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1 Executive Summary 
This document gives an update on our work on Knowledge Maturing Services in project year 2. The 
major part of the work was concerned with designing and realizing a set of knowledge maturing services 
which we have put to use in various settings. These services have been implemented in the project by 
various partners to support knowledge maturing, mostly in the demonstrators presented in MATURE 
Deliverable D2.2/D3.2.  

The services are split into three categories: (1) structure services which are based on an analysis of 
knowledge structures (semantics or processes), (2) content services which are based on an analysis of 
natural language texts, and (3) usage services which are based on an analysis of usage data generated in 
the interaction with knowledge artefacts and services. For each maturing service, we give some 
implementation details, such as details about the algorithms employed, the relationship with other 
services, and their status of development. We also discuss some future plans for each service and how 
they will be employed in the demonstrators. In a technical sense, the services have been developed as web 
services and are available in a distributed service environment. By providing the Maturing Services on the 
web all other project internal applications (Demonstrators/Design Studies) can access the services to use 
maturing functions or to share semantic data with other applications. Together, these services form the 
Knowledge Maturing Services Prototype V1. 

As a second strand of research, we continued our theoretical and empirical work on which we base our 
services. From a theoretical point of view, this document presents two conceptual updates to our original 
conception (see Deliverable D4.1). First and to inform our structure services, we draw on both structural 
and subsymbolic aspects of information processing in semantic networks and relate this to cognitive 
categorization research. We are reporting two empirical studies which more closely examined some of the 
central assumptions. In an experimental study with a collaborative tagging environment, we examined the 
basic level effect known from categorization research and its impact in collaborative tagging. 
Subsymbolic aspects were examined with the use of an activation equation which takes into account the 
frequency and recency of prior exposure to the concept of a semantic network for predicting availability 
in memory. We used this activation equation to predict usage of tags in a CiteULike dataset. 

Second and in an attempt to introduce a complementary perspective in content and usage services, we 
introduce a co-evolution model of collaborative knowledge construction recently presented by Cress and 
Kimmerle (2008). This theoretical perspective allows us to examine processes of assimilation and 
accommodation of internal and external knowledge representations. In our view, the latter present a key 
element in the maturing of knowledge. We experimentally tested some of the assumptions in a study of 
collaborative wiki editing. Specifically, it was our aim to automatically classify accommodation activities 
by observing user interactions with the wiki environment. It was possible to classify correctly almost 80% 
of the edits using only 4 extracted features of the user interaction context. 

For each maturing service, we give some implementation details, such as details about the algorithms 
employed, the relationship with other services, and their status of development. We also discuss some 
future plans for each service and how they will be employed in the demonstrators. 

We close this document with a discussion of the results obtained and from these we derive further 
research questions. Two areas will be the main areas for our future work. First, we would like to put a 
greater emphasis on reseeding services by providing support in the process of gardening of knowledge 
structures. Such explicit guidance in our view is a way to supplement the evolutionary growth typically to 
be found in social systems. Secondly, we will put a focus on exploiting contextual information for 
persons and artefacts, derived from the users’ interaction histories.  
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2 Introduction: Researching Maturing Services 
This document gives an update on our work on Knowledge Maturing Services in project year 2. The 
major part of the work was concerned with designing and realizing a set of knowledge maturing services 
which we have put to use in various settings. These were originally proposed in MATURE Deliverable 
D4.1, and have now been implemented in the project by various partners to support knowledge maturing 
in the demonstrators presented in Deliverable D2.2/3.2. The collection of services is documented in 
Section 5. Together, these services form the Knowledge Maturing Services Prototype V1.  

Apart from this technical development, we have also continued to work on the theoretical basis and have 
conducted a number of empirical studies to strengthen and extend the foundations of our work. This work 
is presented in sections 3 and 4.  

2.1  Theories for Researching Maturing Services 

In Deliverable D4.1, we have characterized Maturing Services as complex knowledge services that 
support seeding, growth and reseeding of organizational knowledge assets. More specifically, and 
following the ideas of Distributed Cognition, we assume that these knowledge services operate on 
different forms of knowledge representation: Structure Services use as a representation semantic or 
procedural knowledge structures, Content Services use a natural language representation of knowledge as 
might be found in unstructured documents, and Usage Services derive knowledge structures from usage 
of knowledge artefacts by individuals. 

Similar to what we reported in D4.1, we have split the document according to these three types of 
services. In each section, we report about theoretical work and empirical studies we performed. The 
theoretical parts we present here are updates on our conceptual understanding of Maturing Services. As 
they stand, they should be seen in the context of last year’s theoretical sections. This report therefore 
presents several extensions to our initial ideas. For the Structure Services, we are drawing on research on 
structural aspects and categorization in semantic networks (Section 3.1) and subsymbolic processes in 
semantic networks (Section 3.3). For Content and Usage Services, we present a co-evolution model of 
collaborative knowledge construction which was recently suggested by Cress and Kimmerle (2008) 
drawing on systems theory and Piaget’s theory of cognitive development. 

2.2  Methods for Researching Maturing Services 

In Deliverable D4.1, we have proposed a multifaceted research strategy for examining knowledge 
maturing services. The elements of this strategy are presented in Figure 1 as a reminder. The present 
report will show how we utilized several of these methodologies in an attempt to drive further our 
understanding of maturing services. Specifically, we will present results of two experimental lab studies 
to examine categorization in collaborative tagging (see 3.2), and accommodation and assimilation process 
in collaborative knowledge construction (see 4.2). We present a simulation study performed with a 
CiteULike dataset (in Section 3.4). With our demonstrators (see D2.2/3.2), we continued to follow a rapid 
prototyping and iterative evaluation strategy. The results of these developments in terms of the maturing 
services have been documented in the prototype section (Section 5). 
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Figure 1: Methods for Researching Knowledge Maturing Services 

 

2.3 Relationship to other documents 

This report is related to several other project deliverables which will be referenced in the subsequent text. 
These are 

• D4.1 (Maturing Services Definition), MATURE Project Deliverable, 2009: This document 
presents the theoretical basis of the Maturing Services as well as the results obtained in the first 
project year. The present document is an update to D4.1 as it presents additional theoretical 
conceptions which are aligned to our original work, as well as empirical investigations and 
services which have been developed during project year 2. 

• D2.2/D3.2 (Design and Delivery of Demonstrators of PLME / OLME and Tool Wrapper 
Infrastructure), MATURE Project Deliverable, 2010: This deliverable presents the current status 
and results of the MATURE Demonstrators. The services described in the present report are 
mostly integrated in these demonstrators and provide maturing support in different contexts. 

• D1.2 (Results of the representative study and refined conceptual knowledge maturing model), 
MATURE Project Deliverable, 2010: Of special relevance in this report is the discussion of the 
Knowledge Maturing Model to which we relate in different parts. We are also taking up the 
Knowledge Maturing Indicators which are theoretically discussed and empirically validated in 
D1.2, and where the technical realization is described as part of the knowledge maturing services 
in the present report.  

• D5.1 (Infrastructure and Integrated 1st MATURE System Prototypes), MATURE Project 
Deliverable, 2010: This deliverable describes the technical specification of all maturing services, 
their functional capabilities and relation to other services.  

  

Conceptual Design of Models
and Algorithms
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Lab Studies and Controlled 
Experiments

Simulations in Real-world 
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Design Studies and Rapid 
Prototyping

Large-scale Real-world 
Evaluation
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3 Structure Services: Categorization and Semantic 
Networks in Distributed Settings 
For the Structure Services, we are drawing on research on structural aspects and categorization in 
semantic networks (Section 3.1) and subsymbolic processes in semantic networks (Section 3.3). To test 
these approaches empirically, we have conducted a lab study to research effects of basic level concepts in 
collaborative tagging (Section 3.2) and a simulation of tag activation in an existing CiteULike dataset 
(Section 3.4). We close this section by presenting a technical implementation for crawling folksonomies 
for time-based data (Section 3.5) which should allow us to analyze this kind of data more easily in the 
future. Implementations of Structure Services as they were employed in the demonstrators or in our 
experimental studies are then presented in the Prototype Section 5.2. 

3.1  Structural Aspects of Semantic Networks: Categorization in Collaborative Tagging 

As we have documented in D4.1, our main application context for the associative and semantic network 
theories is Collaborative Tagging (CT), the process of assigning freely chosen keywords (tags) to 
artefacts. Our assumption is that through the collective process of tag assignments and the resulting 
folksonomies, collective semantic structures begin to emerge (Specia & Motta, 2007; Cattuto et al. 2008) 
which makes it a prime example of semantic maturing (Braun et al., 2007). CT is also employed by three 
of the MATURE demonstrators (see D2.2/3.2) which gives Maturing Services developed for CT the 
opportunity to be tested in real-life settings. In contrast to most of the research in CT which has been set 
in open web environments, we are concentrating on CT applications to be used in organizational settings. 

Following suggestions of Steels (2006) and Fu (2008) our study of maturing processes in social software 
applications with a Collaborative Tagging (CT) functionality (= CT- environments) adopts the Distributed 
Cognition (DC) approach (Hutchins, 1995). Because DC focuses on systems of individuals who interact 
by means of technological devices to perform certain tasks it provides a good framework to achieve a 
holistic characterization of the manifold parts of a CT- environment. Here we draw attention to the tag-
assignments, events by which users assign freely chosen keywords – so called tags – to resources (e.g. 
bookmarks).  

One critical component of the DC framework is the notion of external media that denotes all external 
representations supporting interactions and communication between individuals. In the case of a CT- 
environment the tags can be regarded as such external media. By partially representing internal concepts 
of users, tags act as hints that make other users aware of interesting aspects of resources and thus enable 
interactions and indirect communication among the users. According to Heylighen, Heath and Overwalle 
(2007), there is a selective pressure for individuals of a distributed system to co-opt useful media, i.e. 
external representations through which useful information can be exchanged reliably among individuals 
of the system. For supporting interactions between individuals, efficient media are a prerequisite for the 
emergence of self-organization – i.e. stable patterns – in dynamic systems. In the context of CT- 
environments, which have also been characterised as dynamic systems (Halpin, Robu and Shepherd, 
2007), emergent stable patterns stand for a growing consensus across several users in tag-assignments.  

Since one of our aims is to make interactions in a CT-environment more effective and efficient, we try to 
foster the process of co-optation of useful external media (tags) with the aid of cognitive plausible tag-
recommendations, based on profound semantic network theories. There are many existing semantic 
models in the literature of conceptual research and most of them model the representation and processing 
of semantic knowledge within an individual. As suggested by proponents of DC (e.g. Rogers, 1997; 
Hutchins, 2000) and shown by Steyvers and Tenenbaum (2005), these models can be applied to semantic 
structures shared across different individuals, like tag-networks created and shared by several users. One 
fruitful contribution of these theories to our purposes is that they give a detailed description of the 
structural and processual (=subsymbolic) aspects of a network in order to explain availability 
(retrievability) of knowledge-units in semantic memory. Therefore they can be exploited to operationalize 
the strength of particular nodes and to identify hubs – central and easily retrievable nodes of a network. 
Secondly another strand of cognitive research concentrates on the development of semantic networks and 
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proposes general principles governing the network-growth. With the help of these principles one can 
make predictions about which nodes will be central in the future network.  

On our first attempt to apply cognitive models to Collaborative Tagging we drew on structural 
assumptions of the semantic network-model of Collins and Quillian (1969). They contend that concepts 
of semantic knowledge are represented as nodes in a hierarchical network with different levels of 
specificity. High levels store general, distinctive concepts of semantic knowledge (e.g. web 2.0, animal) 
and are linked to more specific, informative concepts (e.g. blog, wiki; cat, dog) at lower levels via class-
inclusion relations. From bottom to top this in-heritance hierarchy establishes a sequence of progressively 
more abstract concepts each including all previous subordinate concepts (Murphy, 2002). In this kind of 
semantic network one level of specificity seems to be psychologically privileged: the so-called level of 
basic concepts (Rosch, Mervis, Gray, Johnson and Boyes-Braem, 1976). Most often basic concepts show 
an intermediate level of specificity and therefore comprise a balanced amount of information. Their 
optimal trade-off between distinctiveness and informativeness results in structural properties that can be 
exploited by fast retrieval-processes of semantic memory (Murphy, 2002; Rogers and McClelland, 2004; 
Rogers and Patterson, 2007). Consequently nodes for basic concepts are rapidly available entry-points of 
the semantic network and most frequently applied by individuals to categorise and designate objects. This 
cognitive phenomenon is called basic-level effect and is also discussed in psycholinguistic literature. In 
everyday communication situations speakers clearly prefer an intermediate degree of specificity to name 
and discriminate objects. Rather than calling something an “animal” or a “poodle”, a speaker would 
normally call something a “dog”. Because basic-concepts convey neither too much nor too little 
information about things to be named they are regarded as the most useful concepts for conversation 
(Mangold, 2003). Therefore the level of basic-concepts is also called the level of usual utility.  

3.2  Basic Level Effect in Collaborative Tagging: An Experimental Study 

To bring it back to our aim of fostering the co-optation of useful external media in a CT-environment we 
assume that tags for basic concepts (those with an intermediate level of specificity) represent central 
nodes of the tag-network, efficiently supporting interactions and indirect communication between the 
users. Maturing services that identify and recommend tags for basic concepts of the folksonomy should 
therefore enhance the emergence of stable patterns in a CT-environment. These considerations have 
motivated us to conduct an empirical study to demonstrate the centrality of tags representing basic-
concepts in a folksonomy. Users have both, the highest knowledge about these tags and the ability to 
judge them as the most relevant elements of the folksonomy.  

With this research we are targeting collaborative ontology engineering tools, such as SOBOLEO (Social 
Bookmarking and Lightweight Engineering of Ontologies (Braun, 2007) which was used in our study. 
Here users use the tags to build a shared vocabulary and a taxonomic structure to facilitate sharing of 
resources. Our main intention with this research is to enhance collaborative ontology engineering with 
personalized recommendations provided both in the process of tagging and in the process of browsing tag 
clouds and resource collections.  

Our conjecture is that besides an understanding of the social processes (e.g. Carmagnola, 2009), it is 
equally important to understand the underlying cognitive processes in collaborative tagging for offering 
effective recommendations. In this section, we contribute to the understanding of social processes in 
tagging environments by reporting results of an experimental study in which groups of students engaged 
in a collaborative tagging task to collect and structure web resources. A special focus in this study was put 
on the basic level advantage described above.  

3.2.1 The Basic Level in Collaborative Tagging 

While the role of the basic level advantage in collaborative tagging is often acknowledged (Braun, 2007; 
Golder and Huberman, 2006; Marlow, 2006) surprisingly little empirical research exists to inform design 
decisions. In their study of del.icio.ous, Golder and Huberman (2007) suggest that tags which are very 
popular and which are introduced very early for a certain bookmark correspond to categories of the basic 
level. The authors also find that the tag distribution for a certain bookmark quickly stabilizes over time 
which seems to suggest an emerging consensus. 
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The authors also point to a potential problem with the basic level advantage that arises with differing 
levels of expertise. They hypothesize that there should be systematic variations across individuals of 
“what constitutes a basic level”. In collaborative tagging, this basic level variation is a potential 
drawback. When resources are described on varying levels of specificity, it makes retrieval of information 
more difficult both for experts and for novices. While for the former, the information value of a basic 
level category is too low, for the latter the specific categories are not sufficiently well represented in 
memory, and, hence, their labels difficult to comprehend.  

The hypothesized basic level variation is in line with cognitive research which has found a basic level 
shift in various categorization paradigms, such as generating attributes of category objects, free naming of 
categories names or verifying category membership (Rogers and Patterson, 2007; Rosch, 1976; Tanaka 
and Taylor, 1991). Basic level shift for more experienced persons leads to better availability in memory 
of category members and their attributes on more specific levels of the taxonomy. 

Our intention with this study is to look at the dynamics of the collaborative tagging environment and its 
users as a distributed cognitive system (Fu, 2008). We assume that users of the system begin to form a 
shared understanding of a domain over time, and that this development is mediated by the tagging 
environment. This is because users of the system engage in sensemaking activities by collecting 
information and making use of it. In this process, they are influenced by tags provided by others. When 
they provide tags themselves, they do in turn influence others.  

Following sensemaking research, it is to be expected that a growing expertise in the domain can be 
observed over time. Therefore, we hypothesize that users will use more specific categories, will show 
better availability of these in memory and will ascribe more importance to more specific categories, when 
they collaboratively tag for a longer as compared to a shorter duration of time. 

3.2.2 An Experimental Study1

To test this hypothesis, we asked four groups of students to collaboratively collect bookmarks related to 
their course subject and describe them with tags. Two of the groups had to work on a topic for the whole 
duration of the semester (10 weeks), the other two groups switched their topic at half time. Our 
hypothesis was that the long duration (ld) groups would form a stronger representation in memory of the 
more specific tags and that they would rate their relevance higher than the short duration (sd) groups. 
Collaborative tagging among the students was realized through the social bookmarking system 
SOBOLEO. In SOBOLEO, the tags and the tag taxonomy that is collaboratively created are shared by all 
users of the system.  

 

3.2.2.1 Participants and Procedure 

The study took place in the context of a university course on cognitive models in technology enhanced 
learning at the University of Graz in the winter term 2008/09. Subjects (N=25, mean age M=23.3, 
SD=1.2) were psychology students participating for course credit. After an introduction to SOBOLEO, a 
computer literacy questionnaire and a word association test eliciting participants’ knowledge about 
central concepts of the given topics were administered to the participants. Subjects were then assigned to 
four groups of 6 or 7 participants which were equivalent according to their scores on the word association 
test and computer literacy questionnaire. Each group was provided with their own SOBOLEO 
instantiation only accessible by personal usernames and passwords. 

E-mails were then sent out to inform the participants of the topic they had to work on together with access 
details for their SOBOLEO environment. Two groups 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.  

                                                      
1 This study has been initially reported in D4.1. We have now completed data analysis with regard to the basic level 
advantage, and will therefore present it again in this deliverable. 
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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 SOBOLEO chat and an external discussion forum.  

After five weeks (at halftime), the SOBOLEO environments of two of the four groups were cleared. They 
had to start from scratch and to work on the other topic for another five weeks, making them the short 
duration (sd) groups. The other two groups continued with their prior topic, making them the long 
duration (ld) groups. Right before this topic switch, we also controlled for the fact that there still were no 
differences between the two conditions in the word association test. The association test belongs to the 
class of implicit tests which are well-respected to elicit knowledge about concepts underlying verbal 
representations. Participants are confronted with stimulus words and asked to write down all associations 
coming to their mind. By counting the number of associations the test informs about the strength of 
representation of concepts in memory. At the end of the semester, the association test and the relevance 
rating were administered to the 25 students in a group setting using a sample of tags they had created so 
far.  

3.2.2.2 Tag Samples, Tag Specificity and Dependent Measures 

By the end of the 10-week period, the four groups had created N=213 tags from which n=76 tags were 
drawn as a sample. To yield the independent variable tag specificity, tags were drawn from three different 
levels of the SOBOLEO taxonomies the students had created: General tags were drawn from the 
taxonomy levels 1, medium tags from level 2, and all tags below level 2 were allocated to the specific 
tags. From each of the four SOBOLEO environments, 19 tags were randomly drawn: three general (e.g. 
“weblogs”, “e-learning by collaborating”), eight medium (e.g. “kinds of weblogs”, “psychology of 
weblogs”) and eight specific tags (e.g. “videoblogs”, “microblogging”). Hence, the entire sample 
consisted of 76 tags: 12 general, 32 medium and 32 specific tags. In this sample, the size of medium and 
specific tag sets are equal, which was chosen due to data analysis constraints but does not represent the 
distribution of general/medium/specific tags in the complete data set (which has the expected distribution 
of size of the specific tag set larger than the size of medium tag set). 

As a dependent measure, a relevance rating was collected at the end of the semester which asked subjects 
to rate each tag sampled from their own SOBOLEO environment on a five-point Likert scale ranging 
from strongly relevant to strongly irrelevant for describing and organizing resources. By averaging the 
ratings of all group members a mean relevance rating of each tag was obtained. An association test was 
also conducted at the end of the semester. This test belongs to the class of implicit tests which are well-
respected to elicit knowledge about concepts underlying verbal representations. Subjects were confronted 
with tags as stimulus words and 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. Stimulus words were the same tags used for the relevance 
rating. Again we averaged the number of associations of all group members to obtain a mean number of 
associations for each tag. 

3.2.3 Results 

Figure 2 displays the mean number of associations (left) and the mean relevance rating (right) as a 
function of tag specificity and duration obtained at the end of the study. These results indicate a basic 
level advantage, i.e., a strong representation of categories represented by general tags. Independent of 
duration, general tags at level 1 seem to evoke more associations (M=4.43, SD=0.21) than medium tags at 
level 2 (M=2.95, SD=0.13) and specific tags at level 3 (M=2.99, SD=0.13). 

Secondly, a level - group interaction is emerging, but it is in the opposite direction than we had expected. 
Contrary to our expectations, sd groups achieved more associations and higher relevance ratings than ld 
groups for medium and specific tags. This was confirmed by a duration (ld and sd) × tag specificity 
(medium and specific) multivariate analyses (MANOVA) on the variables number of associations and 
relevance rating. The main effect for duration proved highly significant (F2,58=9.82, p<.01) explaining 
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25% of variance in the dependent variables and indicating a strong effect (

 

f
∧

> .40). Neither the main effect 
tag specificity nor the interaction between duration and tag specificity were significant. To further 
determine the nature of the significant effect, two univariate analyses (ANOVAs) for each of the 
dependent variables were conducted. Both results match our descriptive pattern. Averaging over medium 
and specific tags, the sd groups achieve more associations (M=3.29, SD=0.61) than the ld groups 
(M=2.65, SD=0.81; F1,59=13.01, p<.01). The same applies to the relevance rating (F1,59=9.12, p<.001): the 
judged relevance of medium and specific tags is higher in sd groups (M=2.56, SD=0.60) than in ld groups 
(M=2.22, SD=0.69). 

 

 
Figure 2: Number of associations (left) and relevance rating (right) for general, medium and 
specific tags in long duration (10 weeks) and short duration (five weeks) groups 

Results of a post-hoc questionnaire that had been administered to the students at the end of the semester 
give insight into these counterintuitive findings. First, all groups indicated they had been dissatisfied with 
the communication mechanisms (the SOBOLEO Chat and discussion forum). Albeit having worked on 
their topic for a longer time, groups of the ld condition gave significantly lower ratings when asked for 
the understanding of the topic (M=1.67 on a 5-point Likert scale, SD=1.23) than sd groups (M=2.69, 
SD=0.75; F1,23=6.44, p<.05). Additionally, ld groups (M=1.92, SD=1.00) perceived a lower quality of 
their taxonomy than sd groups (M=2.92, SD=0.86; F1,23=7.33, p<.05) which was different to our 
expectations and is discussed in the next section. Free text answers indicate that especially students in ld 
groups found it more difficult to collaboratively work on the shared taxonomy in SOBOLEO and they felt 
that the exercise had resulted in a chaotic collection of bookmarks and tags where it was rather difficult to 
keep an overview. 

3.2.4 Discussion and Outlook 

We conclude from the study that a strong basic level effect could be observed for an implicit memory 
measure (number of associations) as well as an explicit measure (relevance rating), where for the latter 
this only showed for one of the groups. However, our manipulation (duration of engagement with a topic) 
was obviously not effective in producing a stronger representation in memory. Quite to the contrary, the 
fact that environments of students in sd groups were cleared after half time actually helped them to build 
a more effective and shared external knowledge representation. The negative effect for ld groups was 
exacerbated by missing effective communication mechanisms in the SOBOLEO system. Similarly, we 
assume that it was students from sd groups that developed a more shared and stronger internal 
representation. If this was the case, then there is clear evidence for a shift in the basic level. This already 
showed after a comparatively little time (5 weeks), and produced a strong and also practically significant 
effect (an increase of 0.64 associations on average). 

Results of this study have practical significance for tag and resource recommendation in collaborative 
environments (e.g. Carmagnola, 2009) as they suggest that effective tag recommendations need to take 
tag specificity into account. Experts in a domain would benefit from more specific tag recommendations 
or from recommendations of resources with more specific tag assignments. The study also suggests that 
temporal dynamics need to be taken into account where shifts in basic level already take place after a few 
weeks of collaboration. Finally, in case tag specificity could be captured, this would also have 
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implications for user modelling as the level of expertise pertaining to a certain topic could be derived for 
any user from his or her tag assignments.  

A limitation of our results relates to the manual creation of the taxonomy by students which extends the 
(normally flat) folksonomy by a taxonomic relation. For our future work, we plan to draw on statistical 
approaches, such as (Cattuto, 2008) who found different tag similarity measures (tag co-occurrence vs. 
distributional measures) to correspond to different taxonomic relationships between tags. 

3.3  Subsymbolic Aspects of Semantic Networks: Learning and Forgetting 

As already mentioned, cognitive models also take subsymbolic aspects into account when measuring the 
strength of nodes in a semantic network. The term “subsymbolic” refers to processes that operate on the 
network’s structure and govern the availability (probability and speed of retrieval) of knowledge-units in 
semantic memory. They have been formalized in detail by researchers working on the cognitive 
architecture ACT-R (Anderson, Bothell, et al., 2004; see Deliverable D4.1, Section 3.1 for a more 
extensive discussion). Up to now we focused on the base-level learning equation of ACT-R’s declarative 
module, which serves for computing the base-level activation of a node. This kind of activation is a 
function of frequency and recency of prior exposure to the concept represented by the node and reflects 
the node’s general usefulness for the network in the past (Anderson and Schooler, 1991).  

Similar to the research of Fu (2008) and Fu, Kannampallil and Kang (2009) we transferred algorithms of 
ACT-R, in this case the base-level learning equation, to the collective setting of a CT- environment to 
compute the base-level activation – i.e. usefulness – of tags, again for the purpose of identifying efficient 
media in the distributed system. The cognitive architecture of ACT-R is based on a network 
representation of concepts (nodes) and edges that describe the degree of association between them. In this 
paper, we use the equation to characterize collective memory in a group of persons using a collaborative 
tagging environment. Here, applied to a CT setting, we equate the nodes in the network with the tags that 
users assign to resources. The base level activation Bi is given as a function of time delays defined by the 
time period tj that already passed since the last use of that concept: 

∑ −
n

=j

d
ji )t(=B

1
ln  (Equation 1) 

where d is typically set to 0.5. This equation satisfies a power law of learning and forgetting over time, 
similar to what has been suggested by Cattuto et al. (2007). 

In an experimental study we conducted in year 1 (see Deliverable D4.1, Section 3.2), we had extracted the 
values for the two variables of the equation – the number of all usages of a particular tag (frequency) and 
the time since each tag-usage (recency) – from log-files recording search- and browse activities as well as 
tag-assignments of all users. At the end of this study we correlated the base-level activation with the 
judged relevance of randomly drawn tags and obtained a significant, linear relationship between these two 
variables, indicating the equation’s applicability to become aware of tags important to users.  

In the current project year, we extended this research to a real world data set obtained from CiteULike, a 
popular collaborative tagging environment used by researchers to collect and share references to scientific 
papers. 

3.4  Studying Tag Activation in CiteULike 

The setting of our experimental study had been restricted in several ways. First, the groups had been small 
and the time frame of their use short. Students knew each other through class (although they were not 
aware of who their team members were exactly). Finally, some features of the SOBOLEO environment 
(such as the collaborative taxonomy editor) had been rather particular and necessitate that users enter an 
intensive dialogue which is not always the case in open collaborative tagging environments typically 
found on the web.  

So we decided to apply our model to an intentionally different setting. Many popular collaborative 
tagging systems provide interfaces to access their data or data snapshots for research purposes. In our 
work we focused on CiteULike as they provide (anonymized) daily snapshots of the whole dataset with 
all necessary information: An entry in this dataset consists of four entities: a resource id, a username, a 
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timestamp of the post and the tag, representing who posted what and when. If a user annotated a resource 
with more than one tag, then this results in more entries in the dataset.  

The data set we obtained from CiteULike differs from the SOBOLEO dataset in some important respects. 
The domain was much broader, in fact we did not restrict the dataset to particular users or tags, but 
obtained one whole snapshot. The time frame extended over a period of two years from 11/2004 until 
12/2006. In comparison to SOBOLEO, the annotation process in CiteULike creates a flat tag space in the 
resulting folksonomy, no information about taxonomic relations is available. Finally, the users in the 
sample of tags did not know each other to a large extent and their opportunities of direct interaction were 
necessarily limited. 

Especially these last points appear to be crucial for the study of effects of distributed cognition. It is rather 
unclear to what extent such limited opportunities for interaction would make possible consensus building 
and coordinated cognition. In fact, there has been a recent debate of the exact mechanisms of social 
interaction that would impact the use of tags. Some have suggested that the main social process is that of 
imitation (Golder & Hubermann, 2006), others have suggested that collaborative learning does take place 
and some deny a big role of social interaction in such environments altogether (Rader & Wash, 2008). 
And while we can not solve this debate with the present study, limited social interaction would certainly 
impact our results in that any predictions made from tag activation for individual behavior would be 
limited.  

Hence, the question was whether tag activation would be useful in this kind of environment. As we did 
not have access to the actual users, we established tag activation in a training period (11/2004 – 12/2006), 
and then validated our model against increased use in a test period (05/2007). 

3.4.1 Method 

As already mentioned, in this experimental setting, we extended the research on subsymbolic aspects of 
semantic networks from year 1 within a social semantic bookmarking system to real-world data of a large 
scale collaborative tagging system. As a reminder, we applied the cognitive architecture ACT-R to the 
setting of a CT environment, as tagging can be described as a cognitive process in wich users retrieve 
conpcets from memory to describe resources. We equate the nodes in the network with the tags that users 
assign to resources.  Generally, the activation energy Ai of a node i in memory is given by a sum of the 
base level activation Bi and the associative activation Assi of that node:                                                     

iii Ass+B=A  (Equation 2) 

where the base level activation Bi has already been described in the last section and Assi refers to the 
associative activation. The associative activation takes into account the current structure of the network 
and is given by a sum of associative strengths (sij) of all nodes j connected to the target node i: 

∑
j

ijji sw=Ass  (Equation 3) 

where the weight wj is usually given as 1/n where n is the number of neighboring nodes j. The associative 
strength between two nodes i and j is given by  

)ln( jij fanS=s −  (Equation 4) 

where S is normally set to 2 and fanj is the number of nodes connected to node j. Note that the 
“information value” of a node as formalized by Halpin et al. mentioned in the previous section is a related 
but somewhat different measure. Both information value as well as associative activation are dependent 
on the local structure of the network. However, “information value” decreases when connections between 
a node and its associated resources increases. Associative activation (Eqn 3 and 4) increases when 
connections of the neighboring nodes decrease.  

The snapshots of the CiteULike bookmarking system are freely available on their website. We used the 
CiteULike data until 1st January 2007, which consisted of about 1,118,234 entries in the dataset from 
10,714 users and 90,670 different tags for 333,985 different resources. We did not preprocess the data, 
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but excluded two tags, namely ‘no-tag’ and ‘bibtex-import’ as they showed a very high frequency and co-
occurred with a large number of other tags, thus would have had a crucial influence on the associative 
activation, but do not describe the content of a resource or user intent of a tag assignment. 

In order to analyze tag activation of the CiteULike dataset, we calculated the tag activation as for the 
experimental setting: Equation 1 gives the activation of a tag which is composed of the base level 
activation (Equation 2) and the associative activation (Equation 3 and 4). For the base level activation, the 
reference date to calculate the time delay since the last use of a tag was chosen to be the 1st of January 
2007.  

As a consequence of the flat tag space, associative activation had to be calculated in a different way than 
in the experimental study. We applied the above mentioned algorithm on the complete dataset until 1st 
January 2007 as follows: Based on the dataset we constructed the tag co-occurrance matrix, where two 
tags co-occurred if they had been used to annotate a certain resource by a certain user. The associative 
activation was set to 0.0 if the tag did not co-occur with any other. 

3.4.2 Results 

We first report on some general characteristics of the distributions and compare them with the data 
obtained from the experimental study. Figure 3 depicts (from left to right) the distribution of tag 
activation, base level activation and associative activation. The first row in the Figure shows data 
obtained from the CiteULike dataset, the bottom row shows data obtained from the four SOBOLEO 
instances. Note that the data from the SOBOLEO instances was calculated using all tags created (instead 
of the tag sample described in the experimental setup). Tag activation in both seems to be normally 
distributed, while base level activation follows a power law. The straight lines in the base level activation 
plot denotes the power law distribution, for the CiteULike dataset the exponent value is 1.6 and for the 
SOBOLEO data set the exponent is about 1.4. Associative activation in the CiteULike dataset also 
follows a normal distribution, while in the case of SOBOLEO, this is less conclusive. Note, however, that 
in the SOBOLEO dataset, associative activation was calculated using the structure of handcrafted 
taxonomies, while for CiteULike we used co-occurrence counts. 

 

 
Figure 3. Distribution of tag activation, base level and associative activation in our datasets. The top 
row shows data from CiteULike dataset, the lower row is taken from the SOBOLEO dataset  that 
was generated in the experimental study 

A first exploration of the effectiveness of our model can be done by comparing tag activation to a simple 
tag frequency measure. Tag frequency often plays a major role in tag recommendation in popular 
environments (such as in the visualization of tag clouds by tag frequency), as well as in models that are 
based on preferential attachment. We show the relation between tag activation and tag frequency in 
Figure 4. Each data point marks the level of tag activation and overall tag frequency for one specific tag. 



16    

Obviously, there is a strong relationship between the two (high frequency tags show high levels of tag 
activation), however, low to middle frequency tags do not necessarily have low activation.  

 
Figure 4. The Relation between tag activation energy and tag frequency 

In Figure 5, we show the increase or decrease of tag usage in the test period plotted against tag activation 
in the training period. As a measure for the increase/decrease of tag usage, we calculated the difference 
between the tag frequency of month 05/2007 (test period) and the tag frequency of month 12/2006 in the 
training period. Tag activation was calculated for the whole period of 01/11/2004 until 01/01/2007. For 
each of the tags of the training period, which were reused in month 05/2007, the difference in frequency 
from 05/2007 and 12/2006 is plotted against the activation at date 01/01/2007. Figure 5 shows a slight 
positive relationship, where tags with a high tag activation tend to show a higher increase in tag frequency 
The resulting Pearson correlation coefficient has a value of r=0.22, p<<0.01.Additionally, the range of tag 
activation for tags at time 01/01/2007 that were still used in month 05/2007 is from  
-8.85 to 3.5 with mean value -1.68 whereas the range of tag activation of the overall tag space is from -
11.3 to 3.62 with mean value -4.55. Thus, tags with a higher tag activation are more likely to be reused 
later compared to tags with a lower tag activation. 

 
Figure 5. Relation between difference of tag frequency of month 05/2007 and month 12/2006 and 
the tag activation 

3.4.3 Discussion 

With this second study, we have received initial support for the use of the activation equation in large 
scale real-world environments. Associative activation seemed to be normally distributed in our tag 
sample, while the distribution of base level activation followed a power law as expected (e.g. Anderson & 
Schooler, 1991). When we compare our results of the base level distribution to the tag frequency analysis 
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of the CiteULike system made by (Capocci and Calderelli, 2008), we found that both follow a power-law 
with an exponent value of 1.6. 

When plotting tag activation against tag frequency, it became apparent that there is a strong relationship 
between the two. High frequency tags necessarily have high activation. Among the low frequency tags, 
however, there was large variability in terms of tag activation. We take this as a promising indication for 
the fact that the activation equation may be able to differentiate tags better than models based solely on 
frequency. 

Lastly, we found evidence for a moderately positive relationship between increased use of tags in a test 
set and an activation model built up in a training set. This holds even though collaboration in an 
environment like CiteULike is necessarily limited as compared to our experimental setting. 

3.5  Development of a framework for crawling and analysing time-based folksonomy 
 data 

In the empirical studies described above, we tried to gain a deeper understanding of the structural aspects 
and categorization (Section 3.1) and subsymbolic processes taking place in collaborative tagging systems. 
The common functionality of these systems is that they allow users to annotate web resources with 
keywords (tags), popular systems are for example Flickr (sharing photos), del.icio.us (sharing web links), 
CiteULike or bibsonomy.org (sharing publications). Based on the popularity of these systems and the 
large number of active users over a longer period of time, they offer a large database for analyzing the 
maturing of semantic knowledge structures. We have so far focused in our research on data we gained 
from an empirical study (see Deliverable 4.1 and section 3) and real-world data from the CiteULike 
environment. Different tagging systems with a different target user group (researchers sharing 
publications, photographers making pictures publicly available, …) offer interesting aspects of semantic 
maturing which might differ for broad folksonomies (as CiteULike; many people tagging the same 
resource) and narrow folksonomies (as flickr; tagging is done by one or a few people for a specific 
resource).  

Therefore we also want to use different data sets for our analysis. Two large-scale collaborative tagging 
systems (CiteULike and bibsonomy.org) offer their complete underlying folksonomy data for research 
purposes but unfortunately systems like del.icio.us or flickr do not allow direct access to the data needed 
to analyze the underlying folksonomy.  They do not provide explicit information about the tag 
assignments, meaning who annotated which bookmark at which certain time but offer an API to access 
certain parts of their data. Therefore a framework is needed that provides an interface to those 
collaborative tagging systems by using their APIs and collect necessary data. In this section the 
development of such a framework is presented. This framework does not only allow collecting 
folksonomy data from flickr but is also a first step towards a tool supporting the analysis of data from 
different collaborative tagging systems with respect to their emergent character. In its current 
implementation it offers visualisations of several time-dependent statistics of the data. 

The Flickr service allows sharing photos and annotating them but also offers the users to publish photos 
in thematic groups. Within these groups the users can collect photos relevant for a specific topic, for 
instance photos taken in Austria or photos made in a black-and-white mode. These groups are interesting 
in the context of semantic maturing as they allow gathering and analyzing the development of 
collaborative tagging in a community setting related to a specific topic. 

The goal of this work was to develop a framework for storing and analyzing data from collaborative 
tagging systems.  The front end of the framework implements an access to the flickr group API, it enables 
the users to choose any public available flickr group from the flickr website, crawl the corresponding data 
(photos, users, tags and timestamps) and load it into the database. As the flickr data (available through the 
flickr API) does not provide information about the exact date of the tag assignment, it is assumed that the 
upload date of the photo indicates necessary information. After importing the folksonomy data, it is 
processed to calculate tag co-occurrences for the co-occurrence network. Within the framework, this 
network can be visualized as a graph, depending on the time stamp the user chooses. This enables the user 
to browse through the tag co-occurrence network for each available time stamp. Metrics for the analysis 
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of the time-based tag co-occurrence network analysis are calculated in real-time as the user chooses a 
certain tag.  

Figure 6 shows the software architecture of the framework. A php script makes use of the flickr API and 
collects folksonomy data in a MySQL database. This data is then prepared for the analysis (e.g. 
calculation of tag co-occurance, tag frequency) and visualisation part of the framework. In the  GUI of 
framework, the Javascript InfoVis Toolkit (http://thejit.org/) is used for the visualisation of the tag co-
occurance graph and the open-source library Protochart (http://www.deensoft.com/lab/protochart/) is used 
for presenting the statics in a fashionable manner. 

 

 

 
Figure 6: System architecture of the framework 

 

The following time-dependent metrics for a specific tag are offered within the current version of the 
framework: 

• Usage statistics include number of co-occurring tags, number of users for each tag, number of 
photos annotated with the tag 

• Metrics from Social Network Analysis (SNA) such as degree centrality. Degree centrality 
measures the number of neighbours (co-occurring tags) of a node (tag) in dependence of the 
overall number of nodes (tags) of the network. 

• Calculation of the basic level of a certain tag  (see section 3.2, instead of the taxonomy we used - 
as in the case of the analysis of CiteULike data - the flat tag space based on tag co-occurrence) 

Furthermore, simple tag gardening mechanisms are already included in the framework. This enables the 
users to import folksonomy data and adopt the tag vocabulary for personal needs. In this sense, it is 
possible to delete unwanted tags or rename certain tags.  With this functionality, it is possible to manually 
delete spam, unwanted tags or misspellings.  

Figure 7 shows a snapshot of the framework in its current version. 
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Figure 7: Snapshot of the framework for crawling and analysing time-based folksonomy data 
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4 Content and Usage Services: Processes of 
Accommodation and Assimilation 
For our content services, we rely on a large scale information extraction framework that applies machine 
learning algorithms (see Section 4.1 in Deliverable D4.1, and Granitzer, 2008). For usage services, we 
rely on an ontology-based context detection framework (see Section 5 in Deliverable D4.1, and Rath, 
Devaurs, & Lindstaedt, 2009a). As these have already been duly covered in previous reports, we will not 
discuss these in detail here. Rather, we are introducing a co-evolution model of collaborative knowledge 
construction recently presented by Cress and Kimmerle (2008) as a complementary perspective in content 
and usage services (Section 4.1). Based on this model and by utilizing context detection technology, we 
have devised a first experimental study on collaborative knowledge construction in a Wiki environment. 
This study will be presented in Section 4.2. 

4.1  A Co-Evolution Model of Collaborative Knowledge Construction in Wikis 

The emergent character of knowledge construction in social software environments, such as wikis, has 
recently been a focus of a model introduced by Cress and Kimmerle (2008). This model synthesizes the 
social as well as the cognitive aspects of these knowledge construction activities. In the process of writing 
as a joint activity, users generate new ideas and innovation and discuss own arguments with others. They 
construct shared meaning and build a mutual understanding (Erkens, Jaspers, Prangsma, Kanselaar, 
2005). 

Learning in this sense is always embedded in a social and cultural context (cf. Lave and Wenger, 1991; 
Vygotsky, et al., 1987). Shared digital artifacts like wikis or other social software tools are external 
representations of this social and cultural context and contain the knowledge of the corresponding 
community. External representations of knowledge reflect and stimulate individual learning processes 
within a community or an organization and lead to a development of knowledge over time.  

This conception of an evolutionary development involving both social as well as cognitive processes, and 
an interaction between internal and external knowledge representations, has been a central assumption in 
our conception of knowledge maturing and of the services supporting this process. Specifically, the model 
of Cress and Kimmerle (2008) gives us some operational ways to describe this evolutionary process.  

The co-evolution model of cognitive and social systems (Cress and Kimmerle, 2008) may be understood 
as a framework to describe knowledge processes that take place in a wiki. This model describes 
individual learning and collaborative knowledge building as a co-evolution between cognitive and social 
systems. The co-evolution model considers two relevant systems: The social system of the wiki and the 
cognitive system of a user. Both systems are independent from each other and build their border to the 
environment with help of a specific mode of operation. The social system means the communication 
within a (virtual) community that becomes manifest as written text in a digital artifact (e.g. the wiki). The 
cognitive system consists of psychological processes like learning, reasoning, problem-solving or 
perception. According to this model, both the social and the cognitive system develop over time and 
become more and more complex.  

The information in a wiki (that represents the knowledge of a community) evolves in the course of time. 
At the same time, the knowledge in an individuals cognitive system increases. This mutual development 
as a co-evolution of social and cognitive systems can be understood as knowledge building or knowledge 
maturing. Cognitive conflicts (Piaget, 1977a, 1977b) that an individual perceives are considered as the 
key incitement factor of this co-evolution. In the sense of Piaget a cognitive conflict occurs if new 
information from the environment does not fit existing knowledge. These cognitive conflicts motivate 
individuals to contribute to the wiki or to change their own knowledge structure in order to establish 
equilibrium between own knowledge and new information.  

The model by Cress and Kimmerle (2008) specifies the co-evolution process and describes two different 
processes on the basis of the ideas of Piaget: assimilation and accommodation. Assimilation means active 
shaping of the environment by interpreting and explaining current experiences, giving them a place in 
existing schemata. Accommodation means adaptation to the environment in the form of qualitatively 



   

21 

changing one’s own cognitive schemata. In Piagets understanding assimiliation and accommodation are 
processes in the cognitive system; the co-evolution model, however, expands Piaget’s point of view by 
describing accommodation and assimilation not only from the perspective of an individual’s cognitive 
system, but also from that of a social system.  

Users assimilate information from the artefact into their own cognitive schemata, and they accommodate 
by modifying their schemata induced by information from the wiki. Analogous processes of learning and 
knowledge building may take place in the social system: in the case of assimilation users add pieces of 
information from their own knowledge. This, however, will not change the basic message and structure of 
the wiki, but only add supplementary aspects. Accommodation is also possible in a wiki if users 
contribute their knowledge in such a way that the message is changed and, sometimes, new structures are 
being created. Accommodation tends to result in some qualitative modification of the artefact, whereas 
assimilation has primarily to do with quantity, introducing additional arguments or new examples but no 
fundamental innovation.  

To sum up, the co-evolution model is considered as useful framework to describe how individuals use 
digital artifacts like wikis to jointly construct knowledge. The constructed knowledge manifests in digital 
artifacts and is therefore accessible for deeper analysis. The co-evolution model is also in line with our 
understanding of knowledge maturing as a distributed cognitive activity system which involves 
cognifacts, sociofacts and artefacts (see D2.2/3.2). In fact, the processes of assimilation and 
accommodation describe interactions that happen between cognifacts and artefacts.  

The methodological approach employed in this research has to take into account both measuring internal 
as well as external representations. In addition to psychological approaches for measuring individual 
knowledge in the cognitive system (e.g. the experiment by Moskaliuk, Kimmerle, and Cress, 2009) it is 
necessary to measure processing in digital artifacts. We suggest that a number of maturing services can be 
used for this purpose. Specifically, we focus on content services (measuring the quality of a text and its 
development over time, see Section 5.3.2) as well as on usage services (monitoring all user interactions 
with the wiki as part of an ontology-based task classification approach, see 5.4.1.2).  

4.2  Assimilation and Accommodation in Collaborative Knowledge Construction: An 
 Experimental Study 

The main goal of the current study2

4.2.1 Method 

 is to examine how accommodation (as opposed to assimilation) 
happens in detail within a wiki system and how knowledge maturing may be analyzed in an automatic 
way. We started with a qualitative assessment of user interactions on knowledge artefacts based on expert 
observations. In order to identify features for accommodation actions we designed a study where 
participants had to work with a wiki and add new information. Then, we developed an approach for the 
selection of (quantitative) interaction-based features in order to detect accommodating activities as 
maturity. 

We designed a research setting in which participants had to work with a wiki and add new information or 
adapt existing information. The wiki and the additional information were presented at people's computers. 
The additional information was presented in the form of short arguments that participants could browse. 
In order to induce cognitive conflicts, the existing information in the wiki and the new information 
contradicted each other. This was supposed to provoke accommodation processes. Our approach was to 
train an ontology-based task detection tool (presented below, see also D4.1 and Rath et al., 2009a) in 
order to detect these processes automatically from low level user interactions when participants interacted 
with the wiki.  

                                                      
2 This study was performed in collaboration between the Knowledge Media Research Center (KMRC) in Tübingen 
(Germany), the Know-Center Graz and the MATURE team of TU Graz. Funding for KMRC and Know-Center 
came from the STELLAR NoE and was conducted as a STELLAR Small-scale Study. Funding for TUG came from 
the MATURE project. 
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Participants had a total of 50 minutes to edit the wiki, the complete study lasted about 90 minutes. 
Participants were instructed to use the provided laptop computers to be operated via the attached mouse 
and the keyboard. Participants then started by viewing a welcoming page after which they had to click 
through several information and instruction pages regarding further details about the study and the 
difference between qualitative (accommodation-like) and quantitative (assimilation-like) changes they 
would make.  

Participants' task was to complete a given text of a wiki (initial state text), so that a scientifically balanced 
article about violent computer games and their possible danger for users and the society would result. 
Two windows were available for the participants during the study: a wiki page and a page with the 
additional information. Those two windows were accessible through two tabulators at the top of the page. 
The wiki page (wiki-tab) presented a text that, initially, was biased toward a contra violent computer 
games position. Here, only the risks and dangers of violent computer games were presented. The page 
with the additional information (info-tab) contained ten different arguments that were biased towards a 
pro violent computer games position. These arguments invalidated the arguments in the wiki text or 
explained why the contra points were one-sided or wrong. Participants could copy, paste, delete and edit 
the text freely or type in new text. Participants are instructed to click on save each time they finished 
alterations belonging together. We expect that this would lead to single editing tasks. Each editing task 
could be rated on the dimension of assimilation and accommodation by the participants themselves (user-
ratings), by experts on the same dimensions (expert-ratings), and could be measured using readings-
scores.  

User-Ratings: Whenever a participant clicked on “save”, a box popped up. In this box, one had to make 
two rating of the changes between the last and the present saving point (one single transformation), on a 
five-point Likert scale. The first rating is about “qualitative text-changes”, scale ranging from “no 
qualitative changes” to “many qualitative changes” (accommodation-like transformation), the second is 
about “quantitative text-changes”, scale ranging from “no qualitative changes” to “many qualitative 
changes” (assimilation-like transformation).   

Expert-Ratings: Each transformation was rated by two independent experts on the same dimension like 
the user-ratings (qualitative text-changes; quantitative text-changes) on a five-point Likert scale. The 
overall correlation between the ratings of the two experts was significant. The correlation for the two 
accommodation ratings was racc(156)=.797, p<.01; for the assimilation rating, the correlation was rass(156) 
=.741, p<.01. For further analysis we build an average of the two rating for each transformation.   

Reading-Scores: The objective of computing reading scores is to analyze content to facilitate the 
assessment of the maturity of a document. Reading scores are calculated from quantitative metrics like 
sentence length, number of syllables or number of words. We applied the Flesch Reading Ease test (Si 
and Callan, 2001), the Gunning fog index (Gunning, 2004), and the Flesch–Kincaid readability test 
(Flesch, 1948) to each transformation (see Section 5.3.2.1). In this study we calculated the reading scores 
in order to test if they can be used as an indicator for assimilation/accommodation. More specifically, we 
computed the reading scores on the state of the document before the transformation and after the 
transformation. For each reading score we subtracted the respective resulting values, which we used as 
one of the variables for the correlation. The second variable for the correlation computation was the 
average over the accommodation ratings of the two experts. Since the used variables showed no normal 
distributions we used the rank order correlations. The results showed no significant correlations.   

4.2.1.1 Ontology-based Task Detection 

The goal of this research setting was to collect data on the basis of which we could develop an approach 
for the selection of features of the interaction-based context. The purpose was to detect accommodation 
automatically from these interactions and thereby obtain measures for maturity indicators. We used a 
context-aware system for observing users in performing changes to the wiki page. This observation is on 
a fine granular level that takes user interactions with the wiki into account. For discriminating different 
levels of accommodation for wiki transformations, we applied a classification task. Our goal is to classify 
each transformation of user as high, medium or low in accommodation. We solved this task classification 
problem based on the following steps (illustrated by Figure 8): (i) The user context data is captured by 
system and application sensors. (ii) Features, i.e. parts of this data, are chosen to build classification 
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training instances, which is done at the task level. (iii) To obtain valid inputs for machine learning 
algorithms, these features are first transformed into attributes. This transformation may include data 
preprocessing operations, such as removing stopwords and application specific terms, or constructing 
word vectors. (iv) Attribute selection (optional step) is performed to select the best discriminative 
attributes. (v) Finally, classification/learning algorithms are trained and tested.  

 
Figure 8: The user interaction context ontology task detection pipeline (UICO pipeline) starting 
from (1) the automatic unobtrusive user interaction observation mechanisms to (4) detecting the 
user's task. The automatic population of the user interaction context model (2) is displayed in two 
ways (i) the instantiation of entities in the conceptual model (conceptual view) and (ii) in the 
ontology model (ontology view). In (3) the feature engineering process for transforming a task 
instance into a training instance is shown. The training instance is further fed to attribute selection 
and learning algorithms for (4) detecting the task 

The first step of the detection process consists in capturing the "user context". Our view of the "user 
context" goes along with Dey's definition that context is "any information that can be used to characterize 
the situation of entities that are considered relevant to the interaction between a user and an application, 
including the user and the application themselves" (Dey et al., 2001). We refine Dey's perspective by 
focusing on the user interaction context that we define as "all interactions of the user with resources, 
applications and the operating system on the computer desktop. Resources are digital artifacts on the 
computer desktop, e.g., documents, web pages, e-mails, persons, appointments and notes." (Rath et al., 
2009). 

A context model is needed for storing the user context data in a machine processable form. We have 
defined a user interaction context ontology (UICO) (Rath et al., 2009a) (for details see Deliverable D4.1, 
Section 5.2 and 5.3). From a high-level perspective, the concepts of our ontology can be grouped into five 
different dimensions: the action dimension, the resource dimension, the user dimension, the information 
need dimension and the application dimension.  

The action dimension consists of concepts representing user actions, task states and models. The Action 
concept is refined by the sub-concepts Event, EventBlock and Task. Examples of user Event sub-concepts 
are Print, Close, Save, Copy, Paste, Cut, WebSearch, Post, Reply and Forward. The resource dimension 
contains concepts for representing resources on the computer desktop. Examples of possible Resource are 
File, TextDocument, Presentation, Spreadsheet, E-Mail, Folder, Person, Location, Organization and 
OnlineResource. The user dimension contains only the User and Session concepts. It is related to the 
action dimension in the sense that each Action is associated with a User via the objecttype relation 
hasUser.  

The information need dimension represents the context-aware pro-active information delivery aspect of 
the UICO. An information need is detected by a set of fixed rules based on the available context 
information (Rath et al., 2007). This dimension is not used during our wiki study. The application 
dimension is a "hidden" dimension because it is not modeled as concepts in the UICO. This dimension is 
present in such a way that each user interaction happens within the focus of a certain application, e.g., the 
user's desktop, Microsoft Word or the Microsoft Windows Explorer.  
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For a user it is not convenient to manually enter the data about her context on such a fine-granular level. 
Hence semi-automatic and automatic mechanisms are required to ease the process of 'populating' the user 
interaction context ontology. 

4.2.1.2 Feature Engineering  

50 features were engineered based on the concepts and relations of the user interaction context ontology 
(UICO). These features can be grouped in six categories: (i) ontology structure, (ii) content, (iii) 
application (iv) resource, (v) action and (vi) switching sequences. The ontology structure category 
contains features representing the number of instances of concepts and the number of datatype and 
objecttype relations used per task. The content category consists of the content of task-related resources, 
the content in focus and the text input of the user. The application category contains the classical window 
title feature (Oliver et al. 2006; Shen et al., 2006; Lokaiczyk et al., 2007; Granitzer et al., 2008) the 
application name feature (Granitzer et al., 2008) and graphical user interface elements (accessibility 
objects2) features. The resource category includes the complete contents and URIs (URLs) (Shen et al., 
2006) of the used, referenced and included resources, as well as a feature that combines all the metadata 
about the used resources in a 'bag of words'. The action category represents the user interactions and 
contains features about the interactions with applications (Granitzer et al., 2008), resources types, 
resources, key input types (navigational keys, letters, numbers), the number of events and event blocks, 
the duration of the event blocks, and the time intervals between event blocks. The switching sequences 
category comprises features about switches between applications, resources as well as event and resource 
types. 

A complete listing of all features with a short description is given in Figure 9. 

 
Figure 9: 50 features classified into 5 feature categories used for this study. All features were 
extracted based on the user interaction context ontology (UICO). E and EB stand for event and 
event block respectively. 

The next step of the ontology-based task detection pipeline is to detect the task based on the features 
engineered from the populated UICO. In case of this study, for each transformation of a study participant 
a new training/class instance is built. The training instances are given to machine learning algorithms to 
train/build a classification model and then to decide to which class another training instance belongs to. 
The classes are low, medium and high accommodation. 

4.2.2 Results  

The participants were 10 graduate students from Germany their mean age was 25.30 (SD=0.51). 4 of 
these were women, 6 were men. During the wiki study we recorded a dataset of 158 editing tasks. Each 
participant saved on average 15.8 (SD=7.29, min=7, max=26) editing tasks.   

As reported above, the correlations between the two independent experts for each transformation were on 
a high level. We understand this as evidence for the validity of the expert ratings and as a hint that it is 
possible to estimate one single transformation on the basis of the concept of accommodation and 
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assimilation. However, there was also a high correlation between assimilation and accommodation for the 
expert ratings: r(156)=.826, p<.01). This is basically in line with the results from Moskaliuk et. al (2009) 
who reported correlations between assimilation and accommodation on a medium level. On basis of this 
result, we assume that assimilation and accommodation processes are tightly connected. One can only 
integrate new information in the existing wiki on the wiki-tab if as a first step new information is added 
from the info-tab to the wiki-tab. In our setting assimilation is a precondition for accommodation and its 
therefore not possible to measure this two processes independently. 

As a consequence of these results we decided to build the classes for the machine learning pipeline based 
on the average (accommodation) ratings of the two experts. This is described in detail in the following 
sections.  

For each editing tasks of a study participant a new training/class instance for the machine learning 
algorithm is built based on the recorded usage data. During the study we recorded a dataset of 158 
transformations. For 19 transformations the log files show now difference between the two versions and 
were excluded from further analysis. Based on the average accommodation ratings of the two experts we 
divided the 139 transformations in equal thirds using the terzils. The leads to three classes; we computed 
the boundaries of the classes with low<=1.5; medium<=2.5; high>2.5 (based on the average 
accommodation ratings of the two experts). This leads to the following 3 classes representing different 
levels of accommodation: high accommodation (54 class instances), medium accommodation (55 class 
instances), and low accommodation (30 class instances). 

We studied the Naive Bayes (NB), Linear Support Vector Machine (SVM), J48 decision tree (J48) and k-
Nearest Neighbor (KNN-k) with k ∈ {1,5,10,35} algorithms. 

A stratified 10-fold cross-validation for each feature category, for all feature categories combined, each 
single feature as well as the k top performing single features was performed. The evaluation results show 
that a combination of four UICO features achieved an accuracy of 79.12% with the Naive Bayes 
algorithm for detecting low, medium and high accommodation tasks.  In comparison, the probability of 
randomly guessing whether a transformation belongs to the low, medium and high accommodation class 
is 39.57% on our dataset. This means that by applying the ontology-based task detection approach 
significantly improves the accuracy. 

4.2.3 Discussion & Conclusion 

The first goal of our study was to measure the quality of text as an indicator for knowledge building 
within communities and to identify ‘accommodation patterns’ (as opposed to ‘assimilation patterns’). 
Based on the ratings of two experts we could distinguish among three classes of low, medium and high 
accommodation. The ontology-based task detection approach – that was applied in order to answer this 
identification question yielded an identification rate of 79.12%. This significantly surpassed classification 
by chance. In contrast, correlation between reading scores and accommodation ratings was not 
significant. 

This was the first step for developing methods for the automatic detection of accommodation processes as 
indicators for knowledge building and knowledge maturing. The results of our study led to the 
conclusion, that it is possible to detect the accommodation level of a wiki text transformation with only a 
small ratio of features. This allows an efficient detection of text maturing and knowledge building on the 
basis of user behavior. 

This study looked specifically at internal and external knowledge representations, that is the interaction 
between artefacts and cognifacts. Drawing on Luhmann (1986), Cress and Kimmerle (2006) also describe 
the knowledge building process as a social process. It would therefore be essential to also study the 
communication processes around collaborative construction of knowledge. As our future work, we plan to 
analyze a broader set of communication facilities as part of the wiki (see e.g. Demonstrators 1 and 2 in 
D2.2/3.2). For example, the structured dialogues as employed in Demonstrator 2 may reveal more clearly 
assimilation and accommodation processes in the communication patterns.  
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5 Prototype: A Collection of Knowledge Maturing 
Services 
In this chapter we present all knowledge maturing services where the work is currently planned, ongoing 
or finished. Section 5.1 gives an overview on the status. The subsequent sections then present details on 
the methodological and technical implementation. The services have been developed as web services and 
are available in a distributed service environment. By providing the Maturing Services on the web, all 
other project internal applications (Demonstrators/Design Studies) can access the services to use maturing 
functions or to share semantic data with other applications. 

In each of the service descriptions, we also relate the technical development to the work on Knowledge 
Maturing Indicators (see Deliverable D1.2, section 3.3.6, for a more in-depth discussion). As a reference, 
Section 5.5 includes an overview of all Indicators used in the demonstrators and planned or implemented 
as maturing services. 

5.1  Overview of Maturing Services 

 Service Name Service Category Related 
Demon-
strator  

Hosted 
by 

Related to 
D4.1 
Services 

Status of 
Develop-
ment 

MS-S01 Gardening service 
for Semantic 
Structures 

Structure / 
Maturity Analysis 
and Support 

D1-3 TUG MS 1.1.1 planned 

MS-S02 Task Similarity  Structure / Task 
Similarity 

D4 SAP MS 1.1.2 ongoing 

MS-S03 Keyword 
Recommendation 
Service 

Structure / 
Semantic 
Similarity 

D1 TUG MS 1.2.3 ongoing 

MS-S04 Tag 
Recommendation  

Structure/ 
Recommendation 

D1 TUG MS 1.3.1 ongoing 

MS-S05 Ontology 
Gardening 
Recommendation  

Structure/ 
Recommendation 

D2/D3 FZI MS 1.1.1 ongoing 

MS-S06 Historical Case 
Service 

Structure / Task 
Recommendation 

D4  FHNW MS 1.1.2 finished 

MS-C01 Readability 
Indicator Service 

Content/ Maturity 
Analysis 

D1 TUG MS 2.1.1 finished 

MS-C02 Classification 
Service 

Content/ 
Information 
Extraction 
Services 

D1 TUG MS 2.2.5 finished 

MS-C03 Clustering Service Content/ 
Information 
Extraction 
Services 

D1 TUG MS 2.2.6 planned 

MS-C04 Document 
Similarity Service 

Content/ 
Similarity 

D1 TUG MS 2.2.7 finished 

MS-U01 User Logging and 
Modeling  

Usage / User 
Modeling 

all TUG MS 3.1.4 ongoing 

MS-U02 Topical User 
Model 

Usage / User 
Modeling 

D3 FZI MS 3.1.4 ongoing 
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MS-U03 Expert Ranking 
Service 

Usage / User 
Modeling 

D3 FZI MS 3.1.3 ongoing 

MS-U04 Process Tracking  Usage / Task 
History 

D4 FHNW MS 1.1.2 ongoing  

MS-U05 Process Mining  Usage / Task 
History 

D4 FHNW MS 1.1.2 planned 

MS-U06 Task Detection  Usage / Task 
History 

D1 TUG MS 1.1.2 planned 

MS-U07 Resource History  Usage / Resource 
History 

D1 TUG MS 3.1.6 ongoing 

 

5.2  Structure Services    

5.2.1 Similarity Services  

5.2.1.1 Gardening service for Semantic Structures  

Short Description 

Services for gardening of semantic structures can be seen as services supporting the users in keeping the 
knowledge base up-to-date, concise and accurate.   

Service Description as planned or implemented in the Demonstrator 

Planned for Demonstrators 1-3 

Relevance for Knowledge Maturing 

The concept of “tag gardening” is commonly used to describe processes of manipulating and re-
engineering folksonomy tags in order to make them more productive and effective in case of structuring 
information and information retrieval through tags in collaborative tagging systems.  

This service supports the following Knowledge Maturing Indicator 

- 

Algorithm details 

(Peters et al., 2008) introduce several “gardening activities” for folksonomy enrichment and maintenance. 
These activities include basic formatting as “weeding activities” like elimitation of misspellings or spam 
detection; “seeding activities” to bring more specific tags into the tag space for improving information 
retrieval and finally “fertilizing activities” to achieve a common vocabulary through for example 
vocabulary control, tag clustering or extraction of hierarchical structures. On the basis of the ideas for tag 
gardening, we plan to provide gardening services for semantic structures on different levels of 
formalization. See also section 3.1 for a more detailed description of theoretical models we plan to build 
on. 

Services in this area will draw on three different perspectives:  

• Enrichment of semantic structures: Supports the process from folksonomies to (lightweight) 
ontologies. 

• Refinement of semantic structures: Include for example the detection of concepts whose 
subconcepts should be reorganised based on the model of (Steyvers and  Tenenbaum, 2005) 

• Keeping semantic structures up-to-date: A crucial part of human memory and information 
retrieval is the process of forgetting. These subsymbolic aspects were discussed in section 3.3 and 
tested in the related study. 
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This service will be provided on an individual level and on an organisational level. 

The following services provide input to this service 

N/A as this is a planned service 

This service provides output to the following service 

N/A as this is a planned service 

Implementation and hosting details 

The service will be implemented and hosted at TUG and will be available on the internet for MATURE 
partners. To provide the service as open source is planned for future. 

5.2.1.2 Task Similarity Service 

Short Description 

Computes the similarity between tasks.  

Service Description as planned or implemented in the Demonstrator 

The service tries to compute the similarity of two tasks utilising the information associated with tasks and 
domain heuristic rules. String similarity is leveraged as the baseline algorithm when comparing two tasks. 
Task related information serves to refine the similarity values. On top of this, domain-specific heuristic 
rules capture user preferences and help to compile the final similarity scores.  

Relevance for Knowledge Maturing 

An important aspect of process knowledge maturing is to identify and recommend accomplished tasks 
that are close enough to the problem/task at hand. In practice, we acquire process knowledge through task 
execution and accumulate process knowledge by memorising unique characteristics of these tasks that 
have been completed.  

When facing a new task, instead of starting everything from the scratch, we tend to situate this task into 
our past experience, identify the resources (e.g. documents, webpages, human contacts, etc.) that can be 
reused, and tune such resources against the particular needs put forward by the new task.  

Task (pattern) similarity service is essentially a similarity algorithm of structure information in general. 
When fully deployed, it allows us to support knowledge workers in process knowledge maturing as well 
as the similarity computation needed in the maturing of other types of knowledge. 

This service supports the following Knowledge Maturing Indicator 

• A resource was selected from a range of resources. (I.Di.6) 

Algorithm details 

In MATURE year 1 as part of the maturing services we defined  the identification of similar tasks as one 
of the fundamental technolgies underlying task (pattern) management as well as process management 
with respect to process maturing (see Deliverable D4.1). To detect task similarities, we define a global 
similarity function Sim(Ta,Tb) as a representation of the similarity of two tasks (Equation 5). 

𝐒𝐒𝐒𝐒𝐒𝐒(𝐓𝐓𝐚𝐚,𝐓𝐓𝐛𝐛) = �𝛚𝛚𝐀𝐀𝐀𝐀𝐀𝐀𝐧𝐧 ∗ 𝐒𝐒𝐒𝐒𝐒𝐒𝐀𝐀𝐀𝐀𝐀𝐀𝐧𝐧(𝐓𝐓𝐚𝐚,𝐓𝐓𝐛𝐛)
𝐧𝐧

𝐒𝐒=𝟏𝟏

 (Equation 5) 

Where, SimAtt_n(Ta,Tb) is the similarity value of task attributes (from Att1 to Attn). Tasks are described 
using attributes. SimAtt_n(Ta,Tb) compares corresponding individual attributes (Att_1 … Att_n) of two 
tasks (Ta, Tb). When comparing attributes, we use the Jaccard Similarity algorithm to compute the string 
similarity. For instance, if the task name (attribute) of Ta and Tb is literally equivalent, the similarity 
value equals 1. Conversely, the value is 0 when no common words are shared in the attributes.  

SimAtt_n(Ta,Tb) returns a number of task attribute similarity values that are in the range of 0 and 1. 
Depending on user defined rules, these similarity values are assigned with different weights ωAtt_n that 
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represent the importance of task attributes in similarity calculation and the values are dynamically 
changing overtime. This is because different attribute may have different impact on similarity, depending 
on context. Hence, we define a function to calculate the value of ωAttn in (Equation 6).    

𝛚𝛚𝐀𝐀𝐀𝐀𝐀𝐀𝐧𝐧 =
𝟏𝟏
𝐧𝐧 + 𝛄𝛄𝐧𝐧

∑   𝟏𝟏 𝐧𝐧 + 𝛄𝛄𝐧𝐧𝐧𝐧
𝐒𝐒=𝟏𝟏

 (Equation 6) 

where n is the number of compared task attributes and 1/n is the mean value of task attribute importance. 
All attributes will be weighted by 1/n if no user defined rules can be applied to the similarity comparison 
process. In this case, all task attributes are equally important and the value of γ_n equals 0. The value of 
γ_n is a parameter defined by users with respect to the importance of a task attribute. For example, a user 
can use a rule-based approach to specify that the weight (ωAtt_1) of task attribute (Att_1) has big impact 
(90%) on task similarity calculation between Ta and Tb, and then γ1 will be assigned the value of 0.9. 
The sum of ωAtt1+…..+ωAttn must equal to 1. So far, such rules are manually specified by domain 
experts. We are investigating methods to detect domain heuristics that can (semi)automatically generate 
such rules. 

The following services provide input to this service 

Input of this service come from two sources: i) (local or remote) task repository from Demonstrator 4 
where tasks are represented in TDO ontology and retrieved with SPARQL and ii) historical cases (Section 
5.2.3.3. The development is undergoing. 

This service provides output to the following service 

At this moment, this service is under evaluation and its output is not linked to other MATURE services. 
The similarity result can be fed into the planed process mining services and historical case services to 
support search and retrieval in existing case/process repositories. It can also serve the visualisation 
services developed in D1, e.g. the browser widget. The integration will be investigated in Year 3. 

Implementation and hosting details 

The service is implemented and evaluated by SAP. We are current working to finalise it and expose it as a 
service hosted at SAP. This service will not be available under open source licences.  

5.2.1.3 Keyword Recommendation Service 

Short Description 

Given a certain tag, this service provides (if possible) a list of possible synonyms and hyponyms based on 
lexical databases and already existing organisational tags (tags that were already used for annotation 
within the organisation).  

Service Description as planned or implemented in the Demonstrator 

This service aims to support the user in finding relevant information by providing additional search 
keywords to the one entered. Additional search keywords are synonyms and hyponyms extracted from a 
lexical database (Wordnet3

Relevance for Knowledge Maturing 

).  

Finding relevant information is a necessary aspect of knowledge maturing.  This service improves 
information retrieval as it provides the users with additional keywords they might not have thought about. 
This includes synonyms and hyponyms as well as search keywords from the already existing 
organisational vocabulary. In this way the users are supported in finding relations to additional relevant 
keywords 

                                                      
3 http://wordnet.princeton.edu/  

http://wordnet.princeton.edu/�
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This service supports the following Knowledge Maturing Indicator 

• A resource was selected from a range of resources. (I.Di.6) 

Algorithm details 

This service supports the search of relevant artefacts based on a tag hierarchy with respect to broader tags 
and similar tags (see for example section 3.1 where we discussed categorization in semantic networks or 
section 3.2 where we described an experimental study in which we analyzed the effect of base level of a 
tag). Given an entered search keyword, this service connects to the lexical database (WordNet) and sends 
a search query for synonyms and hyponyms of that keyword. In addition to that, it compares the result of 
the search query with the organisational tag space, calculates the intersection of both term sets (synonym 
and hyponym set and set of all organisational tags) and returns relevant additional search terms. If there is 
no intersection of both term sets, it returns the full list of possible synonyms and hyponyms. 

The following services provide input to this service 

Tagging Service of Demonstrator 1 

This service provides output to the following services 

Tagging Widget, Search Service, Gardening Widget 

Implementation and hosting details 

The service is implemented and hosted at TUG, it is available on the internet for MATURE partners. This 
service is also available as subservices, providing only the synonyms or the hyponyms of a given tag. To 
provide the service as open source is planned for future.  

Future plans 

As keywords for search are normally based on natural language, existing lexical databases with synonym 
and hyponym relations often do not contain enough data to reflect emerging terms, concepts and relations 
between them. We plan to extract necessary information from collaborative tagging in order to provide 
recommendations for broadening search queries. 

5.2.2 Recommendation Services 

5.2.2.1 Tag Recommendation Service 

Short Description 

During the annotation process of a document, a user is supported with appropriate tag recommendations 
to achieve a consistent personal and organisational tag vocabulary. The goal of this service is to provide 
cognitive plausible recommendations. 

Service Description as planned or implemented in the Demonstrator 

Demonstrator 1 includes a Tagging Widget that enables users to easily add keywords to documents or 
web resources, discussions or collections of resources. As soon as a user starts annotating, this service is 
called to provide the user with appropriate tag recommendations to achieve a common tag vocabulary. 

Relevance for Knowledge Maturing 

Development of a coherent common vocabulary fosters the knowledge maturing process of semantic 
structures. Furthermore, recommendation of already existing tags (user specific and/or organisational 
specific) within the system supports information retrieval and collective sensemaking process. 

This service supports the following Knowledge Maturing Indicator 

• A resource was selected from a range of resources. (I.Di.6) 

Algorithm details 

In Deliverable D4.1 we highlighted and discussed the effects of tag recommendations with respect to 
collaborative tagging systems and the development of a common understanding of a tag vocabulary. In 
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addition to that, we empirically found evidence of a cognitive plausible tag recommendation based on the 
tag activation, see section 3.3 and 3.4. In its current implementation, this service extracts the most 
frequent user specific tags and the most frequent organisational tags and returns a combined list of tags 
for recommendation. 

The following services provide input to this service 

Tagging service 

This service provides output to the following services 

Tagging service 

Implementation and hosting details 

The service is implemented and hosted at TUG, it is available on the internet for MATURE partners. To 
provide the service as open source is planned for future. 

Future plans 

The goal of this services is to provide cognitive plausible tag-recommendations to push the interaction 
process within a collaborative tagging system (storage and retrieval, finding relevant people and 
documents) towards a more effective and efficient way.  As we could show in an experimental section, 
for details see 3.2, it is necessary for effective tag recommendation one need to take tag specificity into 
account. In section 3.1 we presented profound several semantic network theories we plan to build on. 

5.2.2.2 Ontology Gardening Recommendation Service 

Short Description 

Compute recommendations for improving a SKOS ontology.  

Service Description as implemented in the Demonstrator 

This service computes a priorized list of suggestions for improving a SKOS ontology based on the 
ontology itself and information on its application. There are five different types of recommendations: 

• concepts with identical labels 

• concepts without any description 

• concepts without a label in the user’s language 

• concepts not used for annotation  

• broader-narrower relationship detection 

Relevance for Knowledge Maturing 

For structure or ontology maturing it is necessary to provide assistance and recommendations for 
gardening activities, i.e. which help the user to identify where to cleanse the structure or where 
information is missing. This service provides such recommendations. 

This service supports the following Knowledge Maturing Indicator 

N/A 

Algorithm details 

• Concepts with identical labels: analyzes the ontology for string identicalness of the labels of two 
concepts, i.e. the following cases to be checked: 

• C1.prefLabel = C2.altLabel 

• C1.prefLabel = C2.hiddenLabel 

• C1.altLabel = C2.altLabel 

• C1.altLabel = C2.hiddenLabel 
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• C1.hiddenLabel = C2.hiddenLabel 

• Concepts without any description: analyzes the ontology for concepts without a description 

• Concepts without a label in the user’s language: analyzes the ontology for concepts that don’t 
have preferred label in the user’s language 

• Concepts not used for annotation: analyzes the ontology for concepts that currently are not used 
for annotation, i.e. no resource (e.g. web document, dialog or person) is annotated with a specific 
concept 

• Broader-narrower relationship detection: computes for given concepts a list of potential broader 
concepts. This is based on a combination of string similarity and k-nearest neighbor. We define a 
recommendation confidence value: 

Wh (Ci, Ct) = αW(Ci, Ct) + (1 − α)SSA(Ci, Ct) (Equation 7) 

Where W(Ci, Ct) is the Jaccard similarity of target concept Ct and any other concept Ci. SSA is 
defined as the reverse of shortest path distance between the broader-narrower concepts. 
SSA(Ci, Ct) tries to capture how the new target concept fits into the existing ontology hierarchy 
based on the location of similar (k-nearest) concepts. And α is a combination parameter 
specifying the weight of string similarity in the combined measure.  

In detail SSA(Ci, Ct) is a degree of broader-narrower relationship between the target concept and 
all other concepts in the ontology: 

SSA(Ci, Ct) =  
∑ SSA(Ci, Cn) ∗ sim(Ct, Cn)Cn∈N

∑ sim(Ct, Cn)Cn∈N
 

(Equation 8) 

Where SSA(Ci, Cn) represents the reverse shortest path distance between all existing broader-
narrower concepts in the ontology, which are weighted by the corresponding similarity 
sim(Ct, Cn), the similarity between each existing concept and the new target concept. Where we 
use the cosine similarity measure for the resources a concept is associated with.  

The following services provide input to this service 

N/A 

This service provides output to the following service 

The SOBOLEO gardening recommendation UI service displays the recommendations computed by this 
service. 

Implementation and hosting details 

The broader-narrower relationship detection is developed together by FZI and SAP. All parts of the 
service are implemented and hosted by FZI. It is available on the internet for MATURE partners. This 
service is currently not planned to be available under open source licences.  

5.2.3 Task Recommendation 

5.2.3.1 Historical Case Service 

Short Description:  

Searches for historical cases based on the given input. 

Service Description as implemented in the Demonstrator: 

When working on specific tasks, it might be helpful to get information about historical cases. They give 
information about how the tasks and process have been performed in the past and also offers an additional 
basis for decision making. A historical case represents a finished instantiation of a process. The historical 
case service searches for and returns an historical case that is similar to the given case. This service has 
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been implemented for the first application case in Demonstrator 4. However, the service can be easily 
reused for other applications with slight adaptations.  

Relevance for Knowledge Maturing: 

Automatic recommendation of existing knowledge within the system supports the individual and 
organisational learning. 

This service supports the following Knowledge Maturing Indicator: 

• Process was documented (I.Pr.4) 

• Person has contributed to a "project" (I.Pe.1) 

• Resource was selected from  a range of resources (I.Di.6) 

Algorithm details: 

See Deliverable 4.1 for a theoretical framework on Process Maturing. In its current status the service gets 
an input and searches for an historical case in an ontological repository applying SPARQL queries. The 
URI of the historical case(s) which suite(s) best is returned.  

The following services provide input to this service: 

• The web service "KISSmir Agile Process Service" (see D 5.3 for more details) delivers the 
needed input. 

• Any service who intends to use the service. 

This service provides output to the following services: 

• The web service "KISSmir Agile Process Service" (see D 5.3 for more details) catches the output. 

• Any service who intends to use the service. 

Implementation and hosting details 

The service has been developed and is hosted by FHNW and is currently used in Demonstrator 4.  It 
interacts with the KISSmir Persistence Service, the KISSmir Agile Process Service and the KISSmir 
SPARQL Service. The service will be provided as open source. For all MATURE partners it will be 
available via the knowledge bus. However, the repository from where the historical cases are tracked 
needs to be filled with data first. 

Future plans 

We will enhance of the web services in order to extend the search functionality. 

5.3  Content Services   

For analyzing textual content, we rely on an existing knowledge discovery framework, the KnowMiner 
framework (see Section 4.1 in D4.1, and Granitzer, 2006). KnowMiner is being developed by the 
Technical University of Graz in cooperation with the Know-Center Graz. The KnowMiner framework 
provides services for information extraction from several types of documents by applying machine 
learning algorithms. In the context of Knowledge Maturing, the framework can be used to extract 
(semantic) structures from documents containing natural language. This enables us to analyze and support 
the maturing process for contents, semantic and process structures. Furthermore the transfer of knowledge 
in organizations can be investigated by means of similarity measures between texts and text fragments. In 
the next chapter, we will briefly present the conceptual foundations of this knowledge discovery 
framework. We will then show how we have applied it in the context of the developments of the 
MATURE project to support knowledge maturing in organizational settings. 
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5.3.1 Content Maturity Analysis Services 

5.3.1.1 Readability Indicator Service 

Short Description 

Calculates the readability of a given text. 

Service Description as implemented in the Demonstrator 

Two metrics for readability scores are offered in this service. Both of them analyze text samples: In the 
Flesch Reading Ease Score, higher scores indicate material that is easier to read while lower numbers 
mark passages that are more difficult to read. The second score, the Gunning fog index, is an indication of 
the number of years of formal education that a person requires in order to easily understand the text on 
first reading. 

Relevance for Knowledge Maturing 

Quantitative and qualitative parameters or a combination of them are the basis for the assessment of the 
maturity. In case of content we assume that the readability and the maturity have a strong correlation. Past 
research has shown that the reading scores correlate with the quality of the text (Agichtein et al.,2008). 
There are two objectives in using reading ease scores. One the one hand the indicator should provide a 
tool for assessing text quality during editing. So the user can identify easily passages and documents that 
need an improvement of quality. On the other hand maturing indicators are crucial for the evaluation of 
the demonstrators. In order to evaluate the maturity of the content before and after using the demonstrator 
and so to evaluate the maturing support provided by the demonstrator indicators are needed. 

This service supports the following Knowledge Maturing Indicator 

• Resource was created by integrating parts of other digital resources (I.Di.7) 

Algorithm details 

The algorithm is based on quantitative text measures like number of sentences, number of words, words 
per sentence or siblings per word. These values are calculated using the text mining framework 
KnowMiner which is also used for classification and clustering purposes (see section 6.4.1 Information 
Extraction Services). 

The formula for the Flesch Reading Ease Score (FRES) test is (Si & Callan, 2001): 

 
(Equation 9) 

The Gunning fog index measures the readability of a sample of English writing. The resulting number is 
an indication of the number of years of formal education that a person requires in order to easily 
understand the text on the first reading. The Formula is: 

 
(Equation 10) 

The following services provide input to this service 

All frontend services that contain textual content, Browse Widget, Collection Widget... 

This service provides output to the following services 

Readability Indicator Widget, Summary Widget, these widgets show the readability score for the focused 
content. 

Implementation and hosting details 

The service is implemented and hosted at TUG, it is available on the internet for MATURE partners. To 
provide the service as open source is planned for future. 

http://wiki.mature-ip.eu/index.php/Image:Flesch.png�
http://wiki.mature-ip.eu/index.php/Image:Gunfog.png�
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5.3.2 Information Extraction Services 

5.3.2.1 Classification Service 

Short Description 

Classifies content to a given set of articles. 

Service Description as implemented in the Demonstrator 

This service annotates content of single information entities. It extracts named entities like persons, places 
or organizations from text content. Information extraction makes implicit information stored in 
unstructured text computer processable. Information extraction results provide additional faceted 
dimensions for search results and can be used to discover additional relationships between information 
entities. Processing is done by sending a document through a pipe of processing algorithms and providing 
the generated annotations within our common data structure.  

For users an important task in projects is to search for information. Information retrieval tasks are well 
understood, fast and accepted by users. Mostly the results are shown in lists ranked by relevance to a 
query. For each result some metadata is provided along a content overview, such as a snippet. Faceted 
search approaches add additional orthogonal aspects to search results like presenting persons or 
geographic locations mentioned within these results. This provides users with multiple views on the 
search result set. In our framework an index service is used to store the content of information entities in a 
structure appropriate for searching. The service allows specifying which content aspects are stored in 
which searchable fields and how they can be queried (for instance in a case sensitive or insensitive 
manner).  

Depending on the content of an article, the system analyses used words and their frequencies to 
recommend the most used keywords as tags for the article. In order to categorize articles, the system 
suggests already existing categories which corresponds best to the newly created content. Additionally, 
the user can add a certain category which seems to be appropriate and can train the service with this 
category such that the system can suggest this category in future for appropriate and related articles.  

career
 

The categorization bar is based on the classification services described in section MS 2.2.5. The 
recommended category can be added to the article by clicking the add button. The user is enabled to 
improve the precision of the classifier by training the classifier using the learn function. 

Relevance for Knowledge Maturing 

Classification services support the categorization of knowledge objects. Since mapping knowledge 
objects to given classes facilitates the annotation of resources  

This service supports the following Knowledge Maturing Indicator 

• Resource became part of a collection of similar information (I.Di.8) 

Algorithm details 

Classification is a supervised learning approach for assigning documents to a given set of concepts. For 
example classification can be used to distinguish between spam and no spam mail. Blog or wiki 
documents can be assigned automatically to categories. Firstly the classifier is trained on a training 
document set containing information to which concepts the documents belong to. Afterwards new 
documents can be assigned automatically to the concepts. The classifier uses features from the features 
service as input and returns the concept association suggestions together with a confidence value. The 
classifier service wraps several classification methods like k-Nearest Neighbors, support vector machines, 
boosting based approaches, naive bayes und rocchio classifier. 
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The task of this service is to generate meaningful features from annotations and metadata. It supports 
different common weighting and feature selection schemes. Features can be real valued, nominal or 
boolean and are managed via a set of vectors. 

This service was initially implemented for the KnowMiner framework and will be further developed by 
the KnowMiner framework developer team. Additionally, this service receives input from Feature 
Extraction Service. 

The following services provide input to this service 

• Browse Widget 

This service provides output to the following services 

• Tag recommendation Service 

• Summary Widget 

Implementation and hosting details 

The service is implemented and hosted at TUG, it is available on the internet for MATURE partners. To 
provide the service as open source is planned for future 

5.3.2.2 Clustering Service 

Short Description 

Groups items regarding a special feature. 

Service Description as implemented in the Demonstrator 

Currently, the clustering service is not yet integrated in the demonstrator. Integration is planned for year 
3. 

Relevance for Knowledge Maturing 

The clustering algorithm groups items based on their features, thus it helps to identify similar entities. The 
similarity of a certain entity, e.g. a document can be inferred by the fact that the service assign them to the 
same group. In this way the service supports resource recommendation and annotation of resources with 
semantic relations.  

This service supports the following Knowledge Maturing Indicator 

Clustering of knowledge containing objects facilitates the categorization and so it helps to structure 
information. Since categories are a kind of metadata, this service provides a formalization of content 
objects according to the semantic pillar of the Knowledge Maturing Model. 

Algorithm details 

Clustering service identifies groups of related information entities (such as documents) which are 
represented by high-dimensional vectors. Relatedness between any pair of entities is expressed by 
computing the distance (or similarity coefficient) between the corresponding vectors. Typically Euclidean 
distance or cosine similarity is employed, although other coefficients, such as dice or jaccard, may also be 
used. The service encapsulates a variety of clustering algorithms such as k-means, ISODATA algorithm, 
hierarchical agglomerative clustering, affinity propagation, BIRCH and some others. Additionally, the 
clustering service provides means for projecting the clustered data set into a low dimensional space 
(typically 2D screen space) in such a way that high-dimensional distances are preserved (as far as 
possible). In the resulting layout similar objects are placed close while dissimilar ones are positioned far 
from each other. The resulting low-dimensional coordinates of projected entities are used by visualization 
components designed for visual analysis and interactive exploration of large, high-dimensional data sets. 

This service was initially implemented for the KnowMiner framework and will be further developed by 
the KnowMiner framework developer team and is not connected to any other service. 
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The following services provide input to this service 

• Browse Widget 

• Content Editor 

This service provides output to the following services 

• Summary Widget 

• Gardening Widget 

Implementation and hosting details 

The service is based on the functionality on the Information Mining framework KnowMiner. It is hosted 
and implemented at TUG. 

Future plans 

The clustering service will be enhanced regarding different similarity measures for various types of 
artefacts. In future we plan to support in addition to clustering content artefacts, the clustering of people 
in groups and the clustering of concepts based on semantic similarity. 

5.3.3 Content Similarity Services 

5.3.3.1 Document Similarity  

Short Description 

Service Description as planned or implemented in the Demonstrator 

The Document Similarity Service derives the textual similarity between two documents: the result of the 
calculation will be used for recommendation of relevant documents which are similar to the document the 
user is working on. 

Relevance for Knowledge Maturing 

This service facilitates the creation of content by providing relevant documents which can be used as 
information source or as guideline for writing text. Furthermore it will be used to provide proactive search 
mechanisms. The content of the current resource will be used to filter search results based on their content 
an so it provides an additional search facet based on the user work context. 

This service supports the following Knowledge Maturing Indicator 

• Resource was selected from a range of resources (I.DI.6) 

• Resource was created by integrating parts of other digital resources (I.DI.7) 

Algorithm details 

The service is based on the knowledge extraction framework KnowMiner. The similarity algorithm 
creates term vectors of all documents in the repository and recommends documents by finding similar 
term vectors. 

The following services provide input to this service 

N/A (planned service) 

Implementation and hosting details 

This service was initially implemented within the KnowMiner framework and will be further developed 
by the KnowMiner framework developer team at TUG.  
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5.4  Usage Services  

5.4.1 User Modeling Services 

5.4.1.1 User Logging and Modeling Service 

Short Description 

The User Logging and Modelling Service provides a representation of interactions between the user and 
all services in the MATURE environment.  

Service Description as planned or implemented in the Demonstrator 

The User Logging and Modelling 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 Knowledge Indicating 
Events. Therefore the User Logging and Modelling Service collects events from the middleware layers. 
Currently these layers consist of the Message Server and the Common Service Backend. Almost all 
communication is send through the middleware layer hence the interaction data can be collected and 
evaluated from here. 

Since the middleware layer is a common interface for all demonstrators, this service is demonstrator 
independent und provides a representation of the user history for all connected interfaces. 

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). A 
dedicated privacy component (part of the server) also accesses this service to enforce certain privacy 
policies on usage data. 

Relevance for Knowledge Maturing 

These services are responsible for the gathering and representation of user related data and inferences 
based on this representation. This facilitates the context aware behavior of the system in particular context 
sensitive information retrieval and task recognition. 

This service supports the following Knowledge Maturing Indicator 

• Resource has been accepted into a restricted domain (I.DI.1) 

• Process has become part of a guideline or has become standard (I.DI.2) 

• Resource was created/refined in a meeting (I.DI.3) 

• Resource was prepared for a meeting (I.DI.4) 

• Resource was presented to an influential audience (I.DI.5) 

• Resource was selected from a range of resources (I.DI.6) 

• Resource was created by integrating parts of other digital resources (I.DI.7) 

• Resource has not been changed for a long period after intensive editing (I.DI.8) 

Algorithm details 

For a more detailed description see Lindstaedt et al. (2009) and Deliverable D4.1 (section 5.4).  

The following services provide input to this service 

• backend services and widgets will report user activities to the User Logging and Modelling 
Service 

This service provides output to the following services 

• Expert recommendation  

• Resource recommendation 
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• Process guidance 

Implementation and hosting details 

The service was initially developed and implemented in APOSDLE. The service is currently being further 
developed by TUG and will be part of the MATURE open source service framework. 

5.4.1.2 Topical User Modelling Service 

Short Description 

Provides an aggregated topical profile of a person  

Service Description as planned or implemented in the Demonstrator 

Based on heuristics, the service computes an aggregation of the information available from tagging 
activities and relationships in the vocabulary.  

Relevance for Knowledge Maturing 

As people are the main drivers of knowledge maturing, an efficient people search allow for maturing the 
knowing-who in an organisation or a network, which again is a catalyst for maturing of other forms of 
knowledge. This is especially important in (i) larger organisations, (ii) organisations with a 
geographically dispersed workforce, (iii) organisations or networks characterised by a high importance of 
personal networks which need to be interlinked.  

This service supports the following Knowledge Maturing Indicator 

(see D2.2/D2.3 for more details) 

Algorithm details 

For each assigned tag (= concept/topic) to a person, the algorithm calculates a score as a weighted sum of 
the following indicators. It is configurable how these additional indicators influence the overall score.  

 

Indicator Assumption/Reason 

Tags of the taggee This is the most obvious assumption: if a person gets tagged, you 
assume that the person is somehow associated with the tag and thus 
relevant if someone searches for the tag. 

Differentiation can be done between self-assigned tags and tags by 
others. 

Frequency of tags The more often a tag is assigned, the more relevant the person is for a 
specific tag. This leverages collective judgment. 

Timestamp of the tag assignment The more recent a tag assignment is, the more relevant it is. The 
person could have switched to a different direction in the meanwhile. 

Tags of the tagger If the tagger is tagged with the same tag as he assigns to another 
person, then it gets more weight. Example: If a GWT expert assigns 
GWT to someone else, this is a more meaningful judgment that if a 
person who hardly knows what GWT means, assigns this tag. 

Tagging activities of the tagger If the tagger is a highly active user and makes differentiated 
assignments, then it gets more weight. 

Additional  aspects   

 Background knowledge on the 
 structure of tags 

If a taggee is assigned with broader or narrower tags, it gets less 
weight in comparison with exact matching tags.  

 Other activities of the taggee 
 or tagger 

If the taggee / tagger created, edited or tagged documents or 
contributed to discussions etc. for a specific topic, then it gets more 
weight. 
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The following services provide input to this service 

Ontology Service 

This service provides output to the following service 

People Ranking Service 

Implementation and hosting details 

The service is implemented and hosted by FZI. It is planned to integrate this service with the more 
general User Logging and Modeling Service (5.4.1.1).  

5.4.1.3 People Ranking Service 

Short Description 

Based on past tag assignments (user-document-tag triple marked with a timestamp), this service 
recommends colleagues working on a specific topic. 

Service Description as planned or implemented in the Demonstrator 

Based on heuristics, the service provides a ranking for a set of persons associated with a certain 
concept/tag. It analyses tagging data for that purpose, but also exploits higher levels of formality. It is 
used to sort the results for people search.  

Relevance for Knowledge Maturing 

As people are the main drivers of knowledge maturing, an efficient people search allow for maturing the 
knowing-who in an organisation or a network, which again is a catalyst for maturing of other forms of 
knowledge. This is especially important in (i) larger organisations, (ii) organisations with a 
geographically dispersed workforce, (iii) organisations or networks characterised by a high importance of 
personal networks which need to be interlinked. 

This service supports the following Knowledge Maturing Indicator 

• A person is approached by others for help and advice. 

• A person has significant professional expertise. 

Algorithm details 

The service retrieves from the calculated profile of each person that matches the query (i.e., a topic/tag) a 
score for the requested topic. This score is adjusted by taking into account current availability of the 
taggee and the social relationship between the  searcher and the taggee. It is configurable how these 
additional indicators influence the overall score. The result set is then sorted according to the adjusted 
scores.  

The following services provide input to this service 

Topical User Modeling Service 

This service provides output to the following services 

N/A 

Implementation and hosting details 

The service is implemented and hosted by FZI, but will be subject to further refinements. 

Future plans 

This service is planned to be enhanced by including the expertise of colleagues within the relevant topic. 
Expertise will be calculated based on the hierarchical relationships of tags used by these people. As we 
could show in an experimental section, for see 3.2, it is necessary for effective tag recommendation one 
need to take tag specificity into account. This result can also be adopted for expert recommendation, as 
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we can assume that the more granular the tags for a certain topic are that the user is using for annotation 
of resources, the more knowledge those users might have in this topic. 

5.4.2 Task History Services 

5.4.2.1 Process Tracking Service 

Short Description:  

Service tracks process and task execution  

Service Description as planned or implemented in the Demonstrator: 

As the execution of knowledge intensive processes with Demonstrator 4 gives users the possibility to 
adjust task handling to their needs, e.g. creating subtasks, delegating tasks adding resources etc. those 
activities are logged and stored in the task description object (TDO). 

Relevance for Knowledge Maturing: 

The relevance for knowledge maturing is high as it builds the basis for later mining in order to improve 
processes and tasks.  

This service supports the following Knowledge Maturing Indicator: 

• Process was documented (I.Pr.4) 

Algorithm details: 

The service writes any information about the task (including the suggestions from KISSmir added by the 
user to the task pattern and further information added by the user) into task description object which is 
stored in the ontology. 

The following services provide input to this service: 

N/A 

This service provides output to the following services: 

The service provides output for the Process Mining Service 

Implementation and hosting details 

The service is developed and hosted by FHNW.  It will be provided as open source. For all MATURE 
partners it will be available via the Knowledge Bus. 

5.4.2.2 Process Mining Service 

Short Description:  

The service(s) analyse process instances to mature business processes  

Service Description as planned or implemented in the Demonstrator: 

As the process and task mining service(s) are planned to be implemented in year three of the MATURE 
project, no mining functions are running yet. When implemented, the service will mine process and task 
instances for execution variants. Execution of knowledge intensive processes with Demonstrator 4 gives 
users the possibility to adjust task handling to their needs, e.g. creating subtasks or delegating tasks. 
Those adaptations - stored in the TDO - will be analysed. In addition the system based selection of 
knowledge intensive activities will be mined: how often has one activity been chosen, has this selection 
been appropriate etc. 

Relevance for Knowledge Maturing: 

The relevance for knowledge maturing is high as process improvement is important for business support. 
Because of the strictly distinction between build time and run time, actual process execution often differs 
significantly from process design. The procedure to adapt an existing process the actual way of execution 
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is in general labour intensive (one has to analyse users' behaviour, find out the differences, adapt the 
process model and bring the update into production). 

With the mining service(s) those differences can be detected automatically and suggestions, blue-prints, 
for adapted process models can be created. 

This service supports the following Knowledge Maturing Indicator: 

 Process was changed by adding or deleting steps (I.Pr.3) 
 Process was documented (I.Pr.4) 
 Process was improved with respect to time, cost or quality (I.Pr.5) 
 Process was changed according to the number of cycles (loops) (I.Pr.6) 
 Process has been successfully undertaken a number of times (These two points are just 

examples, since the service is an indicator itself) (I.Pr.7) 

Algorithm details: 

See Deliverable 4.1 for a theoretical framework on Process Mining as part of Process Maturing. The 
functions to be implemented should detect deviations and analyse the collected data in order to make 
suggestions for process changes. Based on those blueprints the knowledge engineer will then be able to 
decide on the suggested changes.  

Function 1: Mine Subtasks  

Identify subtasks that are frequently added to a task instantiating a certain activity (or as subtask 
abstractor to the corresponding task pattern): if many users add the same (kind of) subtask to a given task, 
this indicates that potentially the process model can be improved by including that subtask as a new 
activity. 

Function 2:  Mine Delegation  

Frequent delegation of tasks could indicate that either the work balance is not correctly considered or the 
skills of the assigned persons are not appropriately evaluated. Rules for resource allocation should be 
adapted accordingly. 

Function 3: Mine Resources  

Added objects such as documents or persons to a task may indicate the contexts in which those 
knowledge objects are useful (namely the process/activity they are being used in). This could be used to 
enhance the metadata of the resource to improve retrieval results. 

Function 4: Mine Decisions  

How often a knowledge intensive activity is executed, based on which conditions could give hints at 
process model changes: if an activity is rarely selected may be pre-conditions do not meet the needs or if 
an activity is selected very often may be that activity could become a fix part of the process model. 

The following services provide input to this service: 

Not yet defined. 

This service provides output to the following services: 

Not yet defined. 

Implementation and hosting details 

The service(s) will be developed and hosted by FHNW.  The service(s) will be provided as open source. 
For all MATURE partners it will be available via the Knowledge Bus. 
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5.4.2.3 Task detection service 

Short Description 

This service is a general purpose task detection service that classifies low level user interactions into a set 
of tasks. In the present realization, the service indicates accommodation and assimilation activities. 

Service Description as planned or implemented in the Demonstrator 

This service provides a maturing indicator based on user interaction. Therefore the service observes how 
a user interacts with a certain knowledge artefact. Depending on the observed user context, the service 
classifies the current task as assimilation or accommodation activity. 

Relevance for Knowledge Maturing 

Former studies (see section 4.2) have shown that the type of editing behaviour influences the quality of 
produced content. This service observes the user interactions while the user is editing. It will be used in 
the service backend for recommendation of actions and as an indicator for maturity. 

This service supports the following Knowledge Maturing Indicator 

• Resource was created by integrating parts of other digital resources (I.Di.7) 

Algorithm details 

The decision if a user is assimilating or accomodating can be seen as task classification problem. See 
section 4.2.1.1 for a detailed description of the steps which are necessary in order to detect the task type. 

The following services provide input to this service 

• User Logging and Modeling  

• Resource History Service 

This service provides output to the following services 

• Summary Service 

Implementation and hosting details 

This service is currently a prototype as described in section 4.2.1.1 developed by TUG. It is planned to 
integrate aspects of this prototype into the demonstrators.  

5.4.3 Resource History Services 

5.4.3.1 Resource History Service 

Short Description 

Provides a semantic representation of the resource history. 

Service Description as planned or implemented in the Demonstrator 

The Resource History Service populates the User Interaction Context Ontology by observing user-user 
and user-resource interactions (see Deliverable D4.1, Section 5.2). Instances of the Context Ontology are 
provided by sensors observing the user actions and resource modifications. So the context model contains 
user related and resource related data and facilitates inferencing user and data related knowledge. All 
relational information about user-user and user-resource interaction is enriched with chronological 
information so a history of actions can be derived from the context model. 

The user context model provides the basis for other Usage Service since it provides semantic data base for 
context related computations. 

Relevance for Knowledge Maturing 

This service provides a representation of the document change and so it provides the basis for other 
maturing indicators. 
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This service supports the following Knowledge Maturing Indicator 

Maturing indicators which are based on 

• the content of a resource: Content Indicators 

• the user interacting with the resource: Usage Indicators 

• the interconnection with other resources: Structural Indicators 

Algorithm details 

N/A 

The following services provide input to this service 

User Logging and Modeling Service 

This service provides output to the following services 

Resource Summary Widget 

Resource Recommendation Widget 

Implementation and hosting details 

The service is implemented and hosted at TUG, it is available on the internet for MATURE partners. To 
provide the service as open source is planned for in the future. 

5.5  Knowledge Maturing Indicators 

In Deliverable D1.2, knowledge maturing indicators have been introduced as one of the key instruments 
for operationalizing knowledge maturing. Indicators should be able to operationally measure a certain 
aspect of knowledge maturing for different purposes. For evaluation purposes, for example, one would 
like to find evidence for a change in the social system that can be attributed to knowledge maturing. 
Likewise, several demonstrators have employed some form of indicators to guide users in the process of 
knowledge maturing. Here the idea is to give actors in the social system information about the state of 
some part of the system to enable them to provide some interventions, e.g. gardening activities that 
improve knowledge maturity.  

Knowledge Maturing Indicators have been derived and refined in a systematic process that is more clearly 
described in (D1.2, section 3.3.6). In a nutshell, an early version was derived from results of the 
Ethnographic Study (see D1.1). This list was later refined and included in the representative study (D1.2) 
to obtain some representative evidence of the usefulness of these indicators in organizational settings. A 
theoretical analysis of the issue of indicators was performed and is also documented in D1.2 (section 
5.4.2). In parallel, the lists of indicators had been taken up by the demonstrators to apply them to their 
context (both in technical terms and in terms of the application domain). In this process, also a first 
technical feasibility analysis was done. Subsequently, some of the indicators were implemented as 
services in the demonstrators making use of the maturing services. These indicators are referenced in the 
service descriptions in the present document. Other indicators were presented to application partners as 
part of the participatory design activities (e.g. via questionnaires or interviews) to obtain an indication of 
which ones would be most promising from an application perspective. 

Knowledge Maturing Indicators as implemented or planned for in the maturing services are given in 
Table 1. These indicators are measured by observation of interacting knowledge entities. For a more 
detailed description of these indicators, D1.2 should be consulted. 
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5.5.1 Maturing Indicators Table 

ID dimension categorisation indicator Demonstrator 1 Demonstrator 2 Demonstrator 3 Demonstrator 4 

I.Di.01 digital 
resource 

artefact  
rating/legitimatio
n 

has been accepted 
into a restricted 
domain 

    

I.Di.02 digital 
resource 

artefact  
rating/legitimatio
n 

has become part of 
a guideline or has 
become standard 

   A document is always 
attached to task instances 
of a given activity by KISS 
(instead of "only" being 
included in the pattern). A 
document is often used 
within the context of a 
given activity 

I.Di.03 digital 
resource 

artefact  
creation context 

was 
created/refined in 
a meeting 

    

I.Di.04 digital 
resource 

artefact  
creation context 

was prepared for a 
meeting 

    

I.Di.05 digital 
resource 

artefact  
usage 

was presented to 
an influential 
audience 

    

I.Di.07 digital 
resource 

artefact 
creation context 

was created by 
integrating parts of 
other digital 
resources 

was created by integrating 
(parts of) other digital 
resources by copy paste 

   

I.Di.08 digital 
resource 

artefact 
usage 

became part of a 
collection of 
similar information 

a resource was tagged with 
an existing tag to make it 
accessible for others 

  A document was added to an 
abstractor. a document was 
tagged with the same tags 
as other documents. 

I.Di.09 digital 
resource 

artefact 
scope of use 

was made 
accessible to a 
different user 
group 

an article was exported for 
e.g. students 

  A document was added to 
a(nother) task pattern and 
published so that it becomes 
visible for others 

I.Di.10 digital 
resource 

artefact 
usefulness,  
rating/legitimatio
n 

is referred to by 
another digital 
resource 

incoming links for a node   A document is 
recommended in a task 
pattern 
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I.Di.11 digital 
resource 

artefact 
usage 

has been the 
subject of many 
discussions 

has been the subject of 
text-based discussions 

A web resource has been 
discussed in dialogs. 
An ontology element has 
been discussed in dialogs.   

  

I.Di.12 digital 
resource 

artefact 
creation context 

has not been 
changed for a long 
period after 
intensive editing 

an article in the wiki has not 
been changed for a long 
period after intensive 
editing [and no 'Aktualität'-
flag] 

An ontology element has not 
been changed for a long 
time after a period of 
intensive editing.  

An ontology element has not 
been changed for a long 
time after a period of 
intensive editing.  

A task pattern is changed 
many times (resources are 
added to abstractors etc.) 
and then stabilises. A 
process model and its rules 
changes often and then 
stabilises.  

I.Di.13 digital 
resource 

artefact 
quality 

a digital resource 
fulfils certain 
quality 
characteristics 

 A concept has detailed 
information  

A concept has detailed 
information  

 

I.Di.14 digital 
resource 

artefact 
rating/legitimatio
n 

was selected from 
a range of digital 
resources 

range of resources provided 
by a full text search  

A web resource is selected 
from a range of resources 
provided by a (full text) 
search. A dialog is selected 
from a range of resources 
resulting provided by 
search. A web resource is 
selected from a range of 
resources resulting from 
browsing the repository. A 
dialog is selected from a 
range of resources resulting 
from browsing the 
repository.  

   Document was chosen from 
a list of resources offered by 
an abstractor 

I.Di.15 digital 
resource 

artefact 
usage, updating 

a digital resource 
is edited after a 
guidance activity 

 Gardening recommendation 
has been applied to a 
concept 

Gardening recommendation 
has been applied to a 
concept 

 

I.Di.16 digital 
resource 

artefact 
usage, updating 

a digital resource 
is edited 
intensively within 
a short time frame 

 The whole ontology is 
edited intensively in a short 
period of time, i.e. 
gardening activity takes 
place  

The whole ontology is 
edited intensively in a short 
period of time, i.e. 
gardening activity takes 
place  

 

I.Di.17 digital 
resource 

artefact 
rating/legitimatio
n 

was selected from 
a range of digital 
resources 

range of resources resulting 
from browsing through the 
ontology 

   

I.Pe.0
1 

person individual 
capability 
experience 

has contributed to 
a project 

   Person is assigned to a task 
related to the project 
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I.Pe.0
2 

person individual 
capability 
competence, 
experience 

is approached by 
others for help and 
advice 

  A person is selected from a 
range of persons provided by 
a search 
A person is contacted (after 
being selected) 

Person is added as an 
"expert attachment" to the 
tasks of many others.A (sub-
)task is delegated to the 
person 

I.Pe.0
3 

person individual 
capability 
knowledge 

has acquired a 
qualification or 
attended a training 
course 

   detect if a person has 
performed a learning 
activity 

I.Pe.0
4 

person individual 
capability 
role in a social 
network 

has a central role 
within a social 
network 

   Person gets recommended 
as expert in many 
abstractors 

I.Pe.0
5 

person individual 
capability 
experience 

changed its role or 
responsibility 

   The person appears in 
different abstractors. The 
person is now selected for 
different tasks 

I.Pe.0
6 

person individual 
capability 
experience, 
competence 

has contributed to 
a discussion 

someone has made a text 
entry in a discussion 

A person has contributed to 
a dialog game.  

 Person has contributed a 
solution statement to a 
problem object in a task 
pattern 

I.Pe.0
7 

person individual 
capability 
experience 

has been a 
member of the 
organisation for a 
significant period 

   Person appears in tasks that 
reach back far into the past 

I.pe.0
8 

person individual 
capability 
experience 

has significant 
professional 
experience 

   Gets selected as performer 
of KIAs by KISS very often 

I.Pe.0
9 

person individual 
capability 
competence 

is an author of 
many documents 

is an author of many 
documents (about a specific 
topic) 
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I.Pe.10 person individual 
capability 
knowledge 

a person has 
knowledge in a 
topic area 

 A person uses very precise / 
specific tags for tagging 
(refering to the basic level 
phenomena) 
A person has made changes 
to (a specific area of) the 
ontology  
A person has made changes 
to a specific concept in the 
ontology 
A concept moved from the 
"prototypical concept" 
category to a specific place 
in the ontology 

A person uses very precise / 
specific tags for tagging 
(refering to the basic level 
phenomena) 
A person has made changes 
to (a specific area of) the 
ontology  
A person has made changes 
to a specific concept in the 
ontology 
A concept moved from the 
"prototypical concept" 
category to a specific place 
in the ontology 
A person is tagged with very 
precise / specific concepts  

 

I.Pe.11 person individual 
capability 
interest 

is interested in or 
works on a topic 

 A person has tagged many 
web resources on a specific 
topic.  
A person has tagged many 
dialogs on a specific topic. 
A person has searched for 
and looked at web resources 
/ dialogs on a specific topic 

A person has tagged many 
people on a specific topic. 
A person is (several times) 
tagged with a specific 
concept 

 

I.Pr.01 process artefact 
rating/legitimatio
n 

was certified or 
standardised 
according to 
external standards 

    

I.Pr.02 process sociofact 
agreement 

was internally 
agreed or 
standardised 

   Process model was adapted 
as a result of "mining" 

I.Pr.03 process artefact/sociofact 
updating 

was changed by 
adding or deleting 
steps 

   Process model was changed 

I.Pr.04 process artefact 
degree of 
formality 

was documented    Process model exists; 
Subtasks were added to 
tasks of a process 

I.Pr.05 process impact 
performance 

was improved with 
respect to time, 
cost or quality 

   Time/Cost: we can measure 
the time between start and 
completion of process 
instances. Time/Cost: 
compare time measured for 
instances to what was 
planned 
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I.Pr.06 process artefact 
updating 

was changed 
according to the 
number of cycles 
(loops) 

   Process model was changed 
and now includes more or 
less cycles 

I.Pr.07 process impact 
performance 

has been 
successfully 
undertaken a 
number of times 

   Many instances of a process 
have been completed 

I.Co.0
1 

combinatio
n 

artefact 
updating 

A digital resource  
describing a 
process has been 
changed 

   A subtask abstractor was 
added to a task pattern. A 
process model and its rules 
changes 

I.Co.0
2 

combinatio
n 

artefact 
scope of use 

A digital resource 
has been accessed 
by a different 
group of persons 

   A document added to 
a(nother) task pattern was 
used by a different group of 
users as before. A different 
group of persons has been 
using a task pattern 

I.Co.0
3 

combinatio
n 

artefact 
rating/legitimatio
n 

A digital resource 
has been assessed 
by a person 

 A web resource is tagged. A 
dialog is tagged. 

 A resource offered in a task 
pattern abstactor is rated 
w.r.t. its usefulness. A task 
pattern or abstractor is 
rated by users regarding 
their usefulness 

I.Co.0
4 

combinatio
n 

impact 
usefulness 

A digital resource 
has been changed 
after a person had 
learned something 

    

I.Co.0
5 

combinatio
n 

artefact 
creation context 

A digital resource 
has been changed 
as the result of a 
process 

   A digital resource (e.g. a 
report) has been created or 
changed as the result of 
performing a task (only 
detectable if the goal of the 
task is exactly that). 

I.Co.0
6 

combinatio
n 

artefact 
creation context, 
updating 

A digital resource 
has been edited by 
a highly reputable 
person 

    A task pattern has been 
edited by an expert person 
(expertise to be detected by 
KISS by looking at 
roles/competencies) 
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I.Co.0
7 

combinatio
n 

artefact 
usage 

A digital resource 
has been used by a 
person 

an article in the wiki was 
read a lot (by a group of 
people) 

A concept has been used for 
annotation by a person. A 
concept is reused for 
annotation by the "inventor" 
of the concept and by the 
whole community. A dialog 
has been read a lot by a 
specific group of people.  

A concept has been used for 
annotation by a person.  A 
concept is reused for 
annotation by the "inventor" 
of the concept and by the 
whole community.  A dialog 
has been read a lot by a 
specific group of people.  

A document contained in an 
abstractor has been added 
to the user's personal task. 
Resources from a task 
pattern are used in a 
person's task (i.e. the task 
pattern itself is used) 

I.Co.0
8 

combinatio
n 

individual 
capability 
experience 

A person has been 
involved in a 
process a number 
of times 

   A person has been involved 
in a KISS sub-process/task 
several times 

I.Co.0
9 

combinatio
n 

individual 
capability 
experience 

A person has been 
involved with  a 
process for a 
significant period 

   A person has been involved 
in a KISS sub-process/task 
for many years 

I.Co.1
0 

combinatio
n 

individual 
capability 
experience 

A person has been 
the owner of a 
process for a 
significant period 

   The same person has been 
assigned to the role "process 
owner" in the process model 
for a significant time 

I.So.01 Social 
network 

sociofact 
collective 
capability 

the quality of the 
social network has 
improved 

  The degree of 
networkedness in a team or 
organisation has increased 

 

 

Table 1: Maturing Indicators as implemented in the maturing services (new indicators in italics)
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6 Conclusions and Future Plans  
As an important activity in WP4 at the end of year 2, we performed an overall evaluation of the services 
implemented so far, and checked them against other project results and conceptual foundations. The aim 
of this activity was to bring together the experiences made and plan future activities on the basis of those 
experiences. In several rounds of workshops and discussions with WP4 members, we followed a three 
step approach to guide this analysis: 

• Summarizing Results and Experiences gained from different areas of our work. 

• Deriving Research Questions of the most pressing issues, both motivated from a theoretical point 
of view as well as motivated from practical needs. 

• Planning Subsequent Activities to be tackled in the remainder of the project to address the 
research questions we identified in 2.  

We are reporting results of these activities at this stage by walking through the first two steps. The 
planning of subsequent activities is currently underway. 

6.1  Summarizing Results and Experiences 

Apart from our theoretical work (documented in this report) which was a rich resource of inspiration, the 
results we obtained and experiences we made come mainly from the following three sources: 

• Results of testing the demonstrators including maturing services with our application partners. 
Results have been mainly documented in Deliverable D2.2/3.3. We are concentrating here on 
those results of particular relevance to the maturing services. 

• Results of the empirical research, especially ethnographic studies of year 1 and representative 
studies in year 2, reported in D1.1 and D1.2. 

• Results of our controlled lab studies and simulation studies reported in sections 3.2, 3.4 and 4.2. 

We elicited the following results which we consider to be most significant and to have an impact on our 
future work. The order of the following issues is rather arbitrary. Also, the level of detail varies at this 
stage. We will be trying an integration of the issues when we derive the research questions in the next 
section. 

R1. Importance of Search  

In our evaluation of demonstrator 1 in the testbeds, a recurring theme was the importance end users 
placed on search functionalities. The ability to search and collect results across several sources was a high 
priority. While MATURE may not primarily focus on searching, there were nevertheless some interesting 
aspects that emerged. Above all, the context of the resource displayed in the search was deemed crucial to 
judge the relevance and trustworthiness (e.g. who created it? who used it when and where? Etc.) This was 
seen as a big additional benefit over ordinary search engines and resonates nicely with our attempts in 
WP4 to exploit contextual features of user and resources for offering advanced maturing services. It has 
become clear that we will need to continue to put an emphasis on search as a basis for many of the other 
functionalities and to satisfy practical needs, but will also need to emphasize the multifaceted context (see 
R2).  

R2. The opportunity of exploiting the highly faceted context 

As mentioned in the previous point (R1), resource and personal context emerged as an important theme. 
In the evaluation sessions this appeared, for example, as a requirement to being able to sort search result 
lists according to a number of relevance criteria which go far beyond traditional search engines. Criteria 
from the organizational context emerged as crucial (e.g. who used a resource? for which location of 
operation is it useful?), as well as the importance of the social network (see R3). We expect that this 
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context can be of use not only in searching, but also in a large array of other uses of the system (e.g. 
judging the need for gardening or updating, see R8). Displaying contextual information for a resource can 
also contribute to the assessment o0f trustworthiness. The latter was an important requirement in 
Demonstrator 1 evaluation sessions (see D2.2/3.2). The important question, and one to be addressed in 
our further research, will be which criteria of this context are the crucial ones.  

R3. Social Network based Relevance 

Although we had expected the user’s social network to be an important source of context information, this 
was confirmed in our initial evaluations, and hence will continue to play an important role in our further 
developments. 

R4. Feasibility of Collaborative Tagging 

A further assumption that has been largely confirmed was the practical utility of tagging in the testbeds. 
Users largely felt comfortable with tagging and saw its potential application. This resonates with our 
strong emphasis on this type of user interaction in almost all the demonstrators, and with our attempts to 
support this form of interaction with maturing services. Some potential drawbacks and challenges became 
apparent with tagging as well (see R7).  

R5. Lack of time 

Further topics that cut across our evaluations were several end users constraints which we need to address 
in the future. A very salient one was lack of time which can potentially impact on the use of the 
demonstrators. This also led to standard usability requirements concerning ease of use and learnability. 
Moreover, it suggests that there is a certain potential for intelligent user guidance. For example, it was 
suggested that any form of gardening (see R7) should involve as little user interactions as possible. The 
interaction format that was suggested would involve approving recommendations by the system, rather 
than manual operations by the user.  

R6. Use of widgets as main user interface paradigm 

One of the main issues with the general user interface paradigm (the use of widgets) was a concern with 
the complexity of the system. While on the one hand it was found to be promising for ease of integration 
with existing applications. On the other hand, there was a concern that the interface would get cluttered 
and that users would lose an overview of the system and its behavior.  

R7. Collective Sensemaking, common semantics and the role of negotiation 

In collaborative tagging, as well as in the contexts of other social web technologies, a recent concern has 
been with a collective sensemaking process and how to support it. In the demonstrators that utilize 
tagging, there was a major concern of common semantics and how these would emerge from a rather 
unstructured utilization of tags. Certainly, this challenge is at the core of the Mature project and some 
demonstrators have started to address this more explicitly. Negotiation seems to play a central role, but 
the exact ways of how to support these negotiation processes still need to be researched more thoroughly. 
Also, these approaches need to be strongly reflected in the use of maturing services.   

R8. The role of gardening 

Our assumption is that support for collective sensemaking in an organizational setting (R7) needs some 
form of explicit guidance or intervention. As we want to emphasize the guiding role of this intervention, 
rather than an enforcing role, we have used the term gardening. In the current evaluations, we have not 
been able to address this question empirically yet, as the knowledge bases in the demonstrators have not 
yet had this emergent character. We expect that there will be a need for some sort of support as soon as 
the demonstrators enter phases of more widespread use. Again, some demonstrators have begun to 
incorporate such functionalities explicitly. How these will be reflected in the maturing services will be a 
question to be answered in year 3. 
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R9. Process Analysis 

The conflict between rigid predefined process models and ad hoc daily practice calls for a compromise 
between this duality. While users enjoy the flexibility of task pattern based knowledge and experience 
sharing (as in Demonstrator 4), their daily practice can influence back upon the predefined models, 
forcing the latter to adapt accordingly. Generic services that support the emergence of process knowledge, 
e.g. pattern discovery, pattern comparison, etc. would be of beneficial. 

R10. The importance of forgetting and updating the knowledge base 

One experience with the role of gardening comes from one of our experimental studies, where it has been 
a rather unintended result (see Section 3.2). It turned out that clearing out a taxonomy which a group of 
participants had been working on, and forcing them to start anew, actually helped them in forming a 
stronger and more shared conceptualization of a domain. This result suggests that unlearning or forgetting 
is a rather important process in organizational learning (and that sometimes a more radical rather than 
continuous approach to gardening might be advantageous).  

R11. The great challenge of collaborative accomodation  

Similar to R10, our experimental studies in the context of collaborative knowledge construction in a wiki 
showed the great effort and challenges involved in collaborative accommodation processes. This was also 
a topic in demonstrator 1 discussion where there was concern about editing “other person’s” texts. On the 
one hand, social factors seem important with a strong sense of ownership, and, on the other hand, there 
are issues around the degree of cognitive conflict which results from a disparity between personal 
knowledge and knowledge shared or documented by the community.  

R12. Individual expertise and active areas of interest 

Also from the D1 evaluations, it appeared to be promising to try to detect current active topics for all 
users and display them, or use them for calculating trustworthiness of content. This fits with our services 
that track the users’ interaction histories (see 5.4.1.1).  

R13. History of changes to documents and relationships between documents 

Because the MATURE prototypes are highly dynamic and evolutionary systems, a requirement that 
emerged from the initial design evaluations (see D2.2/3.2) was to allow users to gain an understanding of 
these processes and practices. Practically, there were questions around how resources have developed 
over time, and which other resources have contributed to this process. In WP4, we would therefore like to 
continue our work on visualizing resource histories with a resource profile (see 5.4.3.1).  

R14. Integration with existing Infrastructure 

Two aspects are covered here: minimum disturbance to current user interface and minimum extra work to 
the backend data structure and logic. While web browser based implementation (widely used in all 
demonstrators) and service oriented architecture avoid significant deviation from the current working 
environment as organisations of all types have adopted web-based software to some extent, methods have 
to be developed to smoothly migrate existing resource to one that can be easily manipulated by the 
envisaged MATURE services.  This may include (semi)-automatic measures for metadata extraction, the 
detection of relationships between resources, resource annotation, etc. This will help to reduce the 
overhead required to adopt MATURE methodologies and technologies. 

6.2  Deriving Research Questions 

From the results obtained and in the context of the theoretical assumptions we have set forth, the 
following research questions were derived.  
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6.2.1 Organizational Processes in Gardening 

How are the organizational processes in gardening knowledge structures? How can these processes be 
effectively supported? Is our assumption of a continuous and work-integrated process of gardening 
adequate to address these challenges? 

This question is only partially a question directly to be answered with maturing services. However, one of 
our main assumptions is that continuous gardening is preferable to a disruptive process. This assumption 
cuts across all demonstrators and has not yet been systematically examined. In contrast to this 
assumption, a quite radical and disruptive intervention in the experimental study reported in section 3.2 
actually lead to a better development of common understanding and learning progress than a more 
continuous intervention. We will use the in-depth studies to more strongly focus on this aspect of 
knowledge maturing. Additionally, we will observe gardening processes in the use of the demonstrators 
to validate our assumptions. 

6.2.2 The artifact context in Gardening 

Which are the criteria of the artifact context which can effectively guide gardening activities? 

The context of an artifact is multifaceted. All of the following characteristics contribute to this: social 
characteristics (e.g. who created it? Who used it?), time-based (When was it created? When was it 
changed?), network-based (How is it related to others?), usage based (how often was it used and by 
whom?), and content based (How readable is it?). Each of these characteristics can trigger a decision to 
engage in a restructuring of a knowledge structure. The question is which of them will be used? And 
which of them will be most effective for making these decisions? 

How are process knowledge maturing impinges and benefits from the maturing of other types of 
knowledge?  

While some conceptual framework has been meditated, technical solution should be developed and 
evaluated, especially in the context of Demonstrator 4. Process-based usage data perfectly aligns with the 
requirement of “organisational guidance”.  Therefore, investigation should be made on how other 
demonstrators can leverage the principle of process knowledge maturing. For instance, when a resource is 
frequently associated with a particular task, its credibility and importance should evolve with the process 
and should contribute as well as take credit from the maturity of the task/process. 

6.2.3 Recommender Services for Supporting Gardening in Collaborative Tagging 
Environments: From Folksonomies to Ontologies 

Which gardening activities are effective in the establishment of a common vocabulary in a collective 
sensemaking process? How can they be supported through an analysis of the external (and internal) 
knowledge representations? 

The gardening activities can be understood to be part of a collective sensemaking process. One of our 
main assumptions is that activities that support a greater correspondence between internal and external 
knowledge representations (see next point) will be effective to support collective sensemaking. For this 
reason, we follow a recommendation strategy which is based on cognitive models of human information 
processing. An application area where we have started to research these processes is collaborative 
tagging.  

6.2.4 Correspondence of internal and external knowledge representations 

What is the impact of correspondence between internal and external knowledge representations on 
knowledge creation, sharing and use? 

A main assumption derived from distributed cognition is that a higher degree of correspondence between 
internal and external knowledge representations will facilitate knowledge sharing and creation. As we 
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have demonstrated in our empirical work, the larger the discrepancy between the two, the less likely is 
effective knowledge creation or collaborative accommodation. 

6.2.5 Reflection as a way to spark organizational learning 

How can reflection processes be sparked through the use of artifact and personal context information?  

Visualizing artifact and personal context derived from tracking usage data can be a means to deal with 
implicit knowledge. We would like to research the role of visualizing this data as a means to support 
reflection processes both on an individual as well as an organizational level. The consequence of such 
reflection can be an individual or collective gardening effort.  
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