s knowl edge and ski
exactly those characteristics that should be diagnosed with the adaptive learning system, an approach

is needed which can handle these inherent dynamics of the user model.

Within APOSDLE, we tackle the challenge of user profile maintenance by observing naturally
occurring actions of the user (Jameson, 2003) which we interpret as knowledge indicating events
(KIE). KIE denote user activities which indicate that the user has knowledge about a certain topic. In
APOSDL EO6 sd mowtype, we have based the maintenance of the user profile solely on
information on past tasks performed (task-based knowledge assessment). The algorithms for
maintaining the user profile and the ranking of learning goals were based on competence-based
knowledge space theory (see 3.3) which is a framework that formalizes the relationship between overt
behaviour (for example, task performance) and latent variables (knowledge and skills needed for
performance). While there is some evidence that in fact most learning at the workplace is connected to
performing a task, and that task performance is a good indicator for available knowledge in the
workplace, this restriction to tasks performed certainly limits the types and number of assessment
situations that are taken into account. It i's evidel
themselves through other types of user interactions with the work-integrated learning system. For
example, a user who seeks help while performing a task might be in a different knowledge state than a
user who provides help to others. Additionally, the tasks a user performs may be driven by
organizational constraints or simply by task or job assignments, and may therefore only draw a partial
picture of the knowledge and skills a user has available.

With APOSDLEG6s third prototype, we wi || go one step
potential KIEs. Examples include executions of tasks which involve a certain topic, communication
with other users about that topic, or the creation of documents which deal with that topic. KIE thus are
based on usage data ( 4.2.3). Our approach goes into a similar direction as Wolpers et al. (2006), who
suggested using attention metadata for knowledge management and learning management
approaches. This idea is similar to the approach of evidence-bearing events (see for example,
Brusilovsky, 2004). So far the approaches of attention metadata and evidence-bearing events have
been discussed from a rather technical point of view, and how the approaches, once implemented,
could be used in different settings. With our approach to KIE, we extend the technical perspective by
taking into account the entire process of implementing the KIE approach in a work-integrated learning
system, from identifying a potential KIE to their evaluation.

The idea for knowledge-indicating events (KIE) has been derived from the observation that tests are

not the only thing that humans (e.g. teac her s) rely upon when they build
knowledge and skills of another person, thatis,t hei r cognitive Auser model 0. F
behaviour of the person in many different situations they observe what the person is able to do without

help, and what he or she needs help for. From the behaviour of the person in its entirety, his or her

knowledge and skills are inferred, learning needs are detected, and possibly learning interventions are

suggested.

This observation is in line with what Eraut & Hirsh (2007) termed learning trajectories. The basic idea

of |l earning trajectories is that progress in a wo
guantitative and qualitative changes$ hienaubhd&dowser k &f
these types of progress could be described as doing things better, some as doing things differently

and some as doing different thingso (Eraut & Hirsh,
different behaviour related to one and the same domain concept, may indicate different levels of

knowl edge about that domain concept. By observing th
conclusions about the workerds wunderl ying rhlédgael s of
that relies on a common distinction made in Psychology where manifest behaviour (for example,

answers to test questions) is related to latent constructs (for example, knowledge or skills). That way,

K ¢
$

o =
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manifest behaviour functions as an indicator for latent characteristics, and the latent level in turn is
used to predict or explain past and future behaviour.

Forallthese reasons, with APOSDLEG&6s third prototype we | o
system. These different types of actions are tracked as potential knowledge indicating events. We

define KIE as traceable naturally occurring interactions of a user with an adaptive work-integrated

|l earning system that potentially allow infefierenbces on
types of events, different levels of knowledge or skills are inferred. For a specific learning situation, the

different levels then are used for suggesting appropriate learning content.

In 4.2.4, the process of identifying KIE for a learning system to their evaluation will be described in
more detail. Before that, in 4.2.3, we will outline the structure of the APOSDLE user profile.

4.2.3 Properties of APOSDLE user profile

The theoretical background of our work with respect to user profile properties is influenced by two

streams of research. The first stream is research on user context on a general level (see, for example,.

Dey et al., 2001, Kobsa et al., 2001, Oppermann, 2005, Wessner, 2005), the second is research on

user modelling (see, for example, Kay 1995, Fink & Kobsa 2002, Fink 2004, Heckmann et al., 2005,

Heckmann 2005, Howes & Smith, 2006, but also FOAF®, IEEE PAPI Learner’, IMS LIP® or

UbisWorld"). User context research traditionally differentiates between three forms of user related

data: user data, usage data and environment data (see Kobsa et al., 2001). User data comprises data,

which is related to a user personally. Examples are record data (for example, name, and address),
characteristics such as gender, age and i ncome, user ¢
the usersdé6 prefelsgadaasompdi goal al | forms of usersbd a
observed such as selective actions, ratings, confirmatory actions (for example, purchase, print, save)

or usage regularities. Environment data is usually made up of data related to the software environment

(for example, operating system, browser and other applications used), the hardware environment (for
example, display device) and the userdés Il ocation.

The APOSDLE approach is based on the classification outlined above but adapts it slightly. First, we
aim at arriving at a clearer distinction between factual information and assumed information about the
user. Second, we aim at providing a sound basis for identifying those forms of user activities, which
shall be managed by the UPS in the form of usage data. The APOSDLE approach differentiates
between environment data, user data, inferred data and usage data. The respective semantics of
these types of data are presented below.

For the APOSDLE UPS, environment data is mainly made up of influences, which are external to the

user , but still have an i mpact o rSLEtUses Prafile Barvitesthewo r kK e x
environment is the wusero6s computational work envirol
essential parts of the environment are modelled formally and models are mapped onto each other

where this is feasible. The models and mappings are abstracted through the APOSDLE meta-model.

The meta-model forms the conceptual basis for the environment data-part of the APOSDLE user

profiles (Ulbrich et al., 2006). The meta-model is directly related to the models for the domain

knowledge, tasks and competencies (described in Chapter 3) and the mappings defined between

them. The meta-model is formally represented as ontology in the form of the meta-model schema (see

3.4.3).

In APOSDLE user data is understood to consist of facts about the user (for example, name, address,
contact details etc.), whereas more uncertain information is referred to as inferred data. An example of
uncertain information is data, whichrepre sent s a user ds goal with respect

* http://xmins.com/foaf/spec/
® http://edutool.com/papi/
® http://www.imsglobal.org/profiles/index.html

" http://ww.ubisworld.org/
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learning goals. Inferred data allows finding ways of dealing with heuristics and assumptions. User data
on the other hand comprises all known facts about a user, which only change slowly over time, if they
change at all. Examples include date of birth, name, organisational unit and so forth.

Usage datacompri ses information coming from observations
execution. Examples for thi s esargastoosperaterowitlpothers.itis us wor K
crucial, to make a clear distinction between forms of usage, which are relevant to the domain in

question (that is, work-integrated learning) and usage which has no meaning for the domain. Usage

data, as we envision it, thus reside on a more abstract level than on the level of operating system

events such as mere keystrokes or mouse clicks (Budzik & Hammond, 2000; Budzik et al., 2001;

Maus, 2001; Rath et al., 2007, Lokaiczyk et al., 2007). Usage data is of great importance as it

provides the foundation to infer new data about users. Figure 4-2 gives a brief, graphical summary of

our taxonomy about user profile data. In this figure the user profile data is arranged in circular layers.

The innermost layer consists of the factual personal information (user data). The second layer (usage

data) covers, what can be observed about a user during her work execution. The third layer (inferred

data) is computed from observations stored in the usage data. The outermost layer (environment data)

is actually not directly related to the user profile as such nor is it stored or maintained within the UPS.

Nevertheless, environment data has a certain impact on the user profiles and therefore needs to be

considered.

Facts about the user, e.g.
Name

Address

Email address

User& behavior during work, e.g.
Tasks executed
Collaborations participated

I Infeired data

Usag 2 data

Further information inferred from usage data,
e.g.

Potential future competency development
Potential collaboration partners

Data external to the user but still having an impact, User data > User Profile Data
eg.

Domain model
Task/Competency mappings

—

Figure 4-2: User profile data arranged in layers as implemented for the APOSDLE user profile

We chose this approach because it provides us with a clear distinction between factual knowledge,
observations, mere assumptions and influences from t
be treated in such a way, that its specific characteristics are sufficiently respected. Factual user-

related data is stored within a directory service such as LDAP®. Observations about a user are stored

as lists of entries reflecting a userds wusage histor
computed on demand. Environment data is stored in domain-dependent models outside the UPS. This

allows for greater flexibility and separation of concerns.

Similar approaches have been proven to work, especially in the domain of recommender systems
(Montaner et al., 2003). Probably the most well known examples is Amazon®. Amazon stores for each

8 http://tools.ietf.org/html/rfc4510

° http:/Awww.amazon.com
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user personal information (user data), a history of purchased and rated items (usage data),
recommendations (inferred data) and additionally holds a huge taxonomy of its products and services
(environment data). In the domain of educational systems, ELM-ART (Brusilovsky et al., 1996) and
especially ELM-ART Il (Weber & Brusilovsky, 2001) follow a similar approach. Users are modelled
using different |l ayer s, where alll |l ayers are

inferred data. ELM-ART Il keeps track of visited learning units and learned units (usage data) and
known and inferred units (inferred data). Another educational system is KBS Hyperbook (Henze &
Nejdl, 2001). Here the user profile is basically constructed from concepts of a knowledge base
(environment data). User models are fed into a Bayesian network, which calculates probabilities of a
userbés knowledge state with respect to a given

4.2.4 Implementing KIE in a Learning System

In order to introduce the KIE approach in an adaptive work-integrated learning system, several
conceptual decisions have to be made. First, it needs to be defined, what the KIE should achieve, for
instance with respect to accuracy of the user model. Further, the desired granularity (number of levels)
in which the knowledge and skills of the users should be represented needs to be defined. For
inferring the knowledge levels from KIEs a two-step procedure is proposed. First, a mapping from KIE
to knowledge levels has to be established. This can either be done manually or automatically. Second,
the knowledge levels inferred from single KIEs need to be aggregated. For aggregation we further
need to define a time span over which events are taken into consideration for the inference of the
current knowledge level and an aggregation mechanism to infer from the detected KIEs over the time
span to the knowledge level.

Our approach envisages that the latter two, namely the mapping of KIE to levels of knowledge and
skills, and the aggregation over time for diagnosing the knowledge and skill level of a user, are defined
by a human operator. Machine learning approaches for automatic classification were not taken into
consideration for pragmatic reasons. Such approaches require a substantial amount of high-quality
training data at the design stage which typically are not available in work-integrated learning domains.

The mappings and aggregations are based on theories and assumptions and therefore need to be
empirically evaluated, and iteratively refined. The evaluation of the mapping and the algorithms
therefore is an inherent part of the KIE design cycle. Figure 4-3 schematically depicts the steps for
introducing KIE in an adaptive learning system that will be detailed subsequently.

Identifying
Potential KIE

v |
Designing Testing and
Defining the Mapping KIE to Aggregation Improylng the
Scope and : Mapping and
Knowledge Levels Mechanisms for -
Purpose of the KIE Aggregation
Knowledge Levels A
Mechanisms

Defining Desired
Levels of
Knowledge

Figure 4-3: Process of introducing KIE in an adaptive work-integrated learning system

basi ca

concep

42



aposdie

learn @ worlk

Defining the Scope and Purpose of the KIE

In this first phase it needs to be defined what should be achieved with the user model, and what are
the limitations of the KIE approach for the learning system at hand. Within this phase, the potential KIE
need to be detected, and the desired levels of knowledge to be diagnosed based on the KIE need to
be delineated. These two design decisions are strongly interwoven because the variety of KIE
available, limits the number of potential qualitatively different knowledge levels. For instance, if only
few activities can be performed with a system, the number of levels that can be distinguished by
observing those few different types of user actions is limited. Moreover, pragmatic considerations have
to be taken into account: for example, if there is only one type of instructional support conceivable (for
example, someone is provided with the definition of the topic she should learn about), it is not of much
use to depict the knowledge of the users using five qualitatively different levels (for example, from
Beginner to Expert).

Defining Desired Levels of Knowledge

In the first place, the decision how many and which different levels of knowledge are to be diagnosed
with KIE should be a conceptual one. However, as suggested above, the number of knowledge levels
that can be distinguished with KIE is limited by the number of KIE available in the system. The
definition of knowledge levels and the identification of KIE are iterative processes which are mutually
influencing each other.

Based on the desired functionality of the adaptive work-integrated learning system (for example, how
many qualitatively different types of learning support should be provided based on the knowledge
levels) the first step for implementing the KIE approach is to define the levels of knowledge that are to
be diagnosed with the system. A number of frameworks have been suggested which might serve as a
starting point for the definition of desired levels of knowledge. For instance, Dreyfus & Dreyfus (1986)
suggested five levels of knowledge, Novice, Advanced Beginner, Competent, Proficient, and Expert.
Eraut & Hirsh (2007) suggested a typology of so called learning trajectories. The authors describe
learning trajectories for six different areas of work: task performance, awareness and understanding,
personal development, working with others, role performance, knowledge of the field, decision making
and problem solving. Each of these types of learning trajectories might serve as a starting point for
implementing the KIE approach in an adaptive work-integrated learning system. Another well-known
approach based on Bloom's taxonomy of educational objectives (Bloom, 1956) has been brought up to
date by Anderson & Krathwohl (2001). The authors describe six different cognitive process
dimensions, namely Remember, Understand, Apply, Analyze, Evaluate, and Create, which can be
interpreted as six different levels of knowledge about a certain topic which build upon each other. For
instance, if someone is able to evaluate certain software, she must be able to analyze that software.
Anderson & Krat hwohl &és lara evenrtooagh the hierarchgcal inatwee op thegir u
cognitive process dimensions was criticized in the past. Besides these rather complex frameworks
several less sophisticated approaches are conceivable. For instance, imagine that the adaptive
system shall only distinguish if a user has knowledge about a certain topic or not. In this case the
system only needs two levels of knowledge. Once the knowledge levels are identified they have to be
described comprehensively.

Identifying potential KIE

Starting from the conceptual decision of how many different knowledge levels should be identified by
the system, the KIE need to be defined. The definition of KIE happens both theory-driven (top-down)
and system-driven (bottom-up).

Top-down definition of KIE. Based on the description of each knowledge level user actions are
identified that indicate that the user has that knowledge level about a certain topic. For the above-
mentioned approaches (Dreyfus & Dreyfus, 1986, Anderson & Krathwohl, 2001; Eraut & Hirsh, 2007)
theoretical descriptions of the different levels serve as a basis for the identification of potential KIE.
The challenge is to break down a rather broad description of a wide range of behaviours into concrete
actions that users might show in interaction with the adaptive work-integrated learning system.
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Bottom-up definition of KIE. Besides the theory-driven identification of KIE, further possible KIE are
identified by walking through the entire functionality of the adaptive system (for example, using mock-
ups). All actions of a user that might serve as indicators for a certain level of knowledge are collected.
Examples include contacting a person about a topic, or annotating a document with a topic or being
involved in a learning hint with a note (see Section 5.1.5.2). Because the user model is designed as an
overlay of the domain model, only such user actions can serve as KIE which can be related to one or
several topics in the domain model.

Mapping KIE to Knowledge Levels

As a next step, a mapping of KIE to knowledge levels must be established. We argue that this
mapping does not necessarily have to be 1:1, that is, possibly one KIE can be related to several
knowledge levels. Obviously it makes no sense to define such KIE that are related to all of the
knowledge levels, as the purpose of the KIE is to distinguish between knowledge levels.

It is crucial that the mapping between KIE and knowledge levels is based on assumptions that can be
open to empirical investigation. For instance, one such assumption might be: If somebody is asked by
another person about a certain topic, he or she might be a knowledgeable person for that topic.
Making the mapping empirically testable allows us improving and refining the KIE approach.

Designing Aggregation Mechanisms for Knowledge Levels

After having identified the knowledge levels and the KIE related to these levels, the mechanisms for
maintaining the user model need to be defined. Imagine, for instance, a user, for whom a number of
KIE are tracked all of which indicate different levels of one and the same topic. How do we know the
precise knowledge level of the user? Should we diagnose the knowledge level for which the user had
the most KIEs, or the knowledge level for which he or she had the most recent KIE? Should we take
the highest knowledge level for which the user has a KIE? Obviously a wide variety of rules for
diagnosing the knowledge level of a user are conceivable. At this stage, the decision which rule to
apply is based on theoretical assumptions which have to be tested empirically and revised if
necessary. Assumptions might be of the type of the following example: The knowledge level of a user
is the highest knowledge level for which the user has shown a KIE.

The aggregation mechanisms can for instance use this simple maximum detection (most frequently
performed expert events), or more complex, decide the final current knowledge level on the basis of
the distribution over knowledge levels. A distribution based mechanism could for instance infer the
following: Over the time span the user has performed many expert events, but nearly as many
beginner events, which indicates an advanced knowledge level.

Testing and Improving the Mapping and Aggregation Mechanisms

Up until this stage, both the mapping of KIE and the rules for maintaining the user model are based on
theoretical assumptions and considerations. In order to improve the validity of the user models, the
mapping of KIE and knowledge levels and the maintenance mechanisms need to be evaluated and
refined.

Fortesting and i mproving the KIE and the maintehance

users need to be known, that is, an external criterion is needed, and (b) a number of users of different
knowledge levels about the topics have to use the system over a certain period of time. The latter is
important the users must have the opportunity to show the different actions when interacting with the
system.

Testing hypotheses concerning the mapping between KIEs and knowledge levels.

Testing hypotheses concerning the mapping between KIEs and knowledge levels means to compare
KIEs with external criteria for knowledge levels, for example, stemming from self-assessment.

In order to ensure that the KIEs are useful for distinguishing among the different knowledge levels,
research questions of the following type have to be answered: Do KIEs of type x occur more
frequently for persons with knowledge level X than for persons with knowledge level Y? Such research
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questions are then answered by means of frequency analyses, cross-tables, or by the paradigm of
feature selection. The idea here is to identify these KIEs that distinguish best between users of

di fferent fAreal 0 knowl ed g dindihgestatstically sigeificantedifferemdes, for i t er i o |
example, 6° analyses can be applied.

Testing hypotheses concerning the update mechanisms of knowledge levels based on KIEs.

A correct mapping of KIEs and knowledge levels constitutes a necessary pre-condition for

investigating the question, if the mechanisms for maintaining the user model based on KIEs are valid.

Testing hypotheses concerning the update mechanisms for knowledge levels means to compare

automatically detected knowledge levels with external criteria for knowledge levels. The associated

research question i s: Do automatically diagnosed knowledge |
levels of users, that is, an external criterion? One possible means to test for statistical significance

would be contingency analyses, that is, computing the agreement of the automatically diagnosed

|l evels with fAreal 6 knowledge | evels.

4.25 Relevance Feedback

Another way to deal with updating knowledge levels without the need for detecting KIE, is relevance
feedback. For the third prototype we investigate how to integrate user feedback about knowledge
levels into the user profile. Feedback about knowledge levels promises to be well suited for improving
user profiles as they provide direct feedback on the quality of inferences about users. To gather user
feedback users will be presented with a visualisation about automatically calculated knowledge levels.
This visualisation should help them to get an overview about the current state of their user profile, and
aims to provide users with an easy way to change knowledge levels concerning topics which do not
match from their perspective.

4.3 User profile services

User Profile Services (UPS) are responsible for operations upon user profiles described in the
previous sections. With UPS, we refer to all kinds of WIL functionality that maintains and utilizes the
data stored within the user profile. We chose a service oriented architecture (SOA) approach based on
the OASIS reference model™. This is for several reasons. Firstly, the paradigm of SOA allows us to
split a kaleidoscope of adaptive functionality into different sub-groups (services) that can be used
independently from each other. Secondly, services can easily be integrated in existing applications
which make them especially attractive for the situation of work-integrated learning. Thirdly, services
are formally described which provides an overview of service functionality, protocols, etc. Eventually,
existing services can be used for implementing new services (service mesh-up).

4.3.1 Challenge

The UPS makes the contents of the user profile and results from computations available to the other
parts of the APOSDLE system. Their functionality includes | o ggi ng us e rmpedctingthd i vi t i es
knowl edge workerdéds performance in a (nhovel) t ask, (
computing queries for resources, which optimally match the learning need, or recommending an
optimized learning path. The latter has been seen as a crucial function in the context of work-
integrated learning and will be described in more detail in Section 5.1. Data from user profile needs to
be analysed and made available by the UPS in such a way that other parts of APOSDLE can adapt
their own contribution to the usersdé current needs in

19 http://docs.oasis-open.org/soa-rm/v1.0/soa-rm.pdf
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4.3.2 Theoretical background and APOSDLE approach

The theoretical background of our work basically stems from research on systems that are designed to
collect, process and make available user profile data through a set of user-focused services. A service
is crafted towards an actual, concrete need of a knowledge worker or an application supporting the
knowledge worker. The selection and design of services has been informed by research in
recommender systems (Montaner et al.,, 2003, Middleton et al., 2004, Adomavicius et al., 2005,
Adomavicius & Tuzhilin 2005), user context lifecycles (Kobsa et al., 2001, Teltzrow & Kobsa, 2004),
knowledge management (see, for example, Maurer & Tochtermann, 2002), the semantic desktop
(see, for example, Sauermann et al., 2006) and social semantic desktop (see, for example, Decker &
Frank, 2004a,b). According to research on recommender systems (Montaner et al.,, 2003) and the
user context lifecycle (Kobsa et al., 2001) user-focused services are divided into services for acquiring
user related data (acquisition or profile generation and maintenance), inferring further information from
it (secondary inference or profile exploitation) and producing a result, which is to be presented to the
user (production). Kay and Kummerfeld (2006) additionally suggest including further services, which
allow for larger user control over their own data (control).

The APOSDLE approach rests upon the approaches illustrated above. We chose this approach
because we pursue the goal of providing a user-focused emergent system. Emergent means that the
UPS not only collects data but also offers advanced computations and inferences over the data
collected™. From a conceptual viewpoint, for this inference services are required. Offering acquisition
services too, is a rather natural consequence, given that data, which are to be processed, need to be
acquired at some point in time. Production services for presenting external actors with results from
computations and control services for user control round off the classification of service types.
Logically, the separation between acquisition services, inference services, production services and
control services appears to be plausible. Figure 4-4 gives an overview over the different service types
which we use in APOSDLE. In the following, each of these service types will be described together
with its realization in APOSDLE.

User input Presentation to user

T

Production
(for presentation to the

e > User Profile Services

Logging
(collecting usage data)
Control

(access to
usage data)

Inference
(exploitation of user profile data)

Usage data
(history-based models)

Figure 4-4: Types of services of the APOSDLE UPS

Logging services are responsible for updating the user profile with new observed usage data ( 4.2.3)
and thus provide the basis for all other services. Sensors within the learning environment (possibly
from many different applications) send detected user activities (such as task executions, cooperation
events) to Logging Services to be added to the user profile. Pre-processing of incoming user activities
is handled here. This could involve the transformation of user activities into a format required by the

“In this context Gruber (2007) writes about thetdvéfeneatl agenoebe:
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user profile, or enriching incoming data with timestamps and other system related information. The
APOSDLE system implements two different Logging Services. The Work Context Logging Service is
dedicated to collect executions of tasks corresponding to the task model (delivered from the task
detection agent). Logging information consists of a user identifier, a task identifier and an optional
timestamp (depends on privacy settings). The second logging service, Resource Activity Logging
Service collects all activities related to resources presented to users. Such actions are reading
documents, engaging in learning activities, or contacting another user.

Production services make the stored usage data available to other (client) services within the learning
environment. Based on the specific requirements of the client, production services filter or aggregate
usage datai they provide specialized views on the usage data. For example, one such service could
produce a list of all tasks executed by one user. The receiving client could then provide visualizations
of task executions over time. Views also offer a way to retrieve usage data associated with a specific
enterprise model. Besides providing predefined views filtering usage data, production services could
also allow to query the user profile with individual parameters. In order to allow users to examine the
information work-integrated learning services have gathered, APOSDLE offers two Production
Services. The Usage Data History Service delivers a history of task executions and all resource-based
actions. The output of this service is basically a history of all events including all KIEs ( 4.2.2). Another
feature is that relations between events are also preserved. It provides a way to visualize which steps
users have taken when doing a certain task. It features also the links to outputs generated by
Inference Services (for example a ranked list of learning goals inferred by the Learning Need Service).
How this linked usage data can be utilized to explain and visualize system behaviour is further
described by Garcia-Barrios et al. (2008). The Evaluation Service is another kind of Production
Service. It is specially designed to export different aspects of usage data for evaluation outside the
APOSDLE system. In APOSDLE this service generates files containing detailed information about
task executions, system usage, and information from inference services.

Inference services process and interpret usage data to draw conclusions about different aspects of
users, such as levels of knowledge. Inferences are then utilised to adapt the functionality of the
service itself, or by providing the outcome to other services. The user profile allows generating
inferences in different ways. Heuristics could be directly applied on usage data to generate
aggregated information about users. Exploitation of usage data with regard to formal models or a
hybrid approach by combining heuristics with organisational models, could also lead to inferences.
Within APOSDLE, as one of the most important Inference Services the Learning Need Service allows
to compute a learning need for a user. Its design is driven by the goal to support knowledge workers
based on their knowl edge | evel . A userds |l earning need

userb6s current task, t btieveudhe karning goald required for this tgaak.€lhig
set of learning goals is then used to query the user profile for corresponding knowledge levels. Step
two calculates the knowledge gap between the knowledge levels required by the task and the
knowledge levels the user has achieved so far. The last step utilizes the knowledge levels to rank the
calculated learning goals of step two, and thus generates the final learning need. The less experience
a user had with a learning goal (low knowledge level), the higher the rank of the learning goal. The

O0most requiredd | earning goal i s edhseised y the APOSDLE t e d

system in two ways. An application running in the working environment of the user visualizes the result
as a ranked list. Users can choose a learning goal which invokes a Retrieval Service to find resources
relevant for this learning goal. The Learning Need Service also provides other services with current
knowledge levels of users. This feature is utilized for example by the service described below as basis
for its inference. The People Recommender Service aims at finding people within the organization
which have expertise related to the current learning goal of the user. This service provides similar
functionality as the expert finding systems described by Yimam-Seid & Kobsa (2003). Users
specialised in certain topics are represented in the User profile with high knowledge levels for these
topics. Other users can now individually be provided with colleagues having equal or higher
experience. Compared to the MetaDoc system, this service uses a more dynamic way of identifying
experts. Knowledgeable users are always identified compared to the knowledge of the user who will
receive the recommendation. To infer knowledgeable users, the People Recommender Service
utilises the Learning Need Service to retrieve knowledge levels for all users. The next step removes all
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users with lower knowledge levels compared to the user receiving the recommendations. The
remaining users are then ranked primarily according to their knowledge levels. The most
knowledgeable user will be ranked highest. The service can be configured to also use the availability
status of users as ranking criteria. This setting allows recommending only users currently available.

Control Services provide ways to control usage data stored in the user profile. Controlling usage data
is important for handling privacy issues and imprecise usage data collected in the user profile. Privacy
issues could be addressed by applying certain privacy policies of organizations to usage data. An
example would be a policy about data retention, demanding the deletion of usage data after a certain
period of time. The aspect of imprecise data can be addressed by presenting users with an overview
of usage data associated with them. Based on this overview users could then use a control service to
manually delete or modify usage data. APOSDLE implements two Control Services. The Usage Data
Control Service allows users to modify and delete any usage data. APOSDLE Clients present users
with a task history provided by the Usage Data History Service, and invoke the Usage Data Control
Service to delete task executions selected by users. A dedicated privacy component (part of the
APOSDLE server) also accesses this service to enforce certain privacy policies on usage data.

Figure 4-5 presents an overview of APOSDLE User Profile Services and how data is exchanged with
the User profile and corresponding APOSDLE Client applications.

APOSDLE Client Applications

Working Context Learning Goal People Usage Data
Observation Selector Recommendation Visualisation

APOSDLE\User Model and Servl ces

Work Context Resource Fleozrrgzgender Uss?setzotr)fta
Logging Activity Logging Senice pawitd
Service Service

Learning Usage Data
Need Service Control
Service
Evaluation
Service APOSDLE User Model
Data Flow

Figure 4-5: Interaction of APOSDLE User Profile and User Profile Services with APOSDLE Client
Applications

Similar approaches have been proven to work in knowledge management (KM) on a conceptual level.
Maurer and Tochtermann (2002) have introduced a model of KM systems. This model defines
functionalities of KM systems and classifies these functionalities. The model differentiates between
acquisition services, which rely on explicit input of information and those, which rely on implicit input.
Additionally, production services are subdivided into services, producing results on demand (for
example, based on an explicit query) and services, producing results autonomously. The model also
makes a difference between inference services
user behaviour as opposed to services creating fnew knowl edgebo

Compared to the APOSDLE UPS, this approach lacks the control services. Further similar approaches
have been proven to Work in recommender systems (Montaner et al. 2003, Perugini et al, 2004).
Systems like GroupLens™, Ringo/Firefly’®, LikeMinds™, (again) Amazon and others, infer similarities

12 http://www.grouplens.org/ - a news recommender systems

3 A music recommender system now owned by Microsoft

creati
based
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bet ween users from users6 past behaviour. Neverthel
revealed that the separation of service types and the classification of actual services according to

service types are new and original contributions of the APOSDLE UPS. We did not identify further

approaches, which chose to follow this approach to the same extent as the UPS.

4 A clickstream analysis system now owned by Macromedia
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In this chapter we will explain how APOSDLE will provide integrated support for the three roles a
knowledge worker fulfils at the professional workplace: the role of worker, the role of learner, and the
role of expert. Support is offered in several ways. First of all, by giving the worker access to (parts of)
documents that are relevant for the task at hand and for the learning goals that can be derived from
the task and the learning history of the worker. Second, by embedding these (parts of) documents in a
context that should support active engagement with the materials, as well as reflective thought.
Thirdly, by facilitating cooperation and communication with co-workers that have expertise with the
task at hand or that have (mastered) the same learning goals. Section 5.1 deals with the first two ways
to support learning, Section 5.2 is devoted to cooperation and communication for learning.

5.1 Supporting learning from documents

Presenting the right information at the right time can help a knowledge worker that has problems in
performing a specific task, to complete this task, but this does not necessarily mean that (s)he has
also learned something. For learning to take place the user has to actively process the information
presented and give meaning, adjust existing cognitive models or develop new models or schemata.
This idea is stressed in the instructional design theories of Merrill (2001) who states that an
instructional strategy has at least two phases: presentation/demonstration and application/practice. In
this section we will elaborate on this and describe how the APOSDLE system can support self-
directed learning at the workplace.

It should be emphasized that compared with the first version of this document, the notion of a (single
isolated) learning event presented by the system to the learner, has disappeared. In line with the
notion that self-directed learning can take place at any time and any moment, learning support is now

provided in different Afcornerso of the systtéay.

are no longer located in one single feature such as a learning event.

5.1.1 Challenges

Instructional design generally starts with an analysis of learning needs which leads to a specification of
learning goals. Next, the level of prerequisite knowledge is determined and, based on this, learning
materials are selected and activities are specified that should enable the learner to reach the learning
goals. These activities are evaluated to give the learner feedback on his learning process.

The challenge we face is that the APOSDLE system should be applicable across different domains.
This means that beforehand the topics are not known and, furthermore, the types of material that are
available are also unknown. Therefore it is impossible to generate specific (sequences of) instructional
events (based on instructional design models) that should lead to a specific learning goal. However,
we still have to create a situation in which a person is stimulated to learn something. The solution
could be to embed parts of existing documents in a general context that contains elements to support
self-directed learning. In addition, outcome assessments in terms of more or less formal tests are not
possible in the APOSDLE context. First, because devising test-like assessments when the learning
domain is next to impossible. Second, because a self-directed workplace learning context rarely aligns
with the notion of testing and examination-like activities (see also Section 4.2). Apart from the solution
proposed in Section 4.2 (knowledge indicating events) some kind of self-assessment is possible.

5.1.2 Background and similar problems

Simons (2000) introduces a theory of self-directed learning that is based on three types of learning
functions: preparatory, executive and closing functions. Learning functions are psychological functions
to carry out before, during and after learning by a learner alone or with the help of outsiders, like

Thi
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Simons lists the following preparatory functions:

A

> > > > > > >

A

Finding missing prior knowledge

Getting an overview of knowledge, skills and attitudes to be learnt

Mobilizing prior knowledge and skills for the task at hand

Finding connections between prior knowledge and new information and skills

Orientation on learning goals

Choice of learning goals and sub goals
Orientation on learning strategies
Choice of learning strategy

Planning of time, sequence and places for learning

Executive learning functions are:

A

> > > > > > > > D> D> D>

A

Selecting information

Thinking about information

Coming to conclusions and own opinions
Formulating conclusions verbally

Getting overview

Practicing and applying

Getting an overview over application conditions and possibilities
Monitoring learning processes

Monitoring learning outcomes

Testing progress

Diagnosing causes of failures and problems
Repairing

Reflecting on the learning process

Closing learning functions are:

A
A
A
A
A

In traditional learning settings, a teacher or other person takes care of most of the learning functions.
However, self directed learners should be able to perform these functions themselves. In many cases
people will not be able to do this by themselves and some kind of support is needed. In the context of
APOSDLE, supporting self-directed learning is even more difficult and challenging because not much

Summing up new knowledge and skills

Thinking about future use and transfer conditions
Evaluating learning process

Evaluating learning outcomes

Reflecting

% The affective functions will be left out as this is outside the scope of APOSDLE. However, when dealing with the interaction

between people in Section 5.2, these aspects will be implicitly touched upon.
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is known about the learner-worker, the work-learning domain and the (learning) material that can be
made available. As a consequence, traditional instructional design models are not well suited,
because it is difficult to foresee what kind of learning need will arise, what type of knowledge is
involved and what the level of prerequisite knowledge is that the learner already has mastered and
what the fitting information and knowledge to be provided should be. The learning content is not made
avail able by a knowledgeable instructor, as is

Since the content of materials that are available is unknown, we can only focus on the learning
functions. This can be done by creating (small) tools that support these functions. For instance tools
that help learners in getting an overview of the content to be learned, tools that help to plan learning,
tools that support the selection of information etc. Furthermore, this can be done by implementing
learning hints that encourage active engagement (supported learning activities) with the materials that
are selected and encourage reflection.

5.1.3 APOSDLE approach

We will organize the description of learner support along the lines of the learning functions proposed
by Simons (2000) which have been described in the previous section. Simons makes a distinction
between preparatory, executive and closing functions and we will use this distinction to describe
support in more detail in the next sections.

5.1.4 Supporting preparatory Functions

Important aspects of the preparatory functions are the identification of missing knowledge and related
learning needs and goals, getting an overview of the content to be learned, and planning of learning.
We will discuss how these could be supported.

5.1.4.1 Identification of missing Knowledge and related Learning Needs

Several studies investigated what self-directed learners actually do in the workplace when they learn.
Collin (2006) concludes that research of workplace learning suggest that much learning (and thus also
self-directed learning) at work derives its purpose and direction from the goals of the work itself. In the
first APOSDLE Workplace learning study De Hoog et al. (2006) also found that workplace learning is
strongly driven by work tasks. However, learning driven by curiosity is also present. This confirms the
typology that Houle (1961) formulated. Houle proposed that there are three different categories of
learners:

A those who are pragmatically Goal Oriented, who have in mind a very specific learning outcome,
and usually desist as soon as their objective is reached;

A those who are Activity Oriented and whose participation is related to some purpose other than
the ostensible objective of the activity (such as a social purpose or simply to obtain a formal
qualification); and

A those who are Learning Oriented and who simply enjoy it, and see learning as an aim in itself.

The starting point of a self-directed learning process is a knowledge need of the knowledge worker. A
learning need arises when knowledge workers are in doubt about the knowledge that is needed to
give meaning to an event. They acknowledge that there is a gap between the knowledge needed and
knowledge they possess. These feelings of uncertainty are converted into concrete subjects or
questions that lead to searching for information or knowledge (Choo, 1998). From a learning need,
more concrete learning goals can be derived. As Merriam and Cafferella (1991) comment, this means
of conceptualizing the way we learn on our own is very similar to much of the literature on planning
and carrying out instruction for adults in formal institutional settings. It is represented as a linear
process. However, adults do not necessarily follow such a well defined set of steps, but are far more

Il iable to chance and circumst ances.-dir&teelearners ratder Moc k e r

than pre-planning their learning projects, tend to select a course from limited alternatives which

mo st |
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happen to occurint hei r environment and which tend to structul
words, an event or phenomenon triggers learning.

According to Gery (1991) and Choo (1998), people often have specific questions or requests that

come to mind whenfacedwi t h performing new or complex tasks. For
mu st I do? How do | do it? Am | doing it right?o0, or
associated with a given question or request can reasonably be defined. One way of supporting

learners with the preparatory functions of self-directed learning could be to identify a set of relevant

questions and requests and a set of related information types. By presenting these questions and/or

information types to learners, one can help them in their orientation and choice of learning goals. This

is similar to the approach followed by Anderson and Krathwohl (2001) who developed a taxonomy of

learning goals which are subsequently used for assessment purposes. However, linking these goals to

instructional (that is, learning supporting) activities is far from clear. As they say on p.257 (under the

header of fAUnsolved probl emsd): AThe |l inkage bet ween
....specifying a learning objective doesnot automatically |l ead to a prescri
Having such a link in a system like APOSDLE is important as, especially in the context of documents,

we cannot rely on the presence of an Ai nshatfitiogt or 0 t o
learning support could be.

To bridge this gap in APOSDLE, we opt for a generic categorisation of information types/materials that

could be used to specify and limit the type of content that should be presented to learners (with a

specific question). There are some categorisations available (based on projects like LOM, Ariadne,

and SCORM), but these are rather low in meaning from a learning perspective. A categorisation based

on the one developed in the IMAT project (de Hoog et al., 2002) will be used. IMAT stands for

Integrating Manuals and Training. This was an EU funded project in which fragments extracted from

maintenance manuals, were classified in categories like: definition, overview, example, assignment,

guideline, how-t o, summary, et c. For instance, the | earner wi
referred to fragments from documents that are labelled with categories like guideline or how-to.

Information needs and material resource types

Based on an analysis of what knowledge workers do, as was done in the second workplace learning
study (Kooken et. al., 2007), four basic information needs can be distinguished that each lead to more
specific needs and specific types of resources needed. These will be described below. The
combination of a topic and a task sets a learning goal (see 3.3). The four types described below refer
to four of the six cognitive processes that are described in the Anderson and Krathwohl (2001)
taxonomy (remember, understand, apply and create).

1 A knowledge worker has no or a very limited knowledge about a topic that she encountered
when performing a task and wants to have a basic understanding of it, or wants to check
whether her basic knowledge is accurate (up-to-date). Specific needs:

A Give me an introductory text about the topic.
A Give me a definition,
A Give me an example.

1 A knowledge worker has a basic understanding of a topic, but she still has questions like: OK, |
know what it is, but how does this work? Why should | do it (in a certain way)? How did this
happen? Why did this happen? She searches for explanations that help her to answer these
questions. Or she just wants to know more about the topic to be able to understand things she
reads in documents, or to be able to communicate about the topic with co-workers or to be able
to generate new ideas Therefore she searches for information that contains background
information, historical data, trends and developments, relationships with other domain elements
etc. Specific needs:

A Give me an explanation
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A Tell me more about the topic.

1 A knowledge worker wants to know what the (next) steps are in a procedure or a well defined
task that she has to perform, but that she is not able to carry out without some guidance. She
searches for information that tells her which steps there are and in which order they have to be
completed. This information is like a recipe or prescription. Furthermore, she likes to have an
example or demonstration of the procedure. Specific needs:

A Tell me how to do
A Give me an example
A Show me, give a demonstration

1 A knowledge worker has to perform an ill defined task to produce something that is not clearly
defined but has some constraints (for example: a plan, an agenda for a meeting, a design) and
wants to know what she has to keep in mind when performing such a task. She searches for
lessons learned by others like guidelines, checklists, templates, examples and/or constraints
that give some structure in performing the task without giving a recipe or prescription. Specific

needs:
A Give me a guideline
A Give me a checklist
A Give me a template
A Give me an example
A Show me a constraint.

The specific needs refer to resource types (in this document also referred to as material use (MU)
types or knowledge artefacts) that the knowledge worker would like to have access to. A more detailed
description of these types is given below.

Introduction

A piece of text or video that introduces basic features or aspects related to a domain
element (in general a concept from the domain under consideration) without going into
details. It functions as a kind of advanced organiser for information available in other
(parts of) documents or audiovisual material.

Definition

Formal description of a domain element that lists its characteristics or properties and that
enables learners to identify whether an instance is an example of the domain element or
not, and that enables learners to distinguish the domain element from a related/similar
domain elements.

Example - what

A description of a specific instance of something that can be identified as a typical or less
typical example of a more general domain element. For instance a case description. An
example is more specific than the abstract domain element that is part of the domain
model.

For exampl e, a sparrow and a pigeon are typical
ostrich and a penguin are less typical examples. But still they all are examples of the
same concept.
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Example - how

A description of a specific procedure or of a specific way a task can be carried out that
can function as a kind of frame of reference (model) for a person that has to perform this
procedure or task. The learner should be able to imitate the example.

How do |

Statements that specify how a certain domain element should, or could be applied (for
instance: a description of steps). Or a piece of text that gives job-aids that help a learner
in performing a certain well defined task or procedure. By following the information given
the learner is sure to reach a certain end product.

Checklist

A list with related elements that serves as a kind of memory aid. People can check
whether each of the elements is present or is satisfied/met. The order of the list does not
necessarily have a time sequence. Mostly answers on checklist questions are simply
ifyeso or "noo Sometimes a set of open ended quest:i

Demonstration

A piece of audio-visual material that illustrates how something should/could be done. This
typically has to do with well defined procedural tasks. This is only for audio-visual
material, for textual mat er i igdble.t he fAiHow do | 0 mate

Explanation

Statements referring to a certain domain element that clarify why something is done, why
something is as it is, how something works. The difference between "how do I" and
"explanation” is that the former refers to procedural (how) information and the latter to
conceptual (why) information. Procedural information is typically identified by the
description of steps or sequences to reach a certain goal. Conceptual information is an
in-depth explanation that goes beyond the simple definition/description of a concept.
There can also be an explanation for a procedure in the sense that it justifies why the
procedure is a good one (before applying paint you first have to sand the surface,
because i f you dondt do thhresltwillstayupegen)nt wi | | not st

Explanations are characterized by the presence of terms like: because (of), due to, for
reasons of, as a consequence

More about

Statements referring to a certain domain element that give more information about the
domain element, without giving a definition of the domain element or without a (step-wise)
description of the procedure or an explanation. For instance, statements with background
information, historical data, trends and developments, relationships with other domain
elements etc.

For exampl e, more about HAcredit crisiso would pro
started, who are hit by the effects, what measures are taken to deal with it.
Template

Statements that enforce a kind of standardization in the design of something. A template
has certain fixed elements but also open slots. Examples of templates are forms that
must be filled in.
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Guideline

A statement that gives a directive/line of action; gives advice or summarises a lesson
learned by others that could be of value when performing an open ended ill defined task.
Following the guideline does not necessarily mean that a certain end product will be
reached but gives some structure to performing a certain task. Mostly a single or a few
lines which contain one indication what an actor should or should not do or take or not
take into account

Guidelines are characterized by terms like: take into account, be aware of, take into
consideration, be cautious, make sure th
in mind, pitfalls, be alert, consider, can be done, should be done, tip.

Constraint

A piece of text that contains restrictions or limitations that are applicable to an open
ended task or the result of such a task and that limit the degree of freedom to perform a
task, but that do not give a recipe to perform the task. Constraints are often based on
regulations, budgets, or wishes of a client.

A typical example of a constraint is that the price of a house that an architect designs for
you should not exceed 400.000 Euro.

at , take ¢

In practice this means that the APOSDLE system, based on a selected task and a learning goal that is
associated with topics related to this task, will search for documents that contain knowledge artefacts
(documents and fragments of documents) that have been labelled with material uses that are related

t o

this specific |l earning goal. For iicnsumde

res,t anodri nag t

knowledge artefacts with the label fdefinitiong fexampleodor fintroductiond will be selected. Figure 5-1
gives an example of how this might look like on the screen of an APOSDLE user. In the left hand side
of the screen tasks and topics (with related learning goal types) can be selected. Based on this
selection descriptions of resources are presented in the right hand side of the screen’®.

'® In the example presented in Figure 5-1, a document is selected with the
because this material use type is not asdogwayedtWweskhk
not be present in the 3 Prototype.

materi al use
fibeebeandio
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Figure 5-1: Example of a selection of documents with additional information

5.1.4.2 Getting an Overview of the Content to be learned and planning of Learning

Next to the setting of learning goals in the first phase of learning, it is important for learners to get an
overview of the content to be learned to be able to plan learning. This is especially true for curiosity
driven learners and to a less extent for learners with a very specific learning goal, unless this learning
goal is more complex to achieve and comprises several sub-steps. As stated above, these learners
often will stop the learning process as soon as their specific goal has been reached and therefore
extensive planning is not necessary. However, for finding missing prior knowledge, mobilizing prior
knowledge and finding connections between prior knowledge and new knowledge and skKills, it still
would be helpful for learners to have an overview of the relevant parts of the underlying knowledge
domain. The activation of prior knowledge positively influences learning (Merrill, 2002) because
learning is an active process in which new knowledge is integrated in existing cognitive structures.
Piaget and Inhelder (1973) speak of assimilation of new knowledge in the existing knowledge
structures and accommodation of existing knowledge structures to make place for new information.
Learning in which new information is integrated into existing structures is called meaningful learning,
because the new information is somehow related to existing knowledge. This is different from rote
learning. In rote learning new knowledge is not integrated in the existing structures, but it is stored
isolated from those structures. Therefore, knowledge gained through rote learning is easily forgotten,
while knowledge gained through meaningful learning is remembered better.

To support learners, the main domain elements and their relationships could be described or
visualised so that they are ready for inspection. An example of such a representation of the RESCUE
domain containing the SR model is given below in Figure 5-2.
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