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Abstract

The informal setting of learning at work give rise for unique challenges to the field of technology enhanced learn-
ing systems. Personalized recommendations taking into account the current context of the individual knowledge
worker are a powerful approach to overcome those challenges and effectively support the knowledge workers to meet
their individual information needs. Basis for these recommendations to adopt to the current context of a knowledge
worker can be provided by user models which reflects the topics knowledge workers are dealing with and their cor-
responding knowledge levels, but research has only focused on user modeling in settings with a static underlying
domain model so far. We suggest to model the users’ context based on the emergent topics they are dealing with and
their individual current knowledge levels within these topics by extracting the necessary information from the user’s
past activities within the system. Based on data from an experiment with students learning a new topic with the help
of a collaborative tagging system, we started to evaluate this approach and report on first results.
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1. Introduction

Within the last decade, there is an increasing interest in the research community to study technology enhanced
learning not only in formal settings, e.g. students trying to achieve a deeper knowledge to pass a university course
by using an intelligent tutoring system, but also in informal settings, e.g. learning at work, where learning is directly
integrated into the daily routines and processes of a knowledge worker. Learning at work takes mainly place as a
by-product of work processes and practices rather than as a result of explicit learning actions the knowledge worker
performs [1]. This concept of seamlessly integrated working and learning is described by [2] as work-integrated
learning (WIL) and makes great demands on the designers and developers of systems supporting knowledge workers
at their workplaces as compared to traditional learning systems: WIL requires learning support (1) during work task
execution and tightly contextualized to the work context (2) within the work environment and (3) utilizes knowledge
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artefacts available within the organizational memory for learning. Furthermore, knowledge workers need to compen-
sate with information overload and time pressure for finding relevant information to meet their current information
needs.

Therefore, intelligent automated support for individual knowledge workers is needed to capture the challenges
in work-integrated learning. An appropriate approach for automated support is for example in form of personalized
recommendations which take into account the users’ context. If for example the users experience a certain information
need, the context to support information retrieval can be given by the topics they are currently dealing with or their
individual knowledge levels within these topics. Personalized recommendations, adapted to the current context of the
users, are a powerful tool for supporting the knowledge workers during their work processes to meet their needs and
requirements. [3] identified a representation of the users (a user model) in terms of their interests and skills as one of
the main aspects for providing personalization in work-integrated learning.

The purpose of the paper at hand is to to suggest a user modeling approach for representing the users context
in terms of their topics of interest and corresponding knowledge levels which is based on naturally occurring events
within the work-integrated learning system. This user model can then be used to provide personalized recommen-
dation to support work-integrated learning in various dimensions. Our suggestion for a user model is based on and
extends the approach of [4]. In this approach a user model is designed by interpreting usage data from the system in
the context of enterprise models and utilize heuristics to determine user specific knowledge levels for topics available
in a static knowledge domain model. We are looking for an approach to extend this user model for being able to apply
it to a more dynamic setting, where the topics are not static, rather emerge during usage of the system.

As a first step towards modeling the users profile in dynamic, adaptive WIL systems, we have chosen to use a
collaborative tagging system, a system which shows highly dynamic user behavior and emerging topics of interest.
Collaborative tagging describes the process by which many users add freely chosen keywords (tags) to shared con-
tent (such as webpages, photos, ...) and in the last years, collaborative tagging systems emerged as a popular tool
supporting knowledge workers such as researchers or students in managing their own resources and finding relevant
material based on keywords assigned to them. We report on the analysis of a dataset from a collaborative tagging
system as a test bed for our user modeling approach to find out (a) if and how users change their activities over time
in these dynamic systems and (b) try to investigate whether specific activities provide good indications for being able
to determine the knowledge level of users related to specific topics.

In the following, we will clarify our understanding and the special needs of personalization for work-integrated
learning as compared to traditional areas for personalization and personalized recommendations. We will then present
in more detail examples of user modeling approaches and report in detail about the experimental study to analyze our
ideas for unobtrusive user modeling in WIL within a dynamic setting of collaborative tagging. Finally, we discuss
implications of our results for designing personalized recommendations based on our model and present an outlook
for further research directions.

2. Personalization for Work-Integrated Learning

The terms personalization and personalized recommendations have mainly been coined in two different research
areas: First, personalization in the web; typical examples here are personalized recommendation in portals for e-
commerce (for example [5]) or personalized information retrieval in search engines (for example [6]). And second,
in technology enhanced learning; typical examples here are personalization in adaptive hypermedia (for example [7])
or personalized recommendations in intelligent tutoring systems. Both approaches have in common that the systems
often maintain a user model to enable personalization. In e-commerce or for search, previous user activities and their
preferences (e.g.. What products did a user buy? What information needs does a user have?) are analyzed to infer a
user model unobtrusively, in traditional technology enhanced learning systems student or learner models are generated
based on explicit assessments to derive the user’s knowledge state for personalization of the system.

In our view, personalization for WIL based on user modeling combines the best of the two traditional approaches
for personalization to fit the needs of knowledge workers during their daily tasks. Personalization should be an
adaptation of the system towards individual knowledge workers and their current context. Implicit user modeling
is preferable as testing, assessments or explicit feedback about interests or preferences is not very suitable in WIL.
For effective knowledge work, recommendations and information provided to the user should also be based on the
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knowledge a user already has about a certain topic (experts might have different information needs for a certain
topic as compared to a novice) and thus, the user model should also incorporate knowledge diagnosis. Personalized
recommendations for WIL can not only be useful for recommendations of suitable resources to meet the individual
information needs of knowledge workers but also for example to recommend knowledgeable people for certain topics
if someone is seeking explicit help or to ask for performing a specific activity.

3. Examples of User Modeling Approaches to represent the User’s Context for Personalized Recommendations
in Work-Integrated Learning

In the field of work-integrated learning systems, an approach for unobtrusive user modeling based on topic-specific
individual knowledge levels has already been developed in APOSDLE [4], where the individual knowledge levels
(novice, advanced, expert) for topics within the domain ontology were extracted by analyzing so called Knowledge-
Indicating Events (KIE). KIE refer to user activities which indicate that the user has knowledge about a certain topic
or a certain skill, e.g. being asked for help about a certain topic versus to ask for help about a certain topic are
contrary actions performed by persons supposed to be knowledgeable versus being a novice in this area. Furthermore,
activities indicating that a user has knowledge about a certain topic in APOSDLE are of general nature, relating to a
range of possible actions that are available in a system specifically designed to support learning at work. Examples
for those actions are ’Contacting A Person’, ’Selecting A Learning Goal’, ’Performing A Task’, ’Getting Learning
Hints For A Topic’. This approach is especially interesting, as it does not depend on explicit feedback from the users
(e.g.. testing their knowledge levels for certain topics) to model their profiles. Explicit feedback is highly obtrusive,
it would even prevent the knowledge workers from performing their tasks effectively and thus are not appropriate for
informal settings such as systems for work-integrated learning.

As we apply our user modeling approach prototypically to the dynamic setting of collaborative tagging systems, is
is also interesting to investigate user modeling and detecting knowledgeable users (experts) not only in the context of
work-integrated learning systems but also to the general area of these kind of emergent systems. User modeling itself
has already has a long tradition, but has not not been explicitly and extensively tackled in the field of collaborative
tagging yet. [8] for example tried to investigate how user tags can affect user modeling and [9] researched user models
based on tagging data for personalization in tagging systems. User models based on emergent semantics are often
developed implicitly for tag or resource recommendation in those systems, for example in [10] or for studying the
intent behind tagging, [11] analyzed personomies (as a result of individual tagging versus folksonomies as a result
from collaborative tagging) to classify the individual users based on their tagging behavior and [12] studied user
profile generation from personomies for recommendation of webpages by identifying the user’s multiple interests.
In order to support knowledge workers with adequate information based on their context (current information need
and individual knowledge level), our main intent is not only to detect the user’s interests, but also their individual
knowledge level (level of expertise varying from novice, e.g.. someone that has just started to research a certain topic,
to expert, e.g.. someone that has extensively studied the topic in question). In collaborative tagging systems, some
work is also available which tries to measure not only interest, but also the user’s overall expertise in a global setting
([13], [14]) and in an enterprise setting [15].

4. A Report on First Results

Collaborative tagging systems are becoming more and more popular, not only for the web community but also for
our daily knowledge work, such that these systems provide an interesting area for research in WIL: They can support
the knowledge workers to effectively organize, share and retrieve information, for individual but also for collaborative
purposes and have already been applied in several enterprise systems and used in organizational settings for different
purposes, examples are [16], [17] for knowledge management and sharing or [18] and [19] for social networking and
competence management.

The assumption in the following is, that the users are using those systems in their daily work for example to re-
trieve, store and manage knowledge artifacts or to keep and maintain a common lightweight ontology of tags/concepts
or competencies. Using the KIE approach presented in section 3 within systems knowledge workers are usually deal-
ing with, enable user modeling unobtrusively: It is based solely on the activities of the users within those systems and
no explicit user interaction is needed to infer the user’s interests and topic-specific knowledge levels.
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The application of the KIE approach to model individual knowledge levels includes the need for analysis of the
mapping between possible KIEs and knowledge levels (e.g.. Do some KIE occur more frequently for persons assumed
to be an expert or for persons assumed to be rather an expert?). KIE and the mapping to different levels of knowledge
(expertise) need to be adapted to the activities that are relevant in the context of the specific collaborative tagging
system with the goal of fulfilling the needs of knowledge workers. [4] suggest a simple heuristic to implement the
KIE approach into a software system for evaluation and analysis purposes. Therefore, we were interested to analyze
two different hypothesis: Firstly, we assume that users change their behavior within the system the more familiar they
become with a topic and secondly, we assume that certain activities within the system give indications for different
knowledge levels that can be mapped with an explicit measure of the ’real’ knowledge level of a user.

For this study we used log-data that was collected by [20] who researched the Basic Level Effect in Collaborative
Tagging. In their experiment groups of students collected and structured web resources to gain knowledge about
a certain topic with the help of a social semantic bookmarking system. After the end of the course, the students
performed association tests, where they were presented tags from their corresponding tag space and were asked to
write down associations. We assume at that point, that the number of associations provides a relation to the real
knowledge level of a user.

In the following, we first present the experimental setting from which we gained the log-data and present overall
characteristics of activities within the system and finally report on results of the analysis of the two mentioned hy-
pothesis to answer our research questions mentioned in the introduction: (a) that users change their types of activities
over time in these dynamic systems as a result of more experience with a certain topic and (b) that specific activities
can provide indications to determine the ’real’ knowledge level of users related to specific topics.

4.1. Experimental Setting

The log-data used for evaluation are the result of an experiment, which took place in the context of a university
course on cognitive models in technology enhanced learning at the University of Graz. Psychology students (N=25,
mean age M=23.3, SD=1.2) collaboratively collected bookmarks related to their course subject and described them
with tags within a Social Semantic Bookmarking system (SOBOLEO, [21]). The main difference between this social
semantic bookmarking system and collaborative tagging systems in general is that the users do not only add tags to
resources for later retrieval and sharing but they also collaboratively develop a semantic structure of the tags and their
concepts they used. The main benefit is that this help to overcome the problems that typically arise by using only user
created tags. In SOBOLEO, the tags and the lightweight semantic structure that is collaboratively created are shared
by all users of the system.

Two groups of students had to work on a topic for the whole duration of the semester (4 months; referred to ld
groups in the following), the other two groups switched their topic at half time (2 months; referred to sd groups in the
following). Two groups of students were asked to research the topic ’the use of Wikis in enterprises’, the other two
groups ’the use of Weblogs in universities’. They were asked to prepare these topics as if they were collaboratively
working on a report of presentation. Both topics were chosen because they were related to the course subject and
because we expected the participants to have only little prior knowledge about them. During the whole duration
of the study (ten weeks) each student was expected to post two relevant bookmarks per week to the SOBOLEO
environment and describe them with meaningful tags. The students were also required to collaboratively organize
their tag collection with the help of the SOBOLEO taxonomy editor. To facilitate the emergence of consensus, the
students were also encouraged to utilize the chat provided by the tagging system and an external discussion forum.At
the end of the semester, an association test was conducted which elicits implicit knowledge about concepts underlying
verbal representations. Therefore, the users were presented 19 concepts/topics from their corresponding SOBOLEO
system as stimulus words and were asked to write down all associations coming to their mind. Response time was
confined to 30 seconds. By counting the number of associations, the test informs about the strength of representation
of concepts in memory. For a more detailed description of the methods, we want to refer the reader to [20].

The authors of the study report the following results, contrary to their hypothesis: the sd groups developed a
taxonomic structure with which they felt more comfortable, the students in this group developed a stronger internal
representation of the topic and the underlying knowledge domain and finally developed a better common understand-
ing of the topic.



K. Schoefegger, P. Seitlinger, T. Ley / Procedia Computer Science 00 (2010) 1–10 5

4.2. Results

In this section we report on the results of an analysis of a dataset from a collaborative tagging system from the
experiment described in section 4.1. This data resulted from groups of students using four different instances of the
SOBOLEO systems, in the following referred as SOBOLEO Instances SI1 - SI4. Our intention with this work was
to find out (a) if and how users change their activities over time in these dynamic systems and (b) try to investigate
whether specific activities provide good indications for being able to determine the knowledge level of users related
to specific topics.

Table 1 gives an overview of the general statistics and number of activities available in the data sets of SI1 -SI4
for analysis and research purposes at the end of the semester. Students who used SI1 and SI3 spent a shorter period
of time (sd groups) and students who used SI2 and SI4 spent a longer period of time (ld groups) with one of the two
general topics.

Table 1: General statistics of the data from the four SOBOLEO instances SI1 - SI4 at the end of the semester.

Details SI1 SI2 SI3 SI4
Number of users 8 8 5 8
Number of resources 56 104 51 67
Number of distinct tags 59 49 34 71
Overall number of activities 851 1776 708 1776

In order to test our two hypotheses, we collected activities available in the log-data which can help to infer the
individual knowledge levels of users for certain topics, and thus define a suitable KIE. These activity types vary in
type of purpose,from purely generating data in form of tag assignments which can be done very easily without the
need to having already developed a very good understanding of the domain up to changing the taxonomic structures,
which require already a certain level of knowledge about the domain in order to perform this activity successfully. In
more detail, activities within the social bookmarking system SOBOLEO included activities concerning the five main
activity types:

• Generation of data: Assigning keywords (tags, topics) to a resource

• Generating a taxonomy of tags/topics: Adding a new sub/super concept relationship (e.g.. the concept ’wiki’ is
a sub-concept of ’web2.0’) and adding similar or related concepts (e.g.. ’wiki’ is similar to ’Wiki’).

• Performing changes within the taxonomic structure (e.g.. changing a certain sub/super concept relationship)

• Getting an overview of the generated taxonomy or exploring a concept

• Changing data: Renaming a concept or deleting a tag assignment

4.2.1. Temporal Patterns
Our first hypothesis is that the kinds of activities users perform within the system are changing over time. An

example would be that the longer they are working with the system and the more familiar they become with the
general topic of the group work (two groups dealt with ’the use of Wikis in enterprises’, the other two groups with
’the use of Weblogs in universities’) by using the system to organize web resources, the more are they able or willing
to generate the underlying taxonomic relationships between sub-concepts of the topic. Figure 1 shows the number
of activities of the five activity classes over time. For this plot we took four snapshots of the system, each of the
snapshots represents the activities within the system for a period of a month. In SOBOLEO instance 2 and 4 there are
four snapshots (as these were the instances used longer by the students) and in SOBOLEO instances 1 and 3 there are
two snapshots of the activities (as these instances were used only during a period of two months).

It can be clearly seen that in all 4 instances, generating data in form of tag assignments is the most dominant
activity, followed by getting an overview of the taxonomic structure and generating the taxonomic structure, whereas
students did rarely contribute to change the collaborative generated data or taxonomic structure. Contrary to our
hypothesis, that the behavior of students within the system would change the longer they use the system and become
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Figure 1: Different activities over time in the four SOBOLEO instances. Different colours indicate different activity
classes (green: ’Generation of data’,blue: ’Generating the taxonomy’, purple: ’Getting an overview of the generated
taxonomy’ activities, light green: ’Changing of data’ and finally, the light purple (did occur rarely): ’Performing
changes within the taxonomic structure.’). Specific activities are presented as a percentage of the overall activities
within the SOBOLEO instance for each snapshot period (t1, t2, t3 and t4).

familiar with the general topic assigned to the group, all four instances of SOBOLEO do not show a switch to less
activities for generating data and more activities creating and/or changing the taxonomic structure. In SOBOLEO
instance 2 the inverse case occurred, the relative proportion between activities for generating data and generating
structure even increased instead of decreased. Thus, it is not the case that users first add data to the system and then
try to collaboratively create and refine the emerging taxonomic structure at a later stage. It can be observed that there
is a time-based relationship between tag assignments and activities performed for generating the taxonomic structure:
As soon as new concepts were added to describe documents, these concepts were added to the lightweight taxonomy
and these relations were not subject to change afterwards.

Figures 2 and 4 visualize in a detailed manner the performed activities over time, for two of the systems in general
and figures 3 and 5 for two specific, rather active users of the corresponding SOBOLEO instances where the time-
based relation to the activities for generating data and the activities for generating structure can be clearly seen.

Our assumption that the activities performed would change from actions that do not need a very deep understand-
ing of the knowledge domain to actions that would actually need more experienced users with the topic did not hold
in this case. And though the users were unsatisfied with the collaboratively generated structure (especially the ld
groups in SOBOLEO instance 2 and 4), they did not take actions to change the generated taxonomic structure. We
take this as an indication that an average user might feel uncomfortable with changing parts of the collaboratively
generated structure, furthermore we could in addition to the above mentioned temporal patterns identify that only a
small number of the overall users contributed to the creation of the taxonomic structure (data not shown.) Identifying
knowledgeable users for certain parts of the taxonomy and give them recommendations to check and maintain this
part of the structure would support the maturing of the semantic model represented by the taxonomy.

4.2.2. Relation between User Activities and Associations
The second hypothesis that we wanted to investigate is, that there is a relationship between the different activities

of the users within the system and their ’real’ knowledge level. As reported in section 4.1, at the end of the experiment
each user was provided with 19 different topics from the SOBOLEO system and was asked to write down within 30
seconds the associations that came to his/her mind, which relate to the given topic. The association test is supposed to
give an implicit measure for the strength of representation of a concept in the user’s memory, and thus we can assume
that this indicates a relationship to the user’s knowledge level about the given concept.
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Figure 2: Detailed overview of different activities within
SI1 performed by all users during usage time.

Figure 3: Detailed overview of activities performed by an
active user of SI1.

Figure 4: Detailed overview of different activities within
SI4 performed by all users during usage time.

Figure 5: Detailed overview of activities performed by an
active user of SI4.

To analyze the relation between activities and associations for a specific topic, we collected available information
about the number of the different activities of each user for each topic. As the number of activities for changing the
collaboratively created taxonomic structure are to small, we focused in this part on the following two activity types:
’Generating data’ and ’Generating structure’. Table 2 shows the correlation between the activities of the two groups
ld and sd for certain topics and the number of associations for those topics. To calculate the correlation we used the
Spearman’s correlation coefficient. It can be seen that there is a tendency for a positive monotonic relationship in the
ld group between the activities for generating data and the number of associations the users had for the corresponding
topics. For the activity of generating the taxonomic structure, this is cannot not be clearly shown.

Thus, we could not derive clear statistical correspondences between activities and associations, only a tendency
for the ld group for ’Generating data’. This is due to several constraints: Firstly, the log-data we used for analysis
is not very large as the study was not conducted in a real-world setting with hundreds of users which would lead to
more stable patterns than from a few users where individual behavior has more influence on the results. We have
nevertheless chosen this data to be suitable for our purposes as systems for work-integrated learning applied within
an organization will not and is not supposed to be used by hundreds of users as for example in typical Web 2.0
systems. As our goal is to support knowledge workers in their daily working processes and tasks with personalized
recommendations, this is an important constraint the recommendation mechanisms will have to be aware of. Secondly,
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Table 2: Correlation between number of activities and number of associations of users concerning a certain topic.

Activity type Group ρ

Generating data ld 0.28
Generating data sd 0.10
Generating structure ld 0.10
Generating structure sd -0.095

we presented the students 19 topics that emerged during usage of the system, but not every user had one or more
performed activities related to those topics, nevertheless in the association test they could come up with associations
related to that topic, resulting in rather sparse data. This is also due to the fact that the system does not represent the
complete ’real’ learning process and the learning experiences of each user. As a result, the system might detect that
a user has less knowledge than s/he actually has (false negatives) if that person has not performed enough activities
such that the system could derive the correct knowledge level.

An approach to overcome both of the problems is to incorporate external information sources in order to enrich
the user data. This can happen on the on hand through human interaction with the system. It could be for example
envisioned that the user can edit the automatically detected user model consisting of topics of the user’s interest and
related knowledge levels to avoid false negative knowledge levels for certain topics. On the other hand, which is more
suitable for the context of WIL, this could be done automatically by not only taking into account one specific system
as in our case the collaborative tagging system, which is due to its nature limited to certain types of activities.

5. Discussion

Personalized, context-aware recommendation mechanisms to support the information need of knowledge workers
in work-integrated learning highly benefit from a suitable user model based on the user’s past interaction with the
system. In this work, we discussed prerequisites for effective personalization in WIL which include unobtrusive user
modeling to infer the topics a user is dealing with and an appropriate modeling of the user’s specific knowledge
level for these topics. We presented results from an experimental study, where we adopted the KIE approach for
unobtrusive user modeling from [4] for a setting where knowledge workers organize, share and retrieve information
in a collaborative tagging system.

We could show that by analyzing user activities when trying to develop a common understanding of a specific
topic by using a social semantic bookmarking system, users are motivated to contribute knowledge in form of tag
annotations, but only a smaller extent of those users are willing to spend more time on creating a common lightweight
ontology from related concepts based on tags they assign to resources. Though questionnaires showed that the users
did not feel so comfortable with the commonly generated lightweight ontology, they did not take the time to improve
it. Therefore, in order to support the users in achieving this, there is a need for the system to automatically support
their learning process for a better understanding of the domain. Detecting and recommending knowledgeable users to
take over the responsibility for maintaining a specific part of the collaboratively generated taxonomic structure would
provide a huge benefit for this system.

We were not able to show a clear correlation between certain user activities for specific topics and the number of
associations the users had for these topics, except for the activity of generating data for the group that used the system
for a longer period of time. We discussed the reasons for this, which are partly a result of the fact of too sparse data
(e.g. a user had associations to certain topics but did not perform any explicit activities within the system) and that the
complete ’real’ learning process cannot be traced by the system which then might lead to false negative detection of too
low knowledge levels for certain topics though the user is experienced. In terms of recommendation mechanisms, this
means that there is a need to include external information source to overcome these problems. External information
can either be added manually through an editable user profile or self- or peer assessments or (which is more suitable
for WIL) automatically by extending the KIE that are necessary in order to improve the ability of the system to map
the ’real’ knowledge levels with the user’s activities. In our example we used a collaborative tagging system which
offered a limited amount of activities that can be used as KIE but usually systems knowledge workers are dealing
with, do offer a broader spectrum of activities.
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6. Outlook

This research work presented an approach for unobtrusive user modeling for personalized recommendations in
work-integrated learning based on an example with collaborative tagging systems. We provided insight how KIE
can be used for inferring unobtrusively a user model based on the user’s topics of interest and knowledge level but
also identified several drawbacks. Thus, our future work will include a deeper investigation of the mapping between
KIE of work-integrated learning systems incorporating topics that emerge from usage of the system and the user’s
’real knowledge’. Based on these results, we will adopt existing recommendation mechanisms and develop new
recommendation mechanisms to take full advantage of the user model in order to provide the users with personalized,
context-aware recommendations based on the topics they are dealing and have dealt with and the corresponding
knowledge levels. Goal is to be able to provide services that support the users in extending their knowledge and
improving their knowledge levels where necessary and appropriate.The evaluation of the user model and adapted
recommendation mechanisms will be performed within the MATURE project (http://mature-ip.eu/), a large-scale
EU-founded project, which tries to analyse knowledge maturing processes and to develop tools and services for
organizations and communities to support this process.
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