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Abstract

Ontology evaluation still poses an open problem where new approaches and techniques are
needed to better assess the quality of an ontology. Especially in the field of collaborative
ontology engineering, where traditional evaluation methods only focus on the ontology as
a product, it is important to include social factors into the analysis of these collaborative
ontology engineering processes, similar to the Agile Programming movement that shifted the
attention towards the engineering process itself.
In this thesis an analysis of social factors for five different collaborative ontology engineering
projects was conducted, providing quantitative and qualitative insights that could be used to
enhance ontology development tools or further enhance traditional evaluation techniques.
Collaborative authoring systems provide a number of advantages such as an increased coverage
and number of participating users. However, they also suffer from novel challenges and risks
such as low participation, lack of coordination, lack of control or other related problems that
are neither well understood nor addressed by the current state of research. To be able to
monitor and influence activity within collaborative ontology engineering projects a set of
different types of recommender techniques have been implemented and evaluated.

Kurzfassung
Die Evaluierung von Ontologien stellt ein bekanntes und offenes Problem dar für welches neue
Herangehensweisen und Techniken benötigt werden um ein besseres Urteil über die Qualität
von Ontologien treffen zu können. Speziell im Bereich der kollaborativ entwickelten Ontologien,
bei denen sich traditionelle Evaluierungs-Methoden auf die Ontologie als Produkt fokussieren,
ist es besonders wichtig soziale Faktoren in der Analyse dieser Ontologie-Erstellungsprozesse
zu berücksichtigen, ähnlich wie die “Agile Development”-Bewegung die Aufmerksamkeit auf
den Erstellungsprozess verlagert hat.
In dieser Masterarbeit wurde eine Analyse von sozialen Faktoren in fünf unterschiedlichen
kollaborativ erstellten Ontologie-Projekten durchgeführt, welche quantitative und qualitative
Einblicke gewährt, die verwendet werden können um Ontologie-Erstellungs Programme zu
verbessern oder um traditionelle Evaluierungsmethoden zu verbessern.
Kollaborativ genutzte Authorensysteme bieten eine Anzahl an Vorteilen wie zum Beispiel
eine erhöhte Abdeckung und Anzahl an teilnehmenden Benutzern allerdings leiden diese
Systeme unter neuen Herausforderungen und Risiken wie zum Beispiel eine geringe Teilnahme, fehlende Koordination oder Kontrolle so wie andere verwandte Probleme die bisher
weder gut verstanden noch gründlich untersucht wurden. Um Aktivität in kollaborativen
Ontologie-Erstellungsprojekten überwachen und beeinflussen zu können wurde eine Gruppe
von unterschiedlichen Recommender-Techniken implementiert und evaluiert.
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1 Introduction
1.1 Motivation
Over the last decade, ontologies have become more and more important in computer science.
The idea behind the word “ontology” however, was already discussed by the famous philosopher
Aristotle in his work Metaphysics [Ari33]. He defined ontology as the study of attributes that
belong to each other because of their very nature.
In computer science many different definitions for the word ontology can be found. One of the
most prominent and widely used definition was created in 1998 by Studer et al. [SBF98]. The
author defined an ontology as an explicit formal specification of some shared conceptualization
where conceptualization is used as a simplified representation or view of the real world, that
is to be represented by an ontology.
The whole domain of ontology engineering and evaluation itself is very complex. Several
guidelines and best-practices on how to create ontologies such as [NM+ 01], have been published.
These guides are built upon years of personal and shared experience of domain experts creating
ontologies. Once an ontology has been created it has to be properly evaluated to assess its
quality. Traditionally, these evaluation methods [BGM05] have been performed by looking
at an ontology as a product, setting the focus of the evaluation methods on the ontology
and its respective features, qualities and characteristics. However, even today the process
of evaluating an ontology still poses an open problem where new techniques are needed to
satisfy the many different requirements of ontology creators and users.
A recent trend suggests that ontologies, especially in fields such as biomedicine, are developed
and created collaboratively by multiple, distributed user. These collaborative ontology engineering processes need special environments and tools that actively support users to contribute
information and help them to collaborate with other contributors, such as Collaborative
Protégé or WebProtégé [TNNM08, Tud11]. To that end it is especially important that the
tools used for collaborative ontology engineering special mechanisms and features to augment
collaboration such as comments, explanations, notes, threaded discussions or more complex
approaches such as recommender techniques that help to assign work to individuals. It
is also important to provide additional information about the creation process such as a
structured log of changes that can be used not only to monitor progress but also to analyze
and coordinate work.
While existing evaluation methods can be applied to collaboratively constructed ontologies as
well, the outcome of this evaluation is not as meaningful as several attributes and features
special to collaboratively constructed efforts are not fully supported in classic ontology
evaluation methods. Such attributes or features can be for example, understanding the users
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that created the system and all of their individual contributions, the amount of agreement or
disagreement that was observed during the creation phase or the amount of collaboration
taking place or not.
The idea of investigating the collaborative ontology engineering process and environment was
inspired by work of researchers that have studied the effects of social interaction in open source
software engineering projects as well as collaborative authoring systems such as Wikipedia.
This work will pick up existing hypotheses and already proven-to-work approaches to study
and furthermore explore the creation process and environment of five different collaborative
ontology engineering projects.
The domain of collaboratively engineered ontology evaluation presents new and unexplored
problems that need to be addressed and further investigated. Answers and methods to this
set of problems could also provide a better understanding of already established ontology
evaluation techniques, which could possibly help to improve and potentially influence the
overall quality of an ontology.
Furthermore new ways have to be found not only to evaluate collaborative efforts but also to
monitor, increase and potentially steer activity of contributors and maybe even enhance the
quality of these contributions.
Many ontologies in the field of biomedicine, such as the National Cancer Institute Thesaurus
(NCIt) [FDCH+ 04], International Classification of Diseases revision 11 (ICD-11) and International Classification of Traditional Medicine (ICTM), are collaborative efforts with many
users contributing from different and distributed working places.
Contrary to previous revision processes, the process of creating the 11th revision of the
International Classification of Diseases (ICD-11), which is actively developed by the World
Health Organization (WHO), has introduces two major changes:
1. The content model of the ICD-11 will be represented by an OWL-based ontology.
2. The development process will be opened up to the public, enabling everybody with
access to the Internet to actively contribute to the ontology.
Opening up the development process has introduced new challenges and risks for WHO to
face. One of these risks is represented by the correlation of the quality of online authoring
systems and the quantity of active participants. This also includes the ability to provide
relevant content to qualified contributors, which could potentially result in an increase of
activity [KK08]. In 2010 Kraut et al. [KR10] discovered that providing support and guidance
to users to help them contributing their expertise in collaborative authoring systems can help
to increase user activity.
Recommender Systems, as used by Cosley et al. in 2007 [CFTR07], that help to coordinate
work across many different users, are proven to be of help to actively increase activity of contributors by helping them to identify articles—and thereby work—of interest in Wikipedia.
Ways of implementing these recommender techniques into collaborative ontology engineering
environments have to be found and evaluated as they potentially represent means that would
actively allow steering and increasing the activity of participants.

Chapter 1. Introduction

3

1.2 Objective
The objectives of this master’s thesis are the following:
1. To provide a detailed analysis of collaborative ontology engineering processes over time
using five different ontology data sets from the field of biomedicine.
2. To provide a first implementation of different recommender systems, and a demonstration
of these algorithms using the ICD-11 data set.
3. To provide a detailed evaluation of all implemented recommender systems to assess
their performance in collaborative ontology engineering environments.
4. To provide extensions for iCAT Analytics that help ontology administrators and ontology
workers to monitor progress and activity.

1.3 Contribution
This master’s thesis features a detailed evaluation of the collaborative ontology engineering
process that will provide results that could be used to improve ontology creation tools to
better fit and adapt to the collaborative ontology engineering processes.
Additionally, qualitative insights into the characteristics of collaborative ontology engineering
processes will be provided that represent the foundation for future ontology evaluation
methods that include the investigation of social interactions and dynamics of collaborative
ontology engineering projects.
For this purpose, change log data from five different collaboratively engineered biomedical
ontologies have been examined to answer the following questions:
1. Dynamic aspects (Section 4.1): How does activity in collaborative ontology engineering
environments evolve over time? How are changes to the ontology distributed across
concepts?
2. Social aspects (Section 4.2): Is collaboration actually happening or do users work
independently? How is the work distributed among users and groups? Are there
isolated groups of collaborating users?
3. Semantic aspects (Section 4.3): Are the concepts in the ontology stabilizing or do they
continue to change? What characterizes semantic stabilization?
4. Behavioral aspects (Section 4.4): Are collaborative ontologies constructed in a top-down
or a bottom-up manner? How do contributors allocate attention on different abstraction
levels in different ontologies?
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This master’s thesis will try to find answers to the posed questions by analyzing and investigating the available structured change-logs of five different collaboratively engineered
ontologies. It will be shown that there are commonalities as well as rather drastic differences
between all five collaborative ontology engineering projects that demand further explanation.
Based on the different aspects of the performed analysis across all data sets, general but
interesting observations have been extracted that could be subject to further analysis in
future work.
Furthermore this thesis will provide a methodology for and implementations of different recommender techniques that have been proven to work in other online systems, in collaborative
ontology engineering environments. The implementation of all recommender systems will be
demonstrated using ICD-11, with the goals of increasing and potentially steering activity of
users within the ontology. Additionally a first evaluation of the implemented recommender
systems has been conducted to assess their quality.
The analysis performed in this work builds on concepts and previous work done by:
1. J. Poeschko, M. Strohmaier, D. Lamprecht, T. Tudorache, Natalya F. Noy and M.
Musen. The pragmatic history behind our semantic future: Studying the
evolution of large-scale ontology engineering projects and the case of ICD11. In Proceedings of the AAAI Spring Symposium on Wisdom of the Crowd. AAAI
Press, Stanford, 2012.
2. J. Poeschko, M. Strohmaier, T. Tudorache, Natalya F. Noy and M. Musen. Pragmatic
analysis of crowd-based knowledge production systems with iCAT analytics:
visualizing changes to the ICD-11 ontology. Journal of Biomedical Informatics
(under review)
iCAT Analytics was originally invented and implemented by Jan Pöschko [PST+ 12] with
the intent to provide a tool that helps analyzing the development process of ICD-11. Using
iCAT Analytics the author implemented measures to further analyze social aspects of the
collaborative ontology engineering process of ICD-11. The collaborative ontology engineering
analysis was performed by the author of this master’s thesis by applying and adapting
iCAT Analytics and the developed measures of Pöschko et al. [PSTM12] to different data
sets. Additionally all extension to iCAT Analytics (Chapter 6) as well as the recommender
algorithms (Chapter 5) have been developed independently of previous mentioned work.
Parts of this master’s thesis have been published or are currently under review in the following
revenues:
1. S. Walk, M. Strohmaier, T. Tudorache, N. F. Noy, C. Nyulas and M. Musen. Recommending Concepts to Experts: An Exploration of Recommender Techniques for Collaborative Ontology Engineering Platforms in the Biomedical
Domain. In Proceedings of the 3rd International Conference on Biomedical Ontology
(ICBO 2012), Graz, Austria, 2012.
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2. M. Strohmaier, S. Walk, J. Pöschko, D. Lamprecht, T. Tudorache, C. Nyulas, M. Musen,
N. F. Noy. How Ontologies are Made: Empirical Evaluation of the Hidden Social Dynamics Behind Collaborative Ontology Engineering Projects. Journal
of Web Semantics (under review).

1.4 Thesis Outline
This master’s thesis is split into 7 chapters. The introduction is followed by Chapter 2
which will provide an overview of related work in the fields of ontology engineering and
evaluation, Agile Development as well as recommender systems in general. Chapter 3 features
a detailed description of the data sets and the selection process. Results of the analysis of
collaborative ontology engineering processes are described in Chapter 4. An implementation
and evaluation of three different types of recommender systems can be found in Chapter 5.
Different extension to iCAT Analytics are described in greater detail in Chapter 6. The final
Chapter 7 concludes this work and provides ideas and suggestions for future work.

2 Related Work
Topics and research of interest that have influenced this master’s thesis are ontology engineering
and collaborative ontology engineering as well as ontology evaluation, Agile Programming,
crowd-based collaborative authoring systems and recommender systems.

2.1 Ontologies
In the field of computer science, Gruber first defined an ontology as a specification of a
conceptualization in 1993 [Gru93]. A few years later in 1997, Borst [Bor97] defined an
ontology as a formal specification of a shared conceptualization until Studer et al. [SBF98]
combined both definitions for an ontology and claimed that an ontology is a formal, explicit
specification of a shared conceptualization.
The main usage of ontologies is to digitally represent, merge, search and exchange or share
knowledge using formal specifications between applications. This knowledge, or as defined
by Gruber [Gru93] conceptualization, represents an abstraction of the real world. With the
growing importance of the semantic web ontologies have become more popular, especially in
the fields of artificial intelligence.
An ontology basically consists of [NM+ 01]:
1. Data: Usually represented by concepts, attributes of concepts, properties, the used
vocabulary, relationship types, classes etc.
2. Formal description of data: Represented by a machine readable language L that consists
of a specific vocabulary V.
3. Relations: They describe the relationship status of classes and individuals.
4. Rules: Used to describe logical inferencing.
5. Restrictions: Defined sentences that have to be true for an assertion to be accepted as
input (e.g. hasValue restrictions for classes).
6. Axioms: A defined sentence used by the reasoner to identify inconsistency and perform
inferencing in the data.
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By taking advantage of the formal description of the data and the applied rules, ontologies
can for example automatically detect inconsistencies and missing data. This process is also
called logical inferencing. Ontology learning on the other hand, tries to extract only a relevant
fraction of an ontology automatically or at least semi-automatically.
In this work the level of formality of ontologies is assigned according to the following criteria:
1. High: If an ontology uses rules, restrictions and/or axioms that allow for advanced
inferencing it is classified as highly formal.
2. Medium: Ontologies that only cover a set of relations and make limited use of rules (if
at all) are labeled with a medium level of formality.
3. Low: The lower formality level includes ontologies that mainly focus on a single
relationship type and provide no rules or restrictions at all.
The Resource Description Framework Schema1 (RDFS) and the Web Ontology Language2
(OWL), which were both developed by the World Wide Web Consortium (W3C), are very
prominent representatives of formal languages that are used to describe and encode an
ontology. All five ontologies that are analyzed in this thesis are encoded in OWL.

2.2 Ontology engineering & collaborative ontology engineering
In the domain of ontology engineering a lot of research has been published on various
different topics such as best practices about creating ontologies [NM+ 01, SMJ02, CC05],
semi-automatic processes to generate ontologies from different resources such as plain text
[MS00] or evaluating ontologies to assess their quality [BGM05].
The field of collaborative ontology engineering and its environments however, poses a new
field of research with many new problems, risks and challenges that first have to be identified
and can then be dealt with.
Most of the literature about collaborative ontology engineering sets its focus on surveying,
finding and defining requirements for the tools used in these projects [NT08]. Falconer
and colleagues demonstrated that by analyzing change-logs of collaboratively engineered
ontologies, users can be grouped according to their change behavior [FTN11].

2.2.1 Ontology engineering tools
Many ontologies, such as the Gene Ontology (GO), the National Cancer Institute Thesaurus
(NCIt), and the International Classification of Diseases revision 11 (ICD-11), are created
relying on tools and engineering environments that support collaborative tasks. Additional
requirements for collaborative ontology engineering, such as the importance of integrating
1
2

http://www.w3.org/TR/rdf-schema/
http://www.w3.org/TR/owl-overview/
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mechanisms that enable users to annotate concepts as well as to engage in discussions, have
been discussed [NT08].
Different tools such as OntoEdit [SEA+ 02], extended versions of Wikis, such as Wiki@nt
[BH04] and OntoWiki [HBS06], or Collaborative Protégé and WebProtégé [TNNM11] try to
augment users by providing mechanisms that enforce collaborative activities in collaborative
ontology engineering environments.
Some of these Wikis [KVV06] have been enhanced by adding semantic capabilities such as
semantic links with the intent to improve navigability. They usually associate an article with
a particular instance in the ontology. The properties of that instance are extended by the
corresponding semantic annotations.
As mentioned before, OntoWiki [ADR06] is one prominent example of a semantically enhanced
Wiki that also fosters social and semantic aspects in collaborative ontology engineering. The
main focus of OntoWiki is directed at knowledge acquisition as well as editing of RDF content
through the internal editor.
All five collaboratively engineered ontologies that are analyzed in this work were either developed with Protégé or one of its derivatives that have been extended to support collaborative
ontology engineering such as WebProtégé, Collaborative Protégé or iCAT [Tud11].
All of these enhanced versions of Protégé provide a reliable and scalable environment that
augments collaboration. They are used in a number of large-scale projects, such as the
development of ICD-11 by the WHO [TFN+ 10a]. Additionally notes and discussions can be
created to explain actions taken and try to reach consensus. The most important feature about
Protégé for this thesis was the fact that it provides and stores a structured log of changes
[NCLM06] which was used for analyzing different aspects of the engineering process.
iCAT, a special version of WebProtégé was specifically designed for the development of
ICD-11, offering extensive collaboration features and functionality. Authors are not only able
to conduct collaborative work, they can also create threaded notes for concepts, allowing
them to have discussions, supporting the collaboration of contributors.
iCAT Analytics
Pöschko et al. [PST+ 12] created iCAT Analytics, which is a tool that provides a visual
representation of an ontology including different aspects of its history. iCAT Analytics was
specifically designed to uncover quantitative insights into the engineering process of ICD-11,
hence the name.
The intentions and analysis performed with iCAT Analytics [PST+ 12] can be considered as
an initial attempt towards the deeper and broader analysis presented in this thesis.
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Figure 2.1: A screenshot of iCAT Analytics showing a graphical visualization of ICD-11.

2.3 Ontology evaluation
The main goal of ontology evaluation is to find methodologies and approaches that allow users
to measure and furthermore compare the quality of different ontologies for a specific purpose.
The evaluation process can cover approaches such as ODEval, which is a tool that validates
the syntax that is used to generate an ontology as well as more abstract approaches like
OntoMetric, which is a method that can help to select the appropriate ontology for a given
task by assessing their quality for given requirements through determination of suitability.
In 2005 Brank and colleagues [BGM05] surveyed four different types of techniques for assessing
the quality of an ontology, which have been originally invented by different researchers:
1. Golden Standard: Defining and comparing an ontology against a previously defined
“golden standard” [MS02] by using some measures of semantic similarity.
2. Application Based Approach: Evaluation of the ontology through an application based
approach [PM04] by defining the fitness of a given ontology to satisfy a given task.
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3. Ontological “Fit”: Extracting evaluation information from corresponding data to
evaluate the similarity [BADW04] or ontological “fit” with a related text corpus.
4. Manual Evaluation: Manually evaluating [MA05] ontologies usually involves human
subjects comparing and measuring ontologies against a predefined set of requirements
or measures.
All of the previously mentioned approaches evaluate an ontology as a product, neglecting the
information of the collaborative engineering process. Important information for collaboratively
engineered ontologies, that could be used to find new measures to assess the quality of an
ontology can be extracted from structured logs of changes. For example, identifying areas of
an ontology that are discussed or worked on more controversially than other areas.
Pöschko et al. not only created iCAT Analytics [PST+ 12] but also provided a first analysis
of the engineering process in the case of the ICD-11 [PSTM12] introducing new measures to
investigate and explore the collaborative ontology engineering process.
Their work can be seen as a stepping stone, providing first insights into collaborative ontology
engineering evaluation approaches in a broader spectrum, that can lead to new measures and
methodologies to evaluate the quality of an ontology, not only by considering it as a product
but as an iterative process that can potentially influence the quality of an ontology and
therefore should be subject of further investigations.

2.4 Crowd-Based collaborative authoring systems
Much research on crowd based collaborative authoring systems such as Wikipedia has been
devoted to the development and analysis of methods as well as investigating and identifying
factors that correlate with or increase article quality as well as user participation.
For example, according to Kittur et al. [KCP+ 07], the participation of users in collaborative
online authoring systems such as Wikipedia or del.ico.us is unevenly distributed during
the initial or starting phase of a project. This is resulting in few users (administrators)
contributing most of the actual performed work and a very nigh number of users (common
users) that exhibit little if any participation. Interestingly, the overall sum of contributions
shifts from the few administrators, that are still contributing a high amount of changes
individually, to the increasing number of common users, who are still contributing only a
small number of changes per user.
A good and well thought through system that provides support and guidance [KR10] for new
and revisiting users helping them to contribute their expertise in collaborative authoring
systems has a rather drastic positive effect on user activity. To that end recommender systems
have been adapted [CFTR07] to aid the coordination of work across many different users.
This approach has been proven to be of help to actively increase activity of contributors,
simply by helping them to identify articles, and thereby work, of interest in Wikipedia.
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2.4.1 Knowledge-Sharing dilemmas
Cabrera et al. discovered in 2002 [CC02] that all collaborative online authoring systems
suffer from similar problems, such as the free-riding and ramp-up problem. The free-riding
problem defines the circumstance that users of an collaborative authoring system would rather
enjoy a resource than contribute to it. The problem of motivating people to contribute to a
system when there is only a small amount of content or activity available is called ramp-up
problem.
Researchers identified these classes of problems as knowledge sharing dilemmas [CC02].
Approaches that have the potential to counteract the effects of the knowledge sharing
dilemmas are:
1. Restructure the pay-off function: Approaches for restructuring the pay-off function
involve the reduction of the costs for contributing to a system as well as increasing the
benefits for contributions. These can involve rewards for either single contributions,
which are tied to the users that performed them, or for the quality of the collaboratively
engineered product itself equally distributed across all participating users.
2. Increase perceived efficacy of a user’s contributions: If contributors are made
to believe that their contributions to a system are useful to other users, for example by
implementing mechanism that provide feedback if a resource was helpful, the perceived
efficacy can be increased which in turn motivates users to continue to contribute.
3. Establish a group identity and promote personal responsibility: Providing an
environment where interactions and communication between contributors are encouraged
and performed frequently over a long period of time can establish a group identity and
even promote personal responsibility.
Tackling these knowledge-sharing or social dilemmas can help to improve the frequency and
quality of contributions [CC02], which in turn can also lead to an increased overall quality of
the collaborative authoring system.

2.4.2 Agile Programming/Development
Traditional ontology evaluation techniques only focus on an ontology as a product. However
analyzing the ontology engineering process can be interpreted as a first step to create new
engineering methods or evaluation techniques similar to what Agile Programming represents
in software development.
The sequential waterfall model [Roy70] is one of the most prominent software development
models, setting the main focus on providing a well-structured development process to increase
the quality of the final product itself. Contrary to traditional software development models,
Agile Programming [Bec01] is an approach that intends to shift attention from the final
product to the development process.
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A first predecessor of many different popular Agile Programming methods, incremental
development, has been discussed by Zurcher and Randell in 1968 [ZR68]. Many different agile
methods such as Scrum [Sch95], Crystal Clear [Coc04], Extreme Programming [BBvB+ 99] or
Feature Driven Development [CLD99, PF02] have been developed with the intent to enable
programmers to augment, better control and understand the process of creating software.
With the release of “Embracing change with Extreme Programming” in 1999 by Kent Beck
[BBvB+ 99], the whole agile software development movement lifted off. Two years later, in
2001, Beck and colleagues released the Manifesto for Agile Software Development [Bec01],
explaining the twelve principles of agile software development, such as giving the highest
priority to satisfying the customer by delivering useful software early and continuously as
well as welcoming change, even in late development phases.
According to the manifesto instead of having a strictly preplanned and predefined development
process the agile approach tries to incorporate the need for adapting to changing requirements.
The main differences between agile software development approaches and classic software
development processes are:
1. Working software (as in early prototypes and well tested releases) is considered more
valuable than extensive and detailed documentation.
2. Enforcing individual interaction and embracing and adapting to change rather than
relying on tools or strictly working according to a predefined development plan.
3. Including the customer in the development process reduces the risk of misunderstood/miscommunicated requirements as well as costs of deployment as the customer is
already familiar with the software.
By applying methods that have a positive influence on the development process, agile
programming represents many different approaches that try to increase the quality of the
final product and therefore the satisfaction of the customers.
This master’s thesis tries to deliver a first approach on exploring the development process
of five different collaboratively engineered ontologies through change-log analysis. Shedding
some light on the engineering process of collaboratively built ontologies could potentially lead
to new methods and approaches for ontology evaluation that can help to better assess their
quality.

2.5 Recommender systems
According to Burke [Bur12] the main purpose of any recommender system is to help a
specific individual or a group of individuals to find objects or items of interest by providing
personalized suggestions. A very prominent example of different types of recommender
systems can be found on the Amazon Web-page3 .

3
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In the literature, a number of different types of recommender techniques are known and all of
them satisfy the basic goal of recommending items of interest to a user. However, given different
environments or applications they greatly differ in their corresponding implementations and
quality, making it hard to provide general frameworks that can be used across different
disciplines [BFG11].
Collaborative filtering has been discussed first in the mid-1990s [RIS+ 94]. This technique uses
the previous behavior of users to determine items of interest. Content based recommender
systems [AT05b] on the other hand, identify items of interest by calculating similarity using
items a user has previously shown interest in. A sub-category of content based recommender
systems are knowledge based recommender techniques. They identify items of interest by
using available domain knowledge [AT05b] for the similarity calculations.
In 2003 Cosley et al. [CLA+ 03] demonstrated that recommender systems are a powerful
tool that can be used to directly influence a users opinion about a specific product just by
displaying rating suggestions, based on previous ratings.
Even though, the main usage of recommender systems has always been to actively support
users to find items of interest. SuggestBot, which is an application that was developed in
2007 by Cosley and colleagues [CFTR07] with the purpose of analyzing users edit behavior
to recommend Wikipedia articles that are marked for editing, according to several different
algorithms that consider various features of a users editing behavior. The authors have named
that process “Intelligent Task Routing” and showed that contributions in Wikipedia can be
increased by a factor of 4 when editors are suggested the right (meaning most attractive to
edit) articles.
SuggestBot was used to demonstrate that recommender techniques can not only be used
to help users to find items of interest, but also to help users to find interesting articles in
Wikipedia that they would enjoy working on and thereby increase participation. For that
purpose different personal preferences of the editors had to be taken into account when
suggesting and assigning tasks.
In the past, recommender systems have used ontologies only as knowledge source for generating
recommendations [SMB10] but to apply these types of recommender systems to collaborative
ontology engineering environments to actively influence activity of users poses a new discipline
with new challenges, such as the limited amount of textual properties when comparing it to
Amazon or Wikipedia, that have to be addressed.

3 Materials & Setup
The selection criteria (Section 3.1) for our data sets, a general description of the structured
change logs (Section 3.2), the ontology data sets (Section 3.3) and the characteristics of their
corresponding log of changes (Section 3.4) are described in this chapter in greater detail.

3.1 Data set selection
The data sets selected for further analysis had to meet the following basic requirements:
1. A structured log of changes had to be available for analysis purposes.
2. The ontology and its engineering process had to exhibit at least some “signs of collaboration”. In this case “signs of collaboration” was defined by having at least two users
who were actively involved in the ontology development.
All of the ontology data sets used for analysis are from the field of biomedicine, which is
due to the limited amount of publicly available collaborative ontology data sets that also
provide a structured change-log. All five ontologies were provided by Stanford Center For
Biomedical Informatics Research (BMIR). Three of the five selected ontologies for this thesis
are available for online browsing and download at BioPortal1 . However, all of the measures
introduced in this thesis can be applied to ontologies of different fields of studies as well and
are not limited to the domain of biomedicine.
To be able to automatically process the structured change-log without having to adopt the
analysis process for every single ontology we introduced an additional restriction to the
selection process:
3. The ontology has to be created using Protégé or any of its derivatives, such as Collaborative Protégé, WebProtégé or iCAT.
This additional restriction also automatically makes sure that a log of changes is available for
all ontologies. Fortunately, in the domain of biomedicine Protégé is a very prominently used
tool for creating ontologies, which made the additional restriction to our selection process
less drastic. However, it is important to note that all ontologies and change logs used for
analysis exhibit great differences when looking at features such as size, window of observation,
users or activity which distinguishes them greatly from each other. This circumstance also
adds additional value to the analysis as different collaborative ontology engineering projects
1

http://bioportal.bioontology.org/
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are compared that provide additional insights into the process of collaboratively creating
ontologies.

3.2 Change and Annotation Ontology
As previously stated (see Section 3.1) all of the collaborative ontology engineering data sets
used for further analysis were created using either Protégé or one of its derivatives. Therefore
a very detailed structured log of changes and annotations from all five ontology engineering
projects is available for analysis.

Figure 3.1: Simplified overview of the Change and Annotation Ontology (ChAO) that is
created and maintained by Protégé [NCLM06]. Classes are represented by boxes
and relationships are represented by lines between classes.
Protégé keeps and maintains this structured log of changes and annotations, also called
Change and Annotation Ontology (ChAO), to be able to represent annotations and changes
performed on the ontology. An excerpt of different change and annotation types, which are
all represented by instance objects of separate derived classes in the ChAO, can be seen in
Figure 3.1. Annotations, often also called notes, can be attached to concepts and classes of
the ontology to engage in threaded discussions or justify certain change actions.
Even though all changes are derived from the same class, the ChAO internally differentiates
between two types of changes:
1. “Atomic”-Changes
2. “Composite”-Changes
As the name suggests, an “Atomic”-Change is the representation of a single change-action
performed on the ontology. These changes can be of several different types such as Superclass
Added, Subclass Added or Property Value Changed.
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Whenever many “Atomic”-Changes are combined into one change-action, the ChAO aggregates
them to a “Composite”-Change. Usually these “Composite”-Changes represent one single
change-action performed by a user in the Protégé-Interface. For example if a concept was to
be moved, the ChAO would represent it with—at least—four “Atomic”-Changes for adding
and removing all the parent and child relations for all immediately involved concepts.
However, every generated “Composite”-Change is also able to access and additionally summarize all the information stored in the “Atomic”-Changes. Additionally all instances of a
change or an annotation provide information about the user who performed it, the involved
concept or concepts, a time stamp as well as a description of the changed or annotated
concepts/properties including the old and new values of changed properties if available.
Protégé and all of its additional versions provide extensive mechanisms that help to augment
collaboration between users during the ontology development process in the form of threaded
discussions, notes, comments and many more. These mechanisms are an essential part of
the collaboration process as they provide additional information about changes performed
by users. For example, an Explanation can be used to justify a controversial change or a
Comment can be used to give feedback about a recently changed concept. Similar to the
changes all the different types of annotations are represented as instances in ChAO.

3.3 Collaborative ontology engineering projects
The following five different collaborative ontology engineering data sets have been chosen for
further analysis according to the selection rules established in Section 3.1:
1. The National Cancer Institute’s Thesaurus (NCIt)
2. The International Classification of Diseases 11th revision (ICD-11)
3. The International Classification of Traditional Medicine (ICTM)
4. The Ontology for Parasite LifeCycle (OPL)
5. The Biomedical Resource Ontology (BRO)
In the following a brief description of all five collaborative ontology engineering projects will
be provided to highlight their different backgrounds, characteristics and purposes.

3.3.1 National Cancer Insitute’s Thesaurus
After being actively in development for more than a decade, the National Cancer Institute’s
Thesaurus2 (NCIt) [SdCH+ 07] consists of over 80,000 classes. Figure 3.2 depicts a simplified
graphical representation of the NCIt at the end of the observation period, that can be used
to give a first impression of its ontological structure. Concepts of the NCIt are represented
by nodes and is-a relationships between those concepts are represented as edges.
2

An online version of the NCIt is available at http://ncit.nci.nih.gov/.
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The NCIt is the successor of the National Cancer Institute’s Metathesaurus (NCIm) which
in turn was based on the National Library of Medicine Unified Medical Language System
(UMLS) Metathesaurus 3 [GFH+ 03].

Figure 3.2: Representation of the National Cancer Institute’s Thesaurus (NCIt) to display the
complexity and size of the ontology. Nodes represent concepts. Edges represent
is-a relationships. The amount of changes performed on each concept during the
observed time window is represented by the size of the nodes. The black node
represents the root of the ontology. To avoid visual clutter only a fraction of the
most changed nodes are displayed.
The NCIt was created due to the need of a consistent and coherent vocabulary and data
coding across all offices and divisions of the National Cancer Institute (NCI) with the greater
goal of providing a standardized vocabulary that can be used by specialists outside the
NCI as well. Additionally NCIt provides mappings of the vocabulary used by the NCI to
many other biomedical vocabularies and ontologies. The NCIt also includes detailed semantic
relationships between diseases, drugs, anatomy and many other medically related categories.
Within the NCIt every concept possesses a detailed definition, title and additional information
such as synonyms or explanations if available. Therefore the thesaurus created by the NCI
represents a reference vocabulary that covers not only cancer biology terms but many different
medical areas as well such as clinical care or translational and basic research.
The content for the NCIt is provided by a team of editors from different scientific disciplines
that work for or are related to the NCI and their partners such as FDA and CDISC amongst
others, following a well-defined work-flow. NCIt gets updated on a monthly basis. A lead
editor has to review and either accept or reject the changes before they can be adopted and
rolled out with the next update. An OWL based ontology, that uses many different OWL
primitives is used for representing the knowledge base of NCIt.
3

An online version of the NCIm can be obtained at http://ncimeta.nci.nih.gov.
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3.3.2 International Classification of Diseases 11th revision
The World Health Organization (WHO) is currently developing and maintaining the International Classification of Disease (ICD) revision 11 (ICD-11)4 . ICD is a taxanomy used in
many different countries all over the world, including the United States of Amerika, that
represents the international standard for diagnostic classification and provides a terminology
to encode information relevant to epidemiology, health management and clinical use. One of
the main benefits of the ICD is the ability to compare disease and health related statistics
about different regions and different populations over long periods of time [Isr78].
Additionally ICD is used to monitor health related spending, to create basic health statistics
and to inform policy makers. Therefore ICD represents a very important and essential health
care resource all over the world.

Figure 3.3: Representation of the International Classification of Diseases 11th revision (ICD-11)
to display the complexity and size of the ontology. Nodes represent concepts.
Edges represent is-a relationships. The amount of changes performed on each
concept during the observed time window is represented by the size of the nodes.
The black node represents the root of the ontology. To avoid visual clutter only a
fraction of the most changed nodes are displayed.
The first version of the ICD, known as the International List of Causes of Death [Ste27] was
first published in the early 19th century and has been regularly revised in intervals of roughly
12 to 15 years. ICD-11 currently contains more than 30,000 terms. A simplified graphical
representation of ICD-11 can be seen in Figure 3.3.
With the development of ICD-11 the WHO has introduced two major changes to the revision
process:
4

http://www.who.int/classifications/icd/ICDRevision/
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1. The development process will be opened up to the public, enabling experts all over to
world to contribute to ICD-11.
2. An OWL based ontology was used as knowledge base representation.
All of the previous ICD revisions were developed by small groups of experts during on-site
meetings, which were closed to the public. ICD-11 is developed using ICD-11 Collaborative
Authoring Tool (iCAT, as seen in Figure 3.4) [TFN+ 10b], a web-based tool that allows experts
all over the world with access to the Internet to contribute, evaluate, and review the content
of the classification online.

Figure 3.4: Screenshot of ICD-11 Collaborative Authoring Tool (iCAT) used to create and
work on ICD-11 over the Internet.
Furthermore ICD-11 is the first revision to use an ontology for knowledge representation.
Even though WHO started the work on ICD-11 in 2009 the whole project/ontology is still in
the alpha phase, an early phase of development, where access to the ontology is restricted to
selected individuals. Around 100 international experts are currently working on preparing
the beta phase that starts in May 20125 , using iCAT, where ICD-11 will be released to the
public.

3.3.3 International Classification of Traditional Medicine
The International Classification of Traditional Medicine (ICTM) is another, very new terminology in the WHO Family of International Classifications. The whole project, especially the
development process, the tools used to create and maintain the content of the ontology as
well as its structure, is very similar to ICD-11. When directly compared to ICD-11, ICTM is
of much smaller scale. The project was first initiated in 2010, however active development of
ICTM started in the middle of 2011.
ICTM was able to benefit from the experiences gained during 2009 and 2011 in the ICD-11
project due to the many similarities of the two projects. For example the tool used to work
5

http://www.who.int/classifications/icd/revision/timeline/en/index.html
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Figure 3.5: Screenshot of ICTM Collaborative Authoring Tool for Traditional Medicine (iCAT
TM) used to create and work on ICTM over the Internet.
on ICTM, known as iCAT TM (see Figure 3.5), is a slightly customized version of iCAT. As
WHO is planning to merge ICTM and ICD-11 [GW11], the knowledge representation used for
ICTM (OWL based ontology) is very similar with only a few exceptions for both projects.
The main goals of ICTM are to provide:
1. An internationally standardized terminology for traditional medicine.
2. A classification system for traditional medicine.
3. A standard vocabulary, similar in function to the ICD-11, that is used internationally
to encode information in health records and can be used for scientific comparability
and communication.
Currently ICTM is developed in four different languages (English, Chinese, Japanese and
Korean). Thus domain experts of traditional medicine from China, Japan and Korea collaborate using iCAT TM with the goal of importing and merging all their knowledge of
traditional medicine into ICTM to generate a coherent classification. The current version of
ICTM consists of around 1,300 concepts. A graphical representation of ICTM is depicted in
Figure 3.6.
Even though ICTM shares some of the structures with ICD-11, there are many characteristics
that are specific only to traditional medicine that differentiate ICD-11 and ICTM (e.g. the
multi language support or other clinical differences between traditional medicine and western
medicine).
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Figure 3.6: Representation of the International Classification of Traditional Medicine (ICTM)
to display the complexity and size of the ontology. Nodes represent concepts.
Edges represent is-a relationships. The amount of changes performed on each
concept during the observed time window is represented by the size of the nodes.
The black node represents the root of the ontology. To avoid visual clutter only a
fraction of the most changed nodes are displayed.

3.3.4 Ontology for Parasite LifeCycle
The Ontology for Parasite LifeCycle (OPL) is part of the Trykipedia6 project which is funded
by the National Institutes of Health (NIH) and provides different ontologies regarding the
parasite Trypanosoma cruzi (T.cruzi).
The Trykipedia project consists of the following ontologies:
1. The Parasite Experiment Ontology used to model conditions, processes, parameters and
sample details to annotate results of experiments related to parasites.
2. The Ontology for Parasite LifeCycle models all lifecycle stages of selected parasites.
3. The Provenir Ontology is used, as the name suggests, to represent upper level provenance
in the Trykipedia project ontologies.
OPL was collaboratively engineered and models the complete life cycle of the parasites T.cruzi,
T.brucei and Leishmania. These specific parasites have been identified to be responsible
for the Chagas disease, which is a very prevalent disease in Latin America. Additionally to

6

http://wiki.knoesis.org/index.php/Trykipedia
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the life cycle stages OPL provides contextual details such as information about the host or
anatomical location [opl].
OPL is an OWL based ontology that extends several other OWL ontologies. Many different
OWL specific constructs, such as restrictions and defined classes are present in OPL. The
ontology itself is maintained by several users from different institutions who collaboratively
work to further improve the overall quality of OPL.
At the end of our observation period OPL consisted of 393 concepts which is remarkably
smaller than the ICD-11, ICTM and NCIt data sets. A simplified graphical representation of
the ontology can be seen in Figure 3.7.

Figure 3.7: Representation of the Ontology for Parasite LifeCycle (OPL) to display the
complexity and size of the ontology. Nodes represent concepts. Edges represent
is-a relationships. The amount of changes performed on each concept during the
observed time window is represented by the size of the nodes. The black node
represents the root of the ontology. To avoid visual clutter only a fraction of the
most changed nodes are displayed.
OPL is publicly available through BioPortal7 , which is maintained by the National Center
7

http://bioportal.bioontology.org/
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for Biomedical Ontology.

3.3.5 Biomedical Resource Ontology
The Biomedical Resource Ontology (BRO) was created by the Biositemaps8 project, which is
a collaborative effort between the NIH, National Centers for Biomedical Computing (NCBO)
and the Clinical and Translational Science Awards (CTSA) consortia [TWA+ 11].
The Biositemaps technology allows authors of websites to store structured or meta information
about biomedical related data, tools or services to help specifically designed search engines or
applications to provide better, semantically enriched search results and thus help researchers
to find resources of greater relevance.

Figure 3.8: Representation of the Biomedical Resource Ontology (BRO) to display the complexity and size of the ontology. Nodes represent concepts. Edges represent is-a
relationships. The amount of changes performed on each concept during the
observed time window is represented by the size of the nodes. The black node
represents the root of the ontology. To avoid visual clutter only a fraction of the
most changed nodes are displayed.
BRO is the key enabling technology that allows for Biositemaps to work. It provides a
controlled terminology for describing the resource types, areas of research, and activity of a
biomedical related resource. A little number of developers collaboratively worked on BRO
using the Biositemap Editor [NT09], a web based interface similar to WebProtégé, to update
and change the ontology and engage in discussions.
8

http://biositemaps.ncbcs.org
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BRO represents a small ontology data set, very similar to OPL, as it only consists of 528
concepts at the end of our observation period. The ontological structure of BRO is depicted
in Figure 3.8.

3.4 Characterization of data sets
The analysis conducted for this master’s thesis covers five different collaboratively engineered
ontology data sets and their corresponding structured log of changes. All five selected collaborative ontology engineering projects exhibit a range of different features (see Table 3.1).

Ontology

ChAO

Observation
Period

Description
concepts
formality
format
changes
annotations
active users
start
end
duration (ca)
progress

NCIt
89,142
high
OWL
76,657
0
12
2009/09/23
2010/04/12
6.5 months
ongoing

ICD-11
33,714
medium
OWL
152,955
31,197
76
2009/11/18
2011/11/19
24 months
beginning

ICTM
1,311
medium
OWL
39,495
1,449
21
2011/02/02
2011/12/03
10 months
beginning

OPL
393
high
OWL
1,993
32
5
2011/06/09
2011/09/23
3.5 months
completed

BRO
528
low
OWL
2,507
421
6
2010/02/12
2010/03/06
1 month
completed

Table 3.1: Characteristics of the five different ontology and ChAO data sets used for analysis.
The three most prominent characteristics that differentiate the five data sets the most are:
1. Size: Represented by the number of concepts in the ontology.
2. Activity: Represented by the number of changes, annotations and active users in the
ChAO.
3. Duration & Progress: Represented by the observation time of each ChAO and the
project phase (e.g. current state of progress) the project is currently in.
The data sets exhibit big differences in size, varying from the very large NCIt and ICD-11 data
sets with 89,142 and 33,714 concepts, the medium sized ICTM data set with a total of 1,311
concepts, to the smaller sized OPL and BRO data sets with only 393 and 528 concepts.
Even though the ChAOs provide very detailed information about the collaborative ontology
engineering projects, they vary in length and observed project phases as can be seen in
Figure 3.9.
It is worth mentioning that due to the different features of the selected ChAOs, a direct
comparison of certain attributes might not be possible. The analysis, even if not directly
comparable, of the five different collaborative ontology engineering projects provides insights
into ongoing social dynamics and semantic aspects at different project states. The selection
was greatly influenced and constrained by the availability of data sets that provide a structured
log of changes with sufficient information to conduct an analysis as described in Chapter 4.
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Figure 3.9: Thise timeline figure gives an overview of the total project durations, represented
by the thin lines and the observation periods of the corresponding ChAOs (thick
lines).
Even though all ontologies are OWL based, their individual level of formality, defined by the
amount of used different relationship types and OWL specific constructs, such as restrictions
or predefined classes, differs greatly, correlating with their expected usage. OPL and NCIt
represent the most formal ontology data sets. ICD-11 and ICTM exhibit a medium level of
formality as they mostly rely on is-a relationship types. The least formal ontology in this
analysis is BRO.
The activity of all five data sets varies from a minimum of 5 and 6 active users, defined
as users that have at least performed either one change or one annotation, in OPL and
BRO. Interestingly NCIt, which is the biggest ontology data set only has a total of 12 active
superseded by ICTM and ICD-11 with 21 and 76 active users respectively.
There is many different ways of defining activity which will all result in different ontologies
being the most and least active. However, when only considering the observation period of the
ChAO and the number of changes, both NCIt and ICD-11 exhibit the most active change-log
with an average of 11,793 and 6,373 changes per month. Closely followed by ICTM with an
average of 3,949 and BRO with an average of 2,507 changes per month. OPL is last with an
average of only 569 changes per month.
It is important to note that the number of changes per ontology data set directly correlates to
the number of composite changes stored in their respective ChAO. NCIt is the only exception
as it has unique features implemented into the tools used to work on the ontology. The
user interface for the NCIt project has the ability to queue several changes which can all be
temporarily stored and then later on executed at the same time.
This circumstance introduces a new super or user-level composite change. For this analysis,
these super composite changes, have been removed. This step was mostly motivated by the
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insufficient information about the queued up changes, provided by the user-level composite
changes. Thus, the 76,657 changes of the NCIt ChAO are all either “Atomic”- or “Composite”Changes directly related to user-level composite changes.
Additionally, all changes not performed by human users, such as changes having their
descriptions marked with Automatic or BatchEdit have been excluded as well. For analyzing
semantic aspects (see Section 4.3) all textual changes that either do not provide sufficient
information to reconstruct the actual change such as Annotation Modified or Annotation
Changed, or are not related to textual properties and thus are not suitable to use for semantic
analysis have been excluded.
Table 3.2 contains a list of non-textual properties that was used to exclude changes from
semantic evaluation.
Properties
sorting_label
use
display_status
type
inclusions
exclusions
primary_tag
secondary_tag
code
rdfs:sub class of
preffered name
full_syn
protege:default_langauge owl:equivalent_class
Table 3.2: A list of properties that have been excluded from semantic evaluation.

4 Methods & Empirical Results
The five collaborative ontology engineering projects have been further analyzed regarding
their dynamic (Section 4.1), social (Section 4.2), semantic (Section 4.3) and behavioral aspects
(Section 4.4). This chapter provides a description of all methods and measures used to
analyze the different aspects of the collaborative ontology engineering projects as well as an
interpretation of the results.

4.1 Dynamic aspects
The analysis of dynamic aspects provides valuable information about the distribution of work,
or more general the activity of users within the ontology over time as well as the distribution
of changes across concepts for each of the five collaborative ontology engineering projects.
It is important to understand the dynamics happening in collaborative ontology engineering
processes to be able to eventually find methods to increase its quality or help ontology
developers to adapt their tools to better fit the ontology creation process regarding the
analyzed dynamics.
The following three measures have been used for analyzing dynamic aspects:
1. Change distribution over time: Given a ChAO L, the total observation period TL and
the changes CL stored in L, the distribution of changes over time was aggregated using
the number of changes |tC | performed during every week t ∈ TL and is depicted in
Figures 4.1 to 4.2.
2. Changed concepts distribution over time: Given a ChAO L, the total observation period
TL , the changes CL stored in L and all concepts KL that have been referenced by a
change c ∈ CL , the distribution of changed concepts over time was compiled using
the number of concepts |tK | changed during every week t ∈ TL and can be viewed in
Figures 4.1 to 4.2.
3. Change distribution across concepts: Given a ChAO L, the changes CL stored in L,
the observation period TL and all concepts KL that have been referenced by a change
c ∈ CL , using the amount of changes |kc | performed on each concept k ∈ KL to represent
the change distribution across concepts as seen in Figures 4.4 to 4.6.
The change distribution over time, as well as the distribution of changed concepts over time
provide basic information about the chronological distribution of work for all five collaborative
ontology engineering projects during the observation periods of the corresponding ChAOs.
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These analysis suggest, that the overall activity in collaborative ontology engineering projects
is distributed in an uneven fashion, resulting in periods with bursts of activity followed by
weeks of less to zero activity.
Similar to the distribution of changes over time, the amount of concepts changed per week
varies. The total amount of concepts changed every week for all data sets is very low when
directly compared to the amount of changes performed. However, there seems to be—at
least in some way—a correlation between the total amount of concepts changed and the total
amount of changes performed each week.
Figures 4.4 to 4.6 depict the number of changes performed during the ChAO observation
period per concept, and therefore their rank for each data set. A similar pattern across all
five data sets can be identified. Most of the concepts in all collaborative ontology engineering
projects have not been changed during our observation period thus most of the work has
been concentrated on only a few concepts or a very small area of the ontology.

4.1.1 Weekly distribution of changes
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The weekly distributions of changes for NCIt (Figure 4.1(a)) and ICD-11 (Figure 4.1(b)) are
very similar. Periods of very low activity are followed by sudden bursts of activity with peaks
of 22,000 changes performed during week 18 for NCIt and 13,000 changes performed during
week 99 for ICD-11.
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Figure 4.1: Weekly number of changes for NCIt and ICD-11. Number of changes per week
is represented by the black bars, total number of concepts changed per week
is represented by gray bars. The x-axis is scaled according to the observation
periods of the ChAOs.
The weekly activity of NCIt is slightly higher with an average of 2, 643 changes and a standard
deviation of 3, 672 changes compared to 1, 456 changes on average per week and a standard
deviation of 2, 096 changes for ICD-11.
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(c) International Classification of Traditional
Medicine (ICTM)

(d) Ontology for Parasite LifeCycle (OPL)

Figure 4.2: Weekly number of changes for ICTM and OPL. Number of changes per week
is represented by the black bars, total number of concepts changed per week
is represented by gray bars. The x-axis is scaled according to the observation
periods of the ChAOs. (cont.)
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The number of changed concepts varies greatly for ICD-11 (Figure 4.1(b)) with a standard
deviation of 470 changed concepts per week but is a bit more stable for NCIt (Figure 4.1(a))
with 224 changed concepts per week, despite the bigger deviation in the amount of changes
per week. This indicates that there are more periods when larger parts of the ontologies are
changed for ICD-11 opposed NCIt where there are frequently periods where activity is more
focused on specific concepts.
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(e) Biomedical Resource Ontology (BRO)

Figure 4.3: Weekly number of changes for BRO. Number of changes per week is represented
by the black bars, total number of concepts changed per week is represented by
gray bars.
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Observations similar to ICD-11 only with less overall activity can be made for ICTM
(Figure 4.2(c)). The absolute peak of around 5, 000 changes was reached during week 8 of
the observation period. The changes performed during each week fluctuate with a standard
deviation of 1, 164 while the standard deviation of the concepts changed every week is set at
232.
OPL (Figure4.2(d)) and BRO (Figure4.3(e)) provide only a rather short ChAO observation
period but nevertheless similarities, regarding bursts of activities and periods of little to
no activity at all, to the other data sets can be seen. The standard deviation of changes
performed each week is 320 for OPL and 679 for BRO. The number of concepts changed
during every week has a standard deviation of 124 changes per week for OPL and 135 for
BRO.

4.1.2 Distribution of changes across concepts
The distributions of changes across concepts for NCIt (Figure 4.4(a)) and ICD-11 (Figure 4.4(b)) are very similar, having a total of 84, 756 (95.08%) for NCIt and 24, 276 (72.01%)
for ICD-11 concepts with less than 5 changes performed on. Additionally only 14 (0.01%) of
the concepts for NCIt and 45 (0.13%) of all concepts from ICD-11 have been changed more
than 50 times.

(a) National Cancer Institute thesaurus (NCIt)

(b) International Classification of Diseases (ICD-11)

Figure 4.4: Number of changes per concept ordered by rank for NCIt and ICD-11. y-axis are
scaled according to the total amount of concepts (see Table 3.1).
As already mentioned in Section 4.1.1 work in collaborative ontology engineering projects
usually seems to be concentrated on specific parts of the ontology, at least for NCIt and
ICD-11.
However, ICTM (Figure 4.5(c)) only has 134 (10.22%) of concepts with less than 5 changes
while 181 (13.81%) of all concepts have been changed more than 50 times during the
observation period. This observation is completely contrary to the other data sets and can be
explained by the circumstances of the way work is conducted in ICTM (see Section 4.1.3).
OPL (Figure 4.5(d)) and BRO (Figure 4.6(e)), which are both similar in size and ChAO
observation time, exhibit the same characteristics as NCIt and ICD-11. The majority, being
469 (88.83%) of all 528 concepts from the BRO data set and 300 (76.34%) for OPL, have
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(d) Ontology for Parasite LifeCycle (OPL)

Figure 4.5: Number of changes per concept ordered by rank for ICTM and OPL. y-axis are
scaled according to the total amount of concepts (see Table 3.1).
been changed less than 5 times during the observation period and only a fraction (22 changes
or 4.17% for BRO and 11 changes or 2.8% for OPL) of concepts have been changed more
than 50 times.
Even though, it is interesting to see that in the smaller data sets (OPL and BRO) there
seems to be a large gap of changes performed on concepts as there are only a few concepts
that receive a lot of attention with a change count higher than 50 changes and then there are
a lot of concepts that received less than 10 changes but nothing in between.

(e) Biomedical Resource Ontology (BRO)

Figure 4.6: Number of changes per concept ordered by rank for BRO. y-axis are scaled
according to the total amount of concepts (see Table 3.1).

4.1.3 Results
The analysis of five different collaborative ontology engineering processes regarding the
dynamic aspects, as described in Section 4.1, leads to the following two general observations:
1. Changes are performed in bursts pre- and succeeded by periods of very low activity.
2. Work is concentrated on few concepts or certain localized areas of the ontology.
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The first observation, that changes are performed in bursts is true for ICD-11, ICTM and
NCIt. This is especially interesting as the development of ICD-11 and ICTM is not the main
activity for the users that currently perform changes in either project. They collaborate on
and contribute to the development of the ontologies in their “free” time, which is why activity
correlates with project milestones and deadlines as well as important meetings.
The fact that this patterns applies to NCIt as well is of even more interest as the users who
continually develop, advance and refine NCIt are full-time employed professional ontology
engineers. However, due to that fact, the overall amount of work performed every week
in NCIt is much higher than in the other projects, as periods with low participation in
NCIt resemble bursts in other data sets such as ICD-11. Additionally work in NCIt is more
uniformly distributed than in the other projects.
Additionally OPL and BRO both show signs of work being conducted in bursts which would
strengthen the observation but due to the short overall project duration and observation
periods further analysis is needed to proof this observation.
However, the analysis conducted in Section 4.1.1 confirms the intuition that in projects
with a relatively small number of contributors, work is distributed unevenly over time with
significant bursts of activity in-between.
The distributions of changes across concepts, as analyzed in Section 4.1.2, are very similar for
all five data sets. Work is concentrated on only a few concepts while the majority of concepts
does not receive any or only a very small amount of changes at all. ICTM is an exception to
the second observation as nearly all concepts received quite a few changes when compared to
the other data sets. This observation can partly be explained when considering details about
the ICTM project work-flow and circumstances.
Every concept in ICTM has a title and a description assigned to it in four different languages
(Chinese, Korean, Japanese, English). For all four languages, specialists added and refined each
description and title in an early phase of the project. Additionally only a very limited amount
of data was available for automatic imports resulting again in more manually performed
changes. Therefore, the amount of changes performed on each concept for ICTM is a bit
skewed.

4.2 Social aspects
Similar to the distribution of changes over time and across concepts, as described in Section 4.1,
the analysis of social aspects covers the distribution of work and the amount of collaboration
that is performed by each user in the ontology.
To that end the following characteristics of collaborative ontology engineering processes have
been analyzed in greater detail:
1. Distribution of changes across users: Given a ChAO L, the users UL of L, the observation
time TL , the changes CL performed and stored in L, the number of changes |Cu |
performed by each user u ∈ UL is calculated and depicted in Figures 4.7 to 4.9.

Chapter 4. Methods & Empirical Results

33

2. Collaboration graphs: Are undirected Graphs for every ChAO. Each node represents
a user and the size of each node represents the amount of changes performed by that
user. Every edge that connects two users/nodes indicates collaboration. The weight of
an edge represents the amount of changes performed on the same concepts of two users.
The graphs can be viewed in Figures 4.10 to 4.12.
It is interesting to learn whether work in collaborative ontology engineering projects is distributed equally across users or if the work is distributed similar to a “power-law” distribution,
which is very prominent in online collaborative authoring systems such as Wikipedia. In a
“power-law” distribution there are only very few users that contribute a very high amount
of changes individually and many users (the vast majority) with a very low number of
contributed changes individually.
This analysis of the change distribution across users can provide valuable information that
can be used for example to help focus support on users with only a very small number of
contributions with the intent of increasing activity in that specific group of users. Additionally
this analysis, especially when combined with the collaboration information, could be used as
a first indicator to identify specialists or users that are crucial for the development process,
due to their contribution and collaboration statistics. The work-distribution of users across
all data sets in fact resembles a “power-law” distribution, as can be seen in Section 4.2.1 in
greater detail.
For this analysis collaboration is defined as two users changing the same concept during the
observation period of the ChAOs, which allows to determine if at all and to what extend
users in the five different collaborative ontology engineering projects engage in collaborative
work.
The collaboration graphs in Section 4.2.2 give a first impression of the complexity of the
social interactions in all five collaborative ontology engineering projects. Collaboration seems
to happen in all five data sets, no matter the size of the ontology or the amount of active
users participating.

4.2.1 Distribution of changes across users
As already mentioned, the distribution of changes across users for NCIt (Figure 4.7(a))
and ICD-11 (Figure 4.7(b)) are very similar with only a little variation in overall changes
contributed per user. For NCIt the peak of changes performed by a single user is set at
24, 330 changes while ICD-11 exhibits a peak of 56, 770 performed changes which is around
twice the size of the peak from NCIt.
However, the user with the least amount of work contributed to NCIt has performed a total
of 36 changes. In the ICD-11 data set there is a total of 9 different users who only contributed
1 single change and 26 of all 76 active users have contributed less than 10 changes. Even
though there is a slight variation in active users and peaks, both distributions of changes
across users clearly resemble a “power-law” distribution.
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(b) ICD-11

Figure 4.7: Distribution of changes across users for NCIt and ICD-11. Each horizontal bar
represents the number of changes performed by a single user on a log scale.
ICTM (Figure 4.8(c)) is very similar to NCIt, resembling a “power-law” distribution as well
with about the same amount of active users and a peak of activity with 8, 825 changes of the
most active user.

(c) ICTM

(d) OPL

Figure 4.8: Distribution of changes across users for ICTM and OPL. Each horizontal bar
represents the number of changes performed by a single user on a log scale
With a total number of only 4 users that have performed changes in the ontology, OPL
(Figure 4.8(d)) represents the smallest data set for social aspect analysis. It is hard to
interpret the distribution of changes across users for OPL due to the limited amount of
users. However, there is one user who has contributed significantly more (1, 399 changes)
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than all other users together (594 changes) which could be interpreted as an indicator for a
“power-law” distribution.

(e) BRO

Figure 4.9: Distribution of changes across users for BRO. Each horizontal bar represents the
number of changes performed by a single user on a log scale.
The analysis of the distribution of changes across users for BRO (Figure 4.9(e)) has the same
problems assigned to it as the analysis for OPL. Again, due the limited number of active
users. Similar to OPL the user with the highest amount of changes performed (1, 714) in
BRO has contributed significantly more work than all other users in BRO together (793
changes). This fact and the overall distribution of changes according to Figure 4.9(e) again
indicates a “power-law” distribution of changes performed by users.

4.2.2 Collaboration graphs
The collaboration graphs are used to visualize not only the amount of collaboration happening
in each ontology creation process but also visualize the complexity of the collaboration
network. For NCIt (Figure 4.10(a)) all users (100%) are engaged in collaboration with at
least one other user, performing work on the same concept. It can be observed that the user
with the most changes performed (biggest node) did not engage in an equally high amount of
collaboration.
From all 76 active users registered in the ICD-11 project 97.37% (or 74 of 76 active users) have
worked on concepts that other users previously worked on (see Figure 4.10(b)). As already
noted in Section 4.2.1, the change distribution across users for ICD-11 clearly resembles a
“power-law” distribution, resulting in many users with a small number of contributions (small
nodes) and only few users with the majority of contributions (big nodes) which is reflected in
the collaboration graph as well.
Contrary to NCIt, the users with a very high amount of changes in ICD-11 tend to engage
more in collaborative work. The overall complexity of the collaboration graph for ICD-11
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(b) ICD-11

Figure 4.10: Collaboration graphs for NCIt and ICD-11. Nodes represent users who collaborated at least once. The node size equals the amount of performed changes
while edge weights represent the amount of co-editing/collaboration between two
users.
appears to be higher, which is owed to the high amount of active users resulting in a higher
number of nodes that increase the perceived complexity in the collaboration graph.

(c) ICTM

(d) OPL

Figure 4.11: Collaboration graphs for ICTM and OPL. Nodes represent users who collaborated
at least once. The node size equals the amount of performed changes while edge
weights represent the amount of co-editing/collaboration between two users.
ICTM (Figure 4.11(c)) is very similar to ICD-11. The users that are most active have the
highest tendency to engage in collaborative work. It is interesting to observe that ICTM
either features users that have performed a high number of changes or users that only have
performed a very little amount of changes. Users with a “medium” sized change count do not
exist in ICTM.
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The collaboration Graphs for OPL (Figure 4.11(d)) and BRO (Figure 4.12(e)) are both
fully connected, meaning that every user who engaged in collaboration has changed at least
one concept with every other user that engaged in collaborative work within the ontology.
Additionally the user with the highest number of contributed changes for OPL and BRO also
participates the most in collaborative work processes.

(e) BRO

Figure 4.12: Collaboration graph for BRO. Nodes represent users who collaborated at least
once. The node size equals the amount of performed changes while edge weights
represent the amount of co-editing/collaboration between two users

4.2.3 Results
The results of the social aspects analysis of five different collaborative ontology engineering
processes (Section 4.2) lead to the following general observations:
1. The distribution of work for collaborative ontology engineering projects broadly resembles a “power-law” distribution.
2. Collaboration is performed regardless the size of the ontology or the number of active
users.
3. Collaborative work is centered around the users with the highest amount of changes
contributed to the project.
Observations made in Section 4.2.1 clearly indicate that work in collaborative ontology
engineering projects is unevenly distributed and resembles a “power-law” distribution. These
observations are also true for OPL and BRO which only feature a small number of active
users. It is interesting that this same observation is true for NCIt as well, where all users who
actually perform work are full-time employed ontology engineers. However, contrary to all
other collaborative ontology engineering projects, the user with the lowest number of changes
in NCIt has performed significantly more changes (35 changes) than each corresponding user
from the other projects (1 to 4 changes each).
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As described in Section 4.2.2, all five collaborative ontology engineering projects have users
engage in collaborative work. The overall amount of contributors who did collaborate with
other users varies from 60% in OPL to 100% in NCIt. In all projects, except OPL, the
percentage of users who worked together with other users exceeds 80%.
It can also be observed that all graphs are relatively dense interlinked. OPL and BRO
represent a fully connected graph, meaning that every user that engaged in collaborative
work collaborated at least once with every other user that performed collaborative work in
the ontology. As they both only have a very small number of active users and an even smaller
number of users who took part in collaborative work (3 to 5), the fully connected graph is
actually reasonable.

4.3 Semantic aspects
The analysis of semantic aspects provides insights and indicators of the maturity of each
ontology. To that end, the analysis was limited to only evaluate changes performed on
properties in each ontology that consist of textual values such as String or rdf:Literal. By
analyzing the amount of text of said properties that is preserved as the ontologies continue to
evolve the semantic stabilization can be evaluated.
For that purpose, the following measures were used to quantify changes in textual properties
of the ontology:
1. Absolute Vocabulary size: The absolute vocabulary size VT counts the number of words
|WT P | and the number of distinct words |UT P ⊆ WT P | in all textual properties T P in
the ontology at time T (Section 4.3.1).
2. Levenshtein distance: LD(α, β) [Lev66] counts the number of actions, such as adding,
deleting or changing letters to transform text α into text β. The average Levenshtein
distance at a given time T for all textual changes Ctext is calculated according to:
LD(T ) =

1

X

|{c ∈ Ctext : tc ≤ T }| c∈C

LD(oldc , newc ),

text :tc ≤T

tc represents the execution time of a change c, oldc and newc the value before of the
property before and after the change (Section 4.3.2).
3. Preservation rate: Evaluates the proportion of the text of a property that is preserved
when changed from original value α to β by calculating the longest common subsequence
LCS(α, β). The preservation rate for α and β can be calculated like this:
PR(α, β) =

LCS(α, β)
.
|α|

To further evaluate semantic stabilization of textual properties the average preservation
rate PR(T ) up to time T was used (see Section 4.3.3).
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4.3.1 Absolute vocabulary gain
The absolute word count for NCIt (Figure 4.13(a)) is steadily increasing and exhibits one
drastic peak that occurs during week 18. During that specific week 1, 129 new individuals
have been added to the ontology.

(a) National Cancer Institute thesaurus (NCIt)

(b) International Classification of Diseases (ICD-11)

Figure 4.13: Vocabulary growth over time: Absolute word count (black) and absolute size
of vocabulary (gray) over time for NCIt and ICD-11. The x- and y-axes are
scaled differently due to different project vocabulary sizes and change-log window
durations.
Additionally some of the properties of the newly added concepts are set and modified multiple
times evoking the drastic peak in absolute word count.
The distinct word count however is only influenced a little by the high peak in word count,
resulting in a stabilization of the vocabulary at the end of the observation period of the
ChAO.
As can be seen in Figure 4.13(b) the word count for ICD-11 features 2 rather large increases.
The first one occurs during week 21 and the second one is taking place in week 40. Both
jumps are related to the introduction of a new property for every concept in the ontology.
Similar to NCIt, the distinct word count appears to be minimally affected by both peaks,
resulting in a very stable vocabulary at the end of the observation period.
The absolute word count for ICTM (Figure 4.13(b)) is increasing very fast within the first 5
weeks of the ChAO observation period. During weeks 7 and 8 the word count is increased by
roughly 16, 000 words due to maintenance work which includes actions such as adding values
to assigned properties of concepts or modifying short definitions.
Afterwards a first stabilization can be observed which ends in week 19 which is followed by
another increase of the word count until it reaches a maximum of 53, 642 during week 28.
Other than NCIt and ICD-11 the word count in ICTM drastically drops from 53, 642 to
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37, 864 words in just two weeks and then slowly but steadily increases until the end of the
observation period.

(c) International Classification of Traditional
Medicine (ICTM)

(d) Ontology for Parasite LifeCycle (OPL)

Figure 4.14: Vocabulary growth over time: Absolute word count (black) and absolute size
of vocabulary (gray) over time for ICTM and OPL. The x- and y-axes are
scaled differently due to different project vocabulary sizes and change-log window
durations.
The drastic decrease in the overall word count for ICTM is related to a few users performing
maintenance work for ICTM, deleting short definitions and titles from concepts of what seems
to be a single branch in the ontology.
During the first 10 weeks of OPL’s ChAO only a very small amount of changes are performed.
Therefore virtually none changes on textual properties in OPL can be observed as there are
nearly none executed at all (see Figure 4.14(d)). This ends during week 10 and the word
count as well as the distinct word count start to increase. Even though it looks as if there are
drastic jumps in the overall word count during week 11 and 13, the total number of words
only increases by about 300 to 500 words. The drastic increase in word count that can be
seen after week 14 is due to one user editing several concepts (a total of 88) in the ontology,
mostly adding rather long definitions to the property short definition.
Again, the distinct word count for OPL is not highly affected by the drastic increase in words
after week 14, which indicates stabilization. To conclusively verify this, additional change
data is needed.
The distinct word count for BRO, as depicted in Figure 4.15(e), is the only distinct word
count from all five collaborative ontology engineering projects that appears to be directly
influenced by the overall word count, which could also be due to the short observation period.
As the word count drastically increases during week 1 from 802 words to a maximum of 3, 904
words and decreases again to 3, 370 words, due 148 changes to the property owl:definition of
several concepts, the distinct word count significantly increases as well from 329 words to
1, 187 words.
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(e) Biomedical Resource Ontology (BRO)

Figure 4.15: Vocabulary growth over time: Absolute word count (black) and absolute size of
vocabulary (gray) over time for BRO.

4.3.2 Levenshtein edit distance
The analysis of the average Levenshtein edit distance for all five collaborative ontology
engineering projects (Figure 4.16) provides interesting information about the stability of the
textual properties of each project which in turn can be used as an indicator for the overall
stability of an ontology.
The first rather drastic increases of the average Levenshtein distance for NCIt, ICTM, BRO
and OPL just at or shortly after Start are due to few changes that introduce or modify rather
large textual properties, such as definitions, titles or short definitions. Just after that first
peak, the Levenshtein distance for NCIt drops to a reasonable level and steadily increases
until End which is the end of the observation period of its ChAO.
ICD-11 is the only data set that does not exhibit a significant increase of the Levenshtein
distance during the start of the observation period. Both jumps in Levenshtein distance
correlate to the same events, which are newly introduced properties that increased its absolute
word count too as described in Section 4.3.1. Despite these two rapid increases in Levenshtein
distance, the average Levenshtein distance after the second peak is slowly but gradually
declining. This observation indicates a stabilization of ICD-11’s semantics in spite of the still
high absolute Levenshtein distance of roughly a 100 at End.
ICTM features a very stable Levenshtein distance with only small fluctuations, indicating
that the textual properties in the ontology are constantly added, deleted or modified from
Start to End.
As already mentioned in Section 4.3.1, OPL only has a very limited amount of changes
regarding textual properties during the first half of its observation period. Due to this
circumstance the first increase and the decrease shortly after represent a skewed initial peak
for OPL which afterwards averages and slightly increases similar to its overall word count.
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Figure 4.16: Average Levenshtein edit distance for textual changes over time for NCIt, ICD-11,
ICTM, OPL and BRO. The observation periods are scaled for each project
individually from start to end.
Similar to ICD-11 the Levenshtein distance for BRO is slowly decreasing towards End
indicating robust semantics and a stabilization of the ontology.

4.3.3 Preservation rate
For the analysis of the preservation rate (Figure 4.17) only changes that modify a textual
property, thus include the value of the textual property before and after the change, were
considered. Due to this limitation the number of changes considered for NCIt has drastically
declined. Most of the remaining changes only correct typos or are used to perform maintenance
tasks.
The preservation rate for ICTM is very steady at around 90%, meaning that if a textual
property is changed, on average 90% of its text is retained. OPL behaves very similar to
what can be observed for ICTM. The slight increase in preservation rate correlates with the
absolute word count and averages at about 90%.
The highest fluctuation in preservation rates can be observed for ICD-11 and BRO. These
fluctuations again correlate with the absolute word count and both average around a very
steady 80% at End, showing signs of stabilization.
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Figure 4.17: Average preservation rate for textual properties over time for the five collaborative ontology engineering projects NCIt, ICD-11, ICTM, OPL and BRO. The
observation periods are scaled for each project individually from Start to End.

4.3.4 Results
The thorough analysis of semantic aspects (Section 4.3) across five different collaborative
ontology engineering projects can be summarized into the following three general observations:
1. Significant “jumps” in absolute word counts correlate with events, such as the introduction of new properties or maintenance work.
2. The vocabulary size in collaborative ontology engineering projects is not highly affected
by the absolute word count.
3. The current state of development of an ontology can be derived from its Levenshtein
distance and preservation rate.
The sudden increases in absolute word count for NCIt, ICD-11 and ICTM are all related to
the introduction of new properties or concentrated maintenance work such as the creation of
additional concepts/branches or correcting specific property values throughout the ontology.
For ICTM in particular the sudden large decrease in vocabulary size is credited to one single
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user who performed rather drastic changes such as Delete and Replace on important textual
properties (title or short definition) of what looks like a single branch of ICTM.
In the BRO data set, the significant decrease in words is related to work performed to correct
textual values of properties. In these changes, additional information of the preceding value
of the already changed value was stored as part of the textual property itself with the prefix:
OLD.
For example, a change of one of these textual properties in the BRO data set constitutes of:
1. The immediate old value of the textual property.
2. The new or just changed textual value.
3. The preceding value of the immediate old value, marked with OLD.
An example of the context of such a change is: “Old value: PML Resource that provides
access to tools or functions for testing statistical hypothesis against data. OLD A statistical
algorithm that . New value: Resource that provides access to tools or functions for testing
statistical hypothesis against data.”.
Therefore the decrease of words in BRO correlates to the changes performed deleting the
additional textual property value OLD.
Additionally it can be observed that even though the decrease in word counts for the previously
mentioned data sets is significant, the distinct word count is nearly unaffected by these changes,
indicating that the vocabulary used in an ontology correlates with its size and appears to be
quite robust in later phases of the ontology engineering process.
The Levenshtein edit distance (Section 4.3.2) and the preservation rate (Section 4.3.3) can be
used as indicator to determine the current stage of each ontology engineering project, due to
their observed semantic stabilization. If a project is still in an early phase of development
the observed Levenshtein distance would be rather high and the preservation rate would be
observed as rather low.
This appears to be true for NCIt and ICD-11, which are both still under active development
and exhibit a higher Levenshtein distance and a lower preservation rate at the end of their
observation periods. Interestingly ICTM, which exhibits a relatively high number of changes
appears to be a very stable ontology, even though it is still under development. However,
changes appear to have the same impact on the textual properties across time as ICTM
features a very constant Levenshtein distance.
It is important to note that textual properties are vital in (bio-)medical ontologies especially
for ICD-11, NCIt and ICTM, even though they only represent a small fraction of the content
of each ontology. The textual properties can be long concept titles, textual definitions of
concepts or other descriptions. Future work will have to find additional measures to help
further investigate the stabilization of other ontological properties.
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4.4 Behavioral aspects
The behavioral aspects analysis of five different collaborative ontology engineering projects,
was conducted to explore how and to what extent activity propagate through the ontology
and if there are areas in an ontology that are changed more often than others.
To that end the analysis of behavioral aspects was focused around the following two aspects:
1. Propagation of activities: Given two random concepts directly related through a is-a
relationship, representing child and parent, what is the likelihood that both concepts
are changed within a certain time?
2. Distribution of changes across depth levels: How often were concepts of a specific
hierarchy level changed on average?
The answer to the first question (see Section 4.4.1) can be used to show if activity in an
ontology actually “traverses along” ontological relations and if contributors work on a given
ontology in top-to-bottom or a bottom-to-top order, or if the behavior of the contributors is
not affected at all by the ontological structure.
However, to answer the first question, a definition of the different propagations of an activity
in an ontology is needed.
1. Top-down: If a change was first performed on the parent and afterwards another
(different) change is performed on the child, the propagation of activity is characterized
as top-down.
2. Bottom-up: If a change was first performed on the child and afterwards another (different)
change is performed on the parent, the propagation of activity is characterized as bottomup.
The propagation time pt for every relationship (u, v) ∈ R for child u and parent v the
minimum time for an activity to traverses from child to parent (if any) is defined as:
pt% (u, v) =

min

c∈C:kc =u
d∈C:kd =v,td >tc

td − tc ,

kc represents the concept where the change c is performed on and tc the time of change. The
traversal or propagation time from parent to child is defined as the reverse:
pt& (u, v) = pt% (v, u).
The fraction PT(t) of relations with propagation time ≤ t is defined as:
PT(t) = |{(u, v) | pt. (u, v) ≤ t}|/|R|.
To be able to determine the significance of the change propagation results, the following
experimental baseline, a configuration model according to [Bol01], has been used:

Chapter 4. Methods & Empirical Results

46

A random network was generated with retained in- and out-degree distributions and the same
amount of nodes but randomly set edges, from the original ontology network.
Then the same analysis was applied to the newly generated network, using the results as
baseline. The actual difference between the baseline and the results from the original network
are an indicator for the influence of the ontological relationships.
As pt% and pt& are symmetrical, the baselines generated for both will be very similar.
The main purpose of the change propagation analysis is to provide insights, similar to a
“birds-eye perspective”, on the activity of all contributing users in an ontology as a collective.
It is important to understand and explore if specific levels of an ontology receive more or less
attention (see Section 4.4.2) from contributors and identify the cause. For this analysis the
depth level was defined as the shortest path from a concept to the root concept.

4.4.1 Propagation of activities
The overall propagation of changes for NCIt, as can be seen in Figure 4.18(a), at first sight
seems to be completely random. Changes neither traverse in a top-down nor in a bottom-up
manner. Additionally the baselines are very similar to the actual results, indicating that the
relations in the ontology are not very important for the traversal of changes. This is due to
the high amount of concepts and relations stored in NCIt and the relatively low fraction of
concepts that are actually changed.

(a) National Cancer Institute thesaurus (NCIt)
(including a magnified inset)

(b) International Classification of Diseases (ICD-11)

Figure 4.18: The propagation of activities for NCIt and ICD-11 where top-down propagation is
represented by black lines and bottom-up propagation is represented by grey lines.
The baselines are represented by the black and gray dashed lines, corresponding
to bottom-up and top-down.
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(d) Ontology for Parasite LifeCycle (OPL)

Figure 4.19: The propagation of activities for ICTM and OPL where top-down propagation is
represented by black lines and bottom-up propagation is represented by grey lines.
The baselines are represented by the black and gray dashed lines, corresponding
to bottom-up and top-down.
However, when looking at the inset in Figure 4.18(a) it can be observed that top-down propagation significantly dominates over bottom-up propagation and both observed propagations
traverse a significantly higher fraction of edges.

(e) Biomedical Resource Ontology (BRO)

Figure 4.20: The propagation of activities for BRO where top-down propagation is represented
by black lines and bottom-up propagation is represented by grey lines. The
baselines are represented by the black and grey dashed lines, corresponding to
bottom-up and top-down.
According to the observations for ICD-11 (Figure 4.18(b)) activity is more likely to be
propagated in a top-down manner. After one hour around 40% of all the relations in the
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ontology are traversed top-down and only 18% of all relations are traversed bottom-up.
It is interesting that when analyzing across the whole observation period the difference
between the top-down propagation (60%) and its baseline (38%) compared to bottom-up
(43%) and its baseline (40%) is significantly higher, indicating that the ontological relations
favor a top-down propagation of activities.
Contrary to NCIt, the absolute number of relations traversed either top-down or bottom-up
are much higher for ICTM (Figure 4.19(c)), due to a smaller number of overall concepts and
relations combined with a very high amount of performed changes.
Again, the top-down propagation of changes dominates over bottom-up. Interestingly a small
period at around 200 to 400 hours can be observed where bottom-up propagation seems to
be slightly more likely than top-down.
The propagation of activities for OPL (Figure 4.19(d)) only shows a small increase over time
of both, bottom-up and top-down traversal measures with top-down being slightly higher.
The bottom-up traversal of activities for BRO (Figure 4.20(e)) fluctuate slightly around
the baseline, indicating that the relations of the ontology have no influence at all on the
bottom-up propagation. On the other hand, the percentage and difference of all relations in
BRO that are traversed in a top-down manner, when compared to the baseline is at a very
high 45% and only slightly increases over time to about 60%.

4.4.2 Distribution of changes across depth levels
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(a) National Cancer Institute thesaurus (NCIt)
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The average number of changes per concept across hierarchy levels for NCIt (Figure 4.21(a))
is very evenly distributed across all depth levels. A small peak can be observed at level 12
with an average of around 5 changes per concept.
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(b) International Classification of Diseases (ICD-11)

Figure 4.21: The average number of changes for every concept at a certain depth for NCIt
and ICD-11. The root concept at depth 0 is not included as it is an “artificial”
concept in all five ontology engineering projects.
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ICD-11 (Figure 4.21(b)) shows a peak of activity at the depth levels 1 with 19 changes per
concept and 3 with 11 changes per concept. Other than that the average number of changes
per concept is uniformly distributed across all depth levels.
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(c) International Classification of Traditional
Medicine (ICTM)

(d) Ontology for Parasite LifeCycle (OPL)

Figure 4.22: The average number of changes for every concept at a certain depth for ICTM
and OPL. The root concept at depth 0 is not included as it is an “artificial”
concept in all five ontology engineering projects.
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It can be observed that in ICTM (Figure 4.22(c)) concepts at a higher depth level received
up to 4 times the attention (around 45 changes per concept) than concepts at lower depth
levels (around 12 changes per concept). OPL has virtually no changes performed on concepts
with a lower depth level than 5 and then suddenly shows a high peak at level 6 with around
21 changes per concept.
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(e) Biomedical Resource Ontology (BRO)

Figure 4.23: The average number of changes for every concept at a certain depth for BRO.
The root concept at depth 0 is not included as it is an “artificial” concept in all
five ontology engineering projects.
BRO is very similar to ICD-11 and shows a uniformly distributed number of changes per
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concept except for a small peak at depth-level 2 with around 10 changes per concept.

4.4.3 Results
The analysis of behavioral aspects of the collaborative ontology engineering process across
5 different projects (Section 4.4) provides insights that leads to the following general
observations:
1. Work in ontologies is rather performed top-down than bottom-up
2. Semantic relations influence the way work is performed in an ontology
3. The ontological structure greatly influences where (i.e. the depth level) work is performed
in an ontology
As can be observed in the analysis performed in Section 4.4.1, the propagation of activity in
all five collaborative ontology engineering projects show follows a top-down tendency meaning
that, if a user performed a change on a concept it is more likely that he will edit a subconcept
of the previously changed concept than any other other concept in the ontology.
The propagation tendencies can be calculated and used to enhance the usability and quality
of ontology development tools, so that if a top-down propagation of activities was identified
the user could be presented with the immediate sub-concepts of the edited concepts for easier
navigation.
At this stage of the research, it is important to note that even though top-down seems to be
the preferred way of performing work in an ontology further research has to be conducted on
evaluating both approaches to determine which one yields work of higher quality. Additionally,
a more detailed analysis has to be performed to explore possible change-sequences such as if
one specific property is changed is there another property that gets changed afterwards with
a very high likelihood?
The differences in ontological structure (see Figures 3.3 to 3.8) are also reflected by the
propagations. Ontologies, such as ICD-11 which are highly interconnected with is-a relations
show a higher percentage of top-down and bottom-up work performed than others.
This is also the reason why the absolute propagation rates for NCIt are very low. The data
set consists of a large number of concepts and relations with a relatively small number of
changes. Taking that into account, followed by the definition of the propagation time, it is
more likely that changes are not performed on immediately related concepts. Taking this and
the low absolute percentage of traversed changes into account, the difference between the
baseline and the actual results is still significant.
All propagations, except for the bottom-up propagation for BRO, are significantly different
from the calculated baselines, implicating that semantic relations do have an influence on the
editing behavior of contributors in collaborative ontology engineering projects.
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The analysis of the distribution of changes across different hierarchy levels (see Section 4.4.2)
shows that the ontological structure (see Figures 3.3 to 3.8) highly correlates with the number
of changes performed on each depth level.
The structure apparently greatly influences where changes are performed in an ontology.
For example, in OPL the first three to four depth levels are only used as a content separator/classifier, moving the change worthy content down to level 5 (Figure 3.7), skewing the
distribution of changes across depth levels towards lower hierarchy levels.

5 Implementation of concept recommender
algorithms
The main purpose of recommender systems is to identify and present items, or in the case
of this thesis, concepts of interest for a specific individual or a group of individuals selected
by previously defined features. One of the most prominent examples where recommender
systems are used is Amazon1 . Similar to the sweets, conveniently lined up at the checkout
in a supermarket, these recommender systems are used to enhance and stimulate impulsive
buying behavior of customers. In the case of collaboratively engineered ontologies, concept
recommender systems can be used to identify concepts that users are more likely to show
interest in when presented, which in turn can lead to an increase in participation.
To that end, the following three basic concept recommendation techniques have been implemented in iCAT Analytics [MS10, AT05a]:
1. Item/Content based recommender systems: They try to identify the best recommendations according to the content-similarity of a given set of items.
2. Collaborative filtering recommender systems: Collaborative filtering tries to recommend
items according to behavioral patterns of similar users
3. Knowledge based recommender systems: They focus on identifying similar items by
relying on additionally available domain knowledge.
All three recommender techniques will be explored in greater detail and are implemented in
iCAT Analytics using the ICD-11 data set.

5.1 Recommendations based on content-similarity
Content based recommender systems try to identify similar items or concepts by calculating
and comparing the similarity based on their content. Content in the context of an ontology
can be defined as different features of a concept such as textual attributes and properties in
general and titles and descriptions in particular as well as notes or discussions. For biomedical
ontologies content can be names and descriptions of diseases, different clinical descriptions
such as related body parts, synonyms, signs and symptoms, investigation findings like lab
activities or measures needed to diagnose a disease or even treatment plans.

1

http://www.amazon.com
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The Similarity for content based recommender systems, which is needed for identifying the
best concept to recommend, can be calculated on features, attributes or properties that are all
content related and are all available for every concept. Often the Pearson correlation, cosine
similarity or the Jaccard coefficient are used to measure similarity, though every other text
based similarity measure can be used including the Levenshtein edit distance or a plain overlap
of textual attributes as long as they clearly identify the wanted number of recommendations
without producing too many ties.
It is important to note that different results can be yielded by different similarity
measures when presented with the same input depending on the given environment.

5.1.1 Illustrative implementation
To illustrate the implementation of content based recommender techniques in this work,
real data excerpts, extracted from the ICD-11 and its ChAO, are used in this section. The
similarity was calculated using cosine similarity (Equation 5.1), as this similarity measure has
already been proven to provide reasonably good results for other collaborative environments
[AT05a]. Results of cosine similarity range from 0, meaning completely unequal, to 1 which
means identical according to the selected content features.
n
P

cos(A, B) = s

Ai × B i

i=1
n
P
i=1

s

(Ai

)2

×

n
P

(5.1)
(Bi

)2

i=1

Given all users U and the set of all concepts C, for every user u ∈ U and their previously
changed concepts Cu ⊆ C, all words from the title and the definition of a concept c ∈ Cu , as
well as c ∈ C have to be extracted and numbered according to their appearance count.
The following three tasks were performed before counting the words:
1. Removal of all stop words such as “is”, “as”, “and”, “so” etc.
2. Stemming, which is a mechanism used in natural language processing to reduce words
to their stem [MRS08], has to be performed
3. All special characters have to be removed for the purpose of increasing the quality of
similarity calculations. In this implementation the stop word list available from the
Natural Language Toolkit [BKL09] was used.
~ u stores all words and their respective number of appearances from each title
The vector W
and definition of every concept c ∈ Cu . All words and word counts of each title and definition
~c in a similar way.
per concept c ∈ C are collected in the vector V
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~ LB = {disease : 906, skin : 125, contact : 33, acute : 97}
W
~ AR = {disease : 386, skin : 34, contact : 0, acute : 39}
W
~ RC = {disease : 272, skin : 841, contact : 399, acute : 65}
W
~LZ1 = {disease : 1, skin : 1, contact : 0, acute : 0}
V
~L56 = {disease : 0, skin : 1, contact : 0, acute : 1}
V
~Z20 = {disease : 1, skin : 0, contact : 1, acute : 0}
V
~ u and V
~c (left) showing already processed word-count
Table 5.1: Excerpt of the vectors W
~ u ) and for
lists (right) from all concepts changed by users LB, AR and RC (in W
~c )
concepts LZ1, L56 and Z20 (in V
Excerpts of the word-count lists for the ICD-11 users LB, AR and RC 2 are displayed in
Table 5.1. The selection process for the users was partly motivated by their activity to ensure
useful, meaningful and representative results.
The short codes used to abbreviate the concept-names in Table 5.1 correspond to the following
concepts:
1. LZ1 = ’LZ1 Impairment of normal functioning resulting from skin disease’
2. L56 = ’Other acute skin changes due to ultraviolet radiation’
3. Z20 = ’Contact with and exposure to communicable diseases’
The concepts for this excerpt have been chosen manually after investigating the word-lists of
all users.
The user-concept matrix MU,C (see Table 5.2) stores the calculated cosine similarity values
~c ) for every u ∈ U and c ∈ C so that Mu,c = cos(W
~ u, V
~c ).
~ u, V
(Equation 5.1) cos(W

LB
AR
RC

LZ1
0, 792159
0, 762570
0, 809721

L56
0, 170571
0, 132542
0, 659126

Z20
0, 721471
0, 700839
0, 488160

Table 5.2: User-concept similarity matrix MU,C . Higher values indicate a higher similarity to
previously changed concepts of the corresponding user.
After all calculations are finished, the best recommendation ru ∈ Cu for each user u ∈ U can
be extracted by looking for the concept with the highest similarity value in MU,C .
According to the excerpt, the best recommendation for LB, based on cosine similarity measure,
is concept LZ1 closely followed by Z20. It can clearly be observed that, according to cosine
similarity, concept L56 is a rather bad recommendation for LB when compared to LZ1 and
Z20. The results for user AR are very similar, which is of no surprise, as the word-count lists

2

Names have been abbreviated to ensure the privacy of ICD-11 contributors.
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of both users are already very similar. The user RC is recommended the concepts LZ1 first,
L56 second and Z20 third, as the similarity value for Z20 is still within a reasonable range.
“Reasonable range” has to be defined individually for every application depending on the
environment and the similarity measure used. This short excerpt shows that users are
recommended different concepts, based on the content of their previously edited concepts.
Additionally it shows that if there is two users with similar word-count lists (LB and AR, see
Table 5.1) the calculated recommendations are similar as well.

5.2 Recommendations based on collaborative filtering
Collaborative filtering tries to find the best concepts for recommendation based on the
calculated similarity of previous user-editing behavior. To that end behavioral and/or usage
patterns have to be identified and grouped according to their similarity values [SKKR01,
GNOT92].
To be able to apply and implement collaborative filtering it is necessary to define usagepatterns. They can either be explicitly entered information such as ratings of items or
implicit measures [RBT+ 08] deducted from the amount of previously viewed, bought, or
changed items by a single user.
In the context of collaboratively engineered ontologies, that usually do not provide explicitly
entered ratings at all, implicit measures such as the appearance-count of every change type
like adding, editing or even moving or deleting a concept, property or individual have to
be used. Additionally, if a user has contributed notes or comments to concepts they can be
used as an indicator for interest or even simple viewing patterns or viewing times are viable
usage-patterns.
The similarity measures used when implementing collaborative filtering have to identify
users with common interests. Interests are derived from usage-patterns that are either
explicitly or implicitly provided by the users. As explicit information about the interests of a
user is usually not available in collaborative ontology engineering, implicit information, such
as the number of times a concept was viewed, changed or any other behavioral statistic has
to suffice. By calculating the similarity between these usage patterns of different users, viable
concepts for recommendation can be identified.
Recommendations can be given to a user once the similarity calculations are done by picking
concepts from very similar or neighboring users. It is important to mention, that usually
recommendations are only given to users for concepts they have not viewed or changed in the
past.
Similar to content based recommendations, many different similarity measures are applicable
when implementing collaborative filtering. The most prominent similarity measures for
collaborative filtering are the Pearson correlation and cosine similarity [SKKR01, RBT+ 08].
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5.2.1 Illustrative implementation
To provide an illustrative example of a collaborative filtering implementation, data excerpts
from ICD-11 have been drawn to illustrate how collaborative filtering could be adopted
to collaborative ontology engineering environments. Contrary to Content- or Item-Based
recommendation techniques, collaborative filtering tries to find the best concepts for recommendation by identifying similar usage patterns across different users.
ICD-11 does not provide explicit information about a users interest in every concept, therefore
implicit information was gathered and used to calculate similarity. For the gathering of
implicit information in ICD-11 the following assumption was made: An individual is identical
to another individual if all changes of both individuals are consistently performed on the same
concepts. An individual is complete different to another individual if not a single change of
both individuals is performed on the same concept.
First the similarity for all user u ∈ U is calculated. The concepts Cu ⊆ C that have been
changed by u during the observation period of ICD-11’s ChAO (see Table 3.1 for detailed
dates) are displayed in Table 5.3.
CLB = {H40.1, BPNCS, XII}
CAR = {DBS}
CRC = {BPNCS, XII, DBS}
Table 5.3: The set Cu contains excerpts of all concepts changed by users u.
Similar to the selection process of content based recommender techniques, the excerpts of the
concepts have been manually selected to ensure meaningful and representative results. The
short codes used in Table 5.3 correspond to the following concepts:
1. H40.1 = ’Primary open-angle glaucoma’
2. BPNCS = ’Benign proliferations, neoplasms and cysts of the skin’
3. XII = ’Diseases of the skin’
4. DBS = ’De Barsy syndrome’
The Jaccard coefficient was used to calculate similarity on the set of concepts Cu for all users
u ∈ U (see Equation 5.2).

J(ui , uj ) =

|Cui ∩ Cuj |
|Cui ∪ Cuj |

(5.2)

If all similarity values for every user-user pair are calculated, the user-user similarity matrix
MU,U (see Table 5.4) can be filled according to Mi,j = J(ui , uj )
The arbitrary threshold minSimilarity, set at 0.0001, was used to filter and exclude pairs
of users with a similarity lower than minSimilarity. Note that this threshold has to be
adjusted if used in different environments.
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LB
AR
RC

LB
1
0
0,5

AR
0
1
0,33

57

RC
0,5
0,33
1

Table 5.4: The user-user similarity matrix MU,U filled with similarity values calculated according to the Jaccard coefficient (Equation 5.2)
The number of changes performed by every user u ∈ U on every concept c ∈ Cu is stored in
the matrix NU,C and can be viewed in Table 5.5.

LB
AR
RC

H40.1
2
0
0

BP N CS
1
0
12

XII
12
0
45

DBS
0
20
14

Table 5.5: The user-concept change count matrix NU,C

O(i, j) =

n
X

N (k, j) + N (k, j) ∗ M (i, k)

(5.3)

k=0,k6=i

The results of Equation 5.3 are stored in OU,C and can be viewed in Table 5.6.

LB
AR
RC

H40.1
0
3

BP N CS
15,96
-

XII
59,85
-

DBS
21
-

Table 5.6: User-concept similarity matrix OU,C
It is worth mentioning that the quality of collaborative filtering is closely tied to the quantity
of active user and participation as well as collaboration in the engineering process, meaning
that better recommendations (with less ties and more significant results) can be produced
if a large base of active users are collaborating in creating the ontology. Additionally, it
can be difficult to select attributes that are viable to use for calculating similarity when
implementing collaborative filtering, as different attributes yield different similarity values
which might not be equally good.

5.3 Recommendations based on ontological domain knowledge
Knowledge based recommender systems try to identify the best concepts to recommend
to a user based on specific domain knowledge. This type of recommendation technique
represents a sub-class of Content- or Item-Based recommender systems. The approach of both
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techniques is very similar but they differ in the type of content (attributes and properties
versus domain knowledge) that is used to calculate similarity between concepts to determine
the best recommendation.
Knowledge that is extracted from the environment or the system is called Domain knowledge. To be able to identify domain knowledge that will provide good results when used
for creating recommendations is very hard. In the context of collaboratively engineered
ontologies, ontological-reasoning (inferencing) can be part of domain knowledge. For example
in an ontology sub-concepts of a concept have a semantic relation (is-a) and are therefore
more similar to each other than concepts with a shortest path that is greater than 1. However,
domain knowledge in ontologies is not limited to reasoning. Very basic information of the
ontological structure such as the depth level can also be part of domain knowledge. Other
examples for domain knowledge are the ontological distance of two concepts, the type of the
relationships between two concepts, the connectivity of a concept or the references to other
knowledge bases and their domain knowledge [LSSM08, PFF+ 09].
The domain knowledge used to calculate similarity for knowledge based recommender
systems can either be provided by the users themselves, e.g. by actively querying them
for input, or implicitly by analyzing the previous behavior of a user [Bur99]. In general,
attributes for consideration that are known to work well with knowledge based recommender
systems are the prizes of bought items in e-commerce applications, the director or the cast
of already watched movies for movie recommendations or the genres of music a user often
listens to for music stores.
For measuring similarity conventional similarity measures can but do not have to be used.
As, depending on the available domain knowledge, similarity sometimes is already implicitly
predefined for concepts, for example when using is-a relations of a class and its sub-classes,
it can suffice to filter concepts for special parameters [Bur99] to obtain viable results of
rather good quality. Similar to content based recommender techniques, depending on the
specific domain knowledge used to calculate similarity, the quality of the recommendations
can vary.

5.3.1 Illustrative implementation
To illustrate how knowledge based recommender techniques can be implemented in the context
of an ontology, excerpts from ICD-11 have been collected. To emphasize the origins of ICD-11,
an OWL based ontology, this implementation uses information of the ontological structure
to identify concepts worth recommending. The structural information used for similarity
calculations is the grade of connectivity of a concept, defined by their number of in-going is-a
relations, related to previously changed concepts of every user in the ontology individually.
The idea behind the chosen approach is that users will show more interest in concepts that are
related to concepts they have previously changed and therefore shown interest in. Thus, the
higher the number of links to a specific concept referred to from previously changed concepts
of a user, the more related is that specific concept to the previously changed concepts of that
user.
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To that end, the ontology was represented as a directed graph, using the semantic relation
is-a in the context of parent and child as illustrated in Figure 5.1.

Figure 5.1: Graph based representation of an ICD-11 excerpt drawn for user LB. Nodes
represent concepts while edges represent is-a parent relationships. The dotted
line indicates changed concepts.
This graph based representation enables very easy path traversal, which in turn allows to
identify the set of most linked to concepts Clinked for a specific set of concepts Cu ⊆ C of all
concepts C for a given user u ∈ U .
The graph based representation of the ICD-11 excerpt displayed in Figure 5.1 shows the
concept B57.1 which was changed only once by user LB. If either a previously defined depth
level is reached or an arbitrary threshold of highly interlinked concepts are discovered, path
traversal will stop. Additionally if the graph runs out of nodes, path traversal is stopped as
well. Every time neither the predefined depth level, the set threshold or the last node of the
graph is reached an expansion is performed.
The concepts that have been abbreviated to better fit the graphical representation in Figure 5.1
are:
1. B57.1 = ’Acute Chagas disease without heart involvement’
2. B57 = ’Chagas’ disease’
3. B57.2 = ’Chagas disease (chronic) with heart involvement’
4. B57.3 = ’Chagas disease (chronic) with digestive system involvement’
5. SC1 = ’Selected Cause is Remainder of certain infectious and parasitic diseases in the
Condensed and Selected Infant and child mortality lists’
6. SC2 = ’Selected Cause is Trypanosomiasis’
7. M ortality = ’Tabulation list for mortality’
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Depth
1
2
3
4

B57.1
1
1
1
1

B57.2
0
0
0
0

B57.3
0
0
0
0

B57
1
2
2
2

SC1
0
1
2
2

SC2
0
1
2
2
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Mortality
0
0
2
3

Table 5.7: Number of encounters on different depth levels for concepts CLB of user LB.
The first four expansions for the previously named concepts are illustrated in Table 5.7.
To be able to easily locate all c ∈ Cu ⊆ C for a given user u and its immediate neighbors an
adjacency matrix for all concepts C has been created, using is-a relations.
Now path traversal, originating from previously changed concepts along all paths, as shown
in Figure 5.1 and Table 5.7, was performed while the number of encounters for every concept
was stored. According to the basic idea of this approach, the higher the in-degree of a related
concept, the likelier it is that u will be interested in working on that concept.
Note, that there are few special concepts in ICD-11 that were manually sorted out and
ignored for calculating knowledge based recommendations as they are used to group and
mark concepts that are about to be retired or deleted. As they are not part of the actual
change worthy content, those concepts have been filtered out.
The biggest problem assigned to knowledge based recommender systems is to distinguish
between basic content used for Content or Item-Based recommender systems and domain
knowledge. Additionally, depending on the environment, not all domain knowledge attributes
are viable for generating knowledge based recommendations due to very low quality of the
results.
Contrary to collaborative filtering, knowledge based recommender techniques do not depend
that much on the amount of available content and contributions, as the structure or referenced
knowledge bases can also be used for creating recommendations.
One advantage over content based as well as collaborative filtering recommender systems is,
that as long as there is enough content and contributions to infer general rules about users or
contributions, knowledge based recommendations can be applied.

5.4 Results & Evaluation
The evaluation of all implemented recommender systems was conducted using a 5-fold cross
validation [RIJ79]. For that purpose, the set of chronologically ordered changes performed by
every user was split into 5 equally sized parts. 4 consecutive parts were used to calculate the
ranked Top 10 recommendations according to the implementations described in Sections 5.1.1
to 5.3.1, while the fifth part was used for validation.
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To that end, only users that have changed at least 50 different concepts, split into at least 40
for training and 10 for validation, have been used for evaluation, resulting in a total of 29
users with 1450 recommendations.
If a generated recommendation was also part of the validation set it was marked as found
relevant document or short hit. In this evaluation the validation set is also the set of relevant
documents. The maximum number of retrieved documents is defined as 10, as only the Top
10 recommendations are considered.
All changes that are neither part of the validation set nor part of the Top 10 recommendations
are considered as miss, even if the validation set has more than 10 changes. For every
rank/position N of the Top 10 recommendations the Precision at N [Gun35] was calculated
using Equation 5.4.
P recision =

|found relevant documents|
|found documents|

(5.4)

To be able to measure the significance of all recommender approaches in this master’s thesis a
random baseline for every user has been calculated, using the same 5-fold cross validation
approach. However, instead of picking the Top 10 recommendations according to similarity
values, 10 random concepts of the set of unchanged concepts of each user have been chosen
and compared against the validation set.
Using this method, a random baseline of 0.6897% of average hits was calculated, resulting
from an average of 10 hits in 1450 recommendations.
To be able to compare and evaluate each recommender technique the following aspects have
been analyzed:
1. The average percentage of hits at position N : Is used to determine the performance of
a recommender approach for every position of the generated Top 10 recommendations.
Given a position n, the recommendations Rn,U listed at position n for all users U , the
validation set VU for all users U , the average percentage of hits at position n is the
number of hits Hn = |Rn,U ∈ VU | divided by the number of recommendations |Rn,U |.
2. The precision at position N : Shows the amount of hits in relation to the amount of
found documents at position N. Given a position n, the recommendations Rn,U listed at
position n for all users U , the validation set VU for all users U , the precision at position
n is the number of hits Hn = |Rn,U ∈ VU | divided by the number of already looked at
concepts n.
3. The hit percentage at position N for different users: Shows the average percent of hits
for every position for a specific user. Given a position n, the recommendations Rn,u
listed at position n for every user u ∈ U , the validation set Vu for user u, the average
percentage of hits at position n is the number of hits Hn = |Rn,u ∈ Vu | divided by the
number of recommendations |Rn,u |.
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5.4.1 Evaluation of the content based recommender system
Figure 5.2 shows the average percentage of hits for position N . The average percentage of hits
across all positions (black dotted line in Figure 5.2) is set at 48.83%, meaning that on average
about every second recommendation that is calculated using the content based recommender
approach is also part of the corresponding validation set.

Figure 5.2: The average percentage of hits (y-axis) across all users and all positions of the
ranked recommendation list (x-axis) for content based recommendations. The
gray dotted line represents the random baseline. The black dotted line represents
the average hits across all positions n ∈ N .
It is worth mentioning that a significant difference between the random baseline (gray dotted
line in Figure 5.2) and the average percentage of hits (black dotted line) can be observed,
which indicates that content based recommendation techniques are significantly more useful
for generating recommendations in collaborative ontology engineering projects than randomly
picking concepts.
Additionally the average percentage of hits across all positions of the recommendation list is
uniformly distributed with a slight decrease at lower ranks (e.g. positions 6 − 10).
Even though the overall results are already good, there is still great potential for enhancing
the content based recommender approach. According to Figure 5.3, the Precision at N reaches
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its peak with a precision of 0.5425 at N = 3, indicating that the suggested concepts on
position 1 (precision of 0.4966) are not as good as recommendations generated for positions 2
and 3.

Figure 5.3: The average Precision at N for content based recommendations for all ranks in
the generated Top 10 recommendation lists across all users. The y-axis represents
the precision and the x-axis represents the positions N.
In addition to the overall analysis of the content based recommender approach (Figure 5.2) a
similar analysis was conducted on every single of the 29 users that are viable for evaluation.
Two representatives for rather large, medium and smaller sized ChAOs have been chosen
and are displayed in Figure 5.4. The average percentage of hits across all positions for both
users with a rather large ChAO (see Figure 5.4(a) and 5.4(b)) is very similar at around 47%.
However, the overall performance of the recommender seems to be working better with LB as
higher ranks exhibit a higher average hit percentage. For both users the difference between
the average hit percentage and the random baseline is significantly high.
It is interesting that the content based recommender approach seems to have worked best for
RJ (see Figure 5.4(c)) with a medium sized ChAO and an average hit percentage of 76%
but also performed worst on CH (see Figure 5.4(d)) who features a medium sized ChAO as
well. Even though there is a very high fluctuation in hits for CH, there is still an observable
difference between the average hit percentage and the random baseline.
The average hit percentage for users AN and SK, who both exhibit a smaller sized ChAO
(Figure 5.4(e) and 5.4(f)), is set at around 41% and again differs significantly from the random
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baseline. Interestingly, the content based recommender have performed better for AN as the
higher ranked positions exhibit a higher hit percentage.
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(a) LB (large ChAO with ~56,000 changes)

(b) AR (large ChAO with ~23,000 changes)

(c) RJ (medium ChAO with ~2,100 changes)

(d) CH (medium ChAO with ~1,300 changes)

(e) AN (small ChAO with ~100 changes)

(f) SK (small ChAO with ~100 changes)
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Figure 5.4: The average percentage of hits across all positions of the content based recommender approach for the users AR, LB, RJ, CH, AN and SK. The gray dotted line
represents the random baseline and the black dotted line represents the average
hits across all positions n ∈ N for each user.
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5.4.2 Evaluation of collaborative filtering
The average percentage of hits for position N is depicted in Figure 5.5. Contrary to content
based recommendations, the observed average percentage of hits across all positions (black
dotted line) is set very low at around 6.97%. This means that on average less than every tenth
recommendation that is calculated using collaborative filtering, as shown in Section 5.2.1, is
also part of the corresponding validation set.

Figure 5.5: A plot of the average percentage of hits (y-axis) across all users and all positions
of the ranked recommendation list (x-axis) for collaborative filtering. The gray
dotted line represents the random baseline. The black dotted line represents the
average hits across all positions n ∈ N .
Even though, the difference between the random baseline (gray dotted line in Figure 5.5) and
the average percentage of hits (black dotted line in Figure 5.5) is not very high a difference of
around 6% can be observed. This difference indicates that collaborative filtering provides
slightly better recommendations than randomly picking concepts.
As already mentioned in Section 3.4 there are only 76 users in the ICD-11 ChAO that have
performed at least 1 or more changes. This circumstance has a rather drastic negative impact
on the overall performance of collaborative filtering. Nonetheless, the average percentage
of hits is uniformly distributed across all positions except for the—relatively drastic—peak
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at position 1. The precision at N (Figure 5.6) drastically declines with increasing positions
similar to the average percentage of hits (Figure 5.5) until it reaches a precision of N where
N = 10 with the value 0.058.

Figure 5.6: The average Precision at N for collaborative filtering for all ranks in the generated
Top 10 recommendation lists across all users. The y-axis represents the precision
and the x-axis represents the positions N.
In addition to the overall analysis of the collaborative filtering approach another similar
analysis was conducted on two representative users for rather large, medium and small sized
ChAOs. Both representatives for large ChAOs, LB (Figure 5.7(a)) and AR (Figure 5.7(b)),
exhibit rather good results. Especially LB with an average percentage of hits set at 72%. It is
interesting to observe that, even though AR has performed ten times more changes than RJ
(Figure 5.7(c)) their average percentage of hits is nearly identical. However, when looking at
CH (Figure 5.7(d)) and AN (Figure 5.7(e)) with only a very low average hit percentage and
SK (Figure 5.7(f)) with no hit at all, a pattern related to the number of performed changes,
can be observed. This observation spurs the following hypothesis: As the validation set for
LB is quite large the probability of randomly generating a hit is higher than for every other
user. With the decrease of performed changes the amount of hits decreases as well.
As already mentioned, the limited number of 76 users has a very dramatic impact on the
overall quality of the collaborative filtering approach and represents a very drastic limitation
to this evaluation.
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(a) LB (large ChAO with ~56,000 changes)

(b) AR (large ChAO with ~23,000 changes)

(c) RJ (medium ChAO with ~2,100 changes)

(d) CH (medium ChAO with ~1,300 changes)

(e) AN (small ChAO with ~100 changes)

(f) SK (small ChAO with ~100 changes)
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Figure 5.7: The average percentage of hits across all positions of the collaborative filtering
approach for the users AR, LB, RJ, CH, AN and SK. The gray dotted line
represents the random baseline and the black dotted line represents the average
hits across all positions n ∈ N .
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5.4.3 Evaluation of the knowledge based recommender system
The average percentage of hits across all positions (black dotted line in Figure 5.8) with
11.86% is slightly higher than the 6.97% of the collaborative filtering approach. This means
that slightly more than every tenth recommendation that is calculated using the knowledge
based recommender approach is also part of the corresponding validation set.

Figure 5.8: A plot of the average percentage of hits (y-axis) across all users and all positions
of the ranked recommendation list (x-axis) for knowledge based recommendations.
The gray dotted line represents the random baseline. The black dotted line
represents the average hits across all positions n ∈ N .
The difference between the random baseline (gray dotted line) and average percentage of
hits across all positions (black dotted line) is rather small but still significant. Again, this
difference indicates that recommendations generated by the knowledge based recommender
approach are significantly more useful than randomly picked concepts.
The average percentage of hits along all positions is uniformly distributed with small fluctuations and a small peak of 20% at position 10.
The precision at N (see Figure 5.9) is very stable with a peak of 0.1413 at N = 2. and roughly
0.1186 at N = 10. Contrary to the other two recommendation techniques no real trend (e.g.
continuous decrease in precision at lower ranks) for precision at N can be observed.
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Figure 5.9: The average Precision at N for knowledge based recommendations for all ranks in
the generated Top 10 recommendation lists across all users. The y-axis represents
the precision and the x-axis represents the positions N.
Figure 5.10 shows the average percentage of hits for the chosen representatives for rather
large, medium and small sized ChAOs. The average percentage of hits across all positions for
all users (black dotted line) across all different ChAO sizes only slightly varies between 10%
and 20%.
Even though the overall performance of the knowledge based recommender approach is very
limited, the difference between the average hit percentage and the random baseline is still
significant. It is interesting to see that the knowledge based recommender approach performs
similar across all different ChAO sizes and does not favor users with large ChAOs.
Similar to the precision at N no trends for very high or low average percentages of hits for a
specific position N can be observed.
It is important to note that the quality of knowledge based recommender techniques highly
correlate with the attributes and features chosen for similarity calculations. Despite the
observed difference between all random baselines and their corresponding average percentage
of hits across all positions, the in-degree of a node, used to generate the knowledge based
recommendations, does not necessarily represent a good measure for similarity calculations.
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(a) LB (large ChAO with ~56,000 changes)

(b) AR (large ChAO with ~23,000 changes)

(c) RJ (medium ChAO with ~2,100 changes)

(d) CH (medium ChAO with ~1,300 changes)

(e) AN (small ChAO with ~100 changes)

(f) SK (small ChAO with ~100 changes)
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Figure 5.10: The average percentage of hits across all positions of the knowledge based
recommender approach for the users AR, LB, RJ, CH, AN and SK. The gray
dotted line represents the random baseline and the black dotted line represents
the average hits across all positions n ∈ N .
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5.4.4 Results & discussion
This section will first provide a comparison of all three implemented concept recommender
algorithms. Additionally, a detailed presentation and discussion of the calculated concept
recommendations for the specific user RC is provided to determine the approach that works
best for ICD-11.
As already stated, the evaluation was conducted using a 5-fold cross validation under the
assumption that users only work on concepts they are interested in. Therefore, the validation
sets only consist of concepts that are of interest to the corresponding user.
When looking at Figure 5.11 the content based recommendations seem to perform best in
the case of ICD-11. Collaborative filtering and the knowledge based approach render pretty
similar results of lower precision. However, as it is important for recommender systems,
especially when recommendations are displayed as ranked vertical list, that the highest ranks
(e.g. 1 - 3) provide the best results, which is the case for collaborative filtering. As already
mentioned the total number of active users is very low, which also drastically impairs the
overall quality of collaborative filtering.

Figure 5.11: A plot of the average percentage of hits (y-axis) across all users and all positions of
the ranked recommendation list (x-axis) for all three recommendation techniques.
It can be observed that the content based recommender system clearly performs best. However,
it is important to note that all three approaches exhibit a significant difference from the
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random baseline and therefore yield better results than just randomly picking concepts to
recommend.
A very similar behavior can be observed when looking at Precision at N in Figure 5.12. Again,
the content based recommender approach performs significantly better than collaborative
filtering and the knowledge based approach. With an average precision of around 0.5 at
N = 10, every second recommendation generated using the content based recommender
approach is also part of the corresponding validation set.

Figure 5.12: A plot of the average precision (y-axis) across all users and all positions of the
ranked recommendation list (x-axis) for all three recommendation techniques.
It is interesting to see that collaborative filtering seems to have worked better than the content
based recommender system for higher ranks on users with a large ChAO(Figure 5.13(a) and
5.13(b)). Despite LB and CH (who actually shows a very bad overall performance for all
three recommender systems as can be seen in Figure 5.13(d)), content based recommendations
clearly produce the highest number of hits across all positions. This is especially interesting
for users with a smaller sized ChAO.
The knowledge based recommender system provides a solid average hit percentage of about
20% across all users. This leads to the hypothesis that the domain knowledge used to generate
the knowledge based recommendations is not appropriate and the overall performance of this
approach could be improved by identifying a more suitable domain knowledge for similarity
calculation.
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A very similar observation can be made when looking at Figure 5.14. For LB (Figure 5.14(a),
with the largest ChAO), the precision at N = 10 for collaborative filtering dominates the
other two approaches. For all other users, except CH, the content based recommender system
performs significantly better than the other two approaches.
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(a) LB (large ChAO with ~56,000 changes)

(b) AR (large ChAO with ~23,000 changes)

(c) RJ (medium ChAO with ~2,100 changes)

(d) CH (medium ChAO with ~1,300 changes)

(e) AN (small ChAO with ~100 changes)

(f) SK (small ChAO with ~100 changes)
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Figure 5.13: The average percentage of hits across all positions for all three recommender
approaches for the users LB, AR, RJ, CH, AN and SK.
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(a) LB (large ChAO with ~56,000 changes)

(b) AR (large ChAO with ~23,000 changes)

(c) RJ (medium ChAO with ~2,100 changes)

(d) CH (medium ChAO with ~1,300 changes)

(e) AN (small ChAO with ~100 changes)

(f) SK (small ChAO with ~100 changes)
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Figure 5.14: The average precision at position N for all three recommender approaches for
the users LB, AR, RJ, CH, AN and SK.
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To be able to better understand and interpret the results (and their differences in performance)
presented in this section, a detailed presentation of the calculated concept recommendations
of user RC is provided. To that end, the following basic information about RC has been
collected and aggregated. All results for RC that are listed in this section have been generated
using the concept recommender systems that are implemented as described in Chapter 5.
The ChAO of RC contains a total of 26, 280 changes which are performed on 3, 405 different
concepts. The majority of the changed concepts of RC are in the branch “Diseases of the
skin” but many other areas of ICD-11 have been changed by RC as well (see Figure 5.15).

Figure 5.15: Visualization of the ICD-11 concepts changed by RC. Nodes represent concepts
while their diameter corresponds to the number of changes performed on them
by RC.
The 8 most frequent words of the titles and definitions of concepts changed by RC, with
manually re-extended stems for reasons of readability and interpretability, ordered according
to their appearance-count are:
1. skin
2. contact
3. dermatology
4. due
5. may
6. syndrome
7. infection
8. disease
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This list can be used to interpret the selected recommendations (see Table 5.8) generated by
the content based recommender system.
Rk.
1
2
3
4
5
6
7
8
9
10

Content based
L02.9 ’Cutaneous abscess, furuncle and carbuncle, unspecified’
L02.8 ’Cutaneous abscess, furuncle and carbuncle of other sites’
’Chronic ulcer skin’
’Congenital skin anomaly other’
’Pediculosis/skin infestation other’
’Fear of skin disease other’
’Malignant neoplasm of skin’
’Dysplasia syndromes with skin/mucosae involvement’
’Tabulated - Other diseases of the skin and subcutaneous’
’Tabulated - Other malignant neoplasms of skin’

Score
0.381792
0.372091
0.359489
0.359119
0.356631
0.350870
0.345841
0.338079
0.333487
0.327885

Table 5.8: Ranked listing of the titles of all concepts recommended to user RC according to
the implementation of the content based concept recommender system.
Note that not a single word-overlap can be observed, when comparing the word-count list and
the first two results of the content based recommender approach. However, both concepts
feature a rather large definition that often contains the words skin and infection as well as
other words that are highly ranked but are not part of the 8 most frequent words.
It is interesting to observe that the concepts suggested by the content based recommender
system are all further down the hierarchy levels of ICD-11 with not a single top-level concept
(e.g. VI ’Diseases of the nervous system’) in the recommendation list.
Rk.
1
2
3
4
5
6
7
8
9
10

Collaborative filtering
II Neoplasms
VI ’Diseases of the nervous system’
XI ’Diseases of the digestive system’
E09-E1B ’Diabetes mellitus’
V ’Mental and behavioural disorders’
IX ’Diseases of the circulatory system’
A15 ’Respiratory tuberculosis, bacteriologically and histologically confirmed’
I21 ’Acute myocardial infarction’
H25 ’Senile cataract’
VII ’Diseases of the eye and adnexa’

Score
9.120824
9.119071
8.155308
8.136958
8.117054
8.106256
8.100946
8.058171
7.100532
6.137702

Table 5.9: Ranked listing of the titles of all concepts recommended to user RC according to
the implementation of collaborative filtering.
Contrary to the content based recommender system, collaborative filtering seems to prefer
top-level concepts for recommendation. This could be due to the fact that in the current
version of ICD-11 the highest number of distinct users performing changes on the same
concept can be found right around the artificial root concept.
When considering this circumstance and the implementation of collaborative filtering (Section 5.2.1), the results observed in Table 5.9 are understandable.
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Rk.
1
2
3
4
5
6
7
8
9
10

Knowledge based
’Selected Cause is Remainder of certain infectious and parasitic diseases in the Condensed and Selected General mortality lists’
’Ectodermal dysplasia syndromes’
’Chromosomal disorders affecting the skin ’
’Genetic, chromosomal and developmental disorders affecting the skin ’
XII ’Diseases of the skin’
’Genetic syndromes affecting nails’
’Tabulated - Other diseases of the skin and subcutaneous’
L20-L30 ’Dermatitis and eczema’
’Dysplasia syndromes with premature ageing appearance’
’Parasitic infestations affecting the skin’
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Score
42
34
28
24
23
19
18
17
17
16

Table 5.10: Ranked listing of the titles of all concepts recommended to user RC according to
the implementation of the knowledge based concept recommender system.
The Top 10 results of the knowledge based recommender approach are of a mixed nature as
both top-level as well as lower-level concepts can be found (see Table 5.10). This indicates
that concepts in ICD-11 are interconnected across different hierarchy levels.

5.5 Concept recommender algorithm conclusions
The results and observations described in Section 5.4 can be summarized as follows:
1. All three implemented concept recommender approaches perform significantly better
than the random baseline (see Figure 5.12).
2. The content based concept recommender approach performs drastically better than
collaborative filtering and the knowledge based concept recommender approach.
3. The overall performance of collaborative filtering suffers from the limited number of
active users in ICD-11 (see Table 3.1).
4. The overall performance of the knowledge based concept recommender algorithm is
greatly influenced by the suitability (e.g. by producing no ties at all) of the chosen
domain knowledge to determine similarity across concepts. Identifying a more suitable
domain knowledge will result in a better overall concept recommender performance.
5. Collaborative filtering performs worse when used on users with a smaller sized ChAO.
The content based and knowledge based concept recommender approaches both exhibit
a rather stable performances across different ChAO sizes.

6 Implementation of extensions to iCAT
Analytics
This chapter covers practical extensions that were developed and implemented into iCAT
Analytics, increasing its overall functionality. iCAT Analytics originally was created by Jan
Pöschko [PST+ 12] to help researches at Stanford Center for Biomedical Informatics Research
(BMIR) and WHO to better understand and monitor the development process of ICD-11.

6.1 Heat-map
As the name suggests, the heat-map extension for iCAT Analytics provides a color coded
map that highlights the change-activity of concepts. The warmer the color of a concept is
visualized, the more recent the last change was performed. Figure 6.1 shows ICD-11 with
activated heat-map and expanded legend.
To that end change-activity for a concept is defined as the number of days since the last
change was performed on that specific concept. This number is used to determine and set
the colors of the concepts according to the following time spans:
1. dark blue = Last change was >= 1 year ago
2. blue = Last change was >= 6 months but < 1 year ago
3. light blue = Last change was >= 1 month but < 6 months ago
4. turquoise = Last change was >= 2 weeks but < 1 month ago
5. yellow = Last change was >= 7 days but < 2 weeks ago
6. orange = Last change was >= 3 days but < 7 days ago
7. red = Last change was < 3 days ago
The heat-map can be activated while browsing different features of the graphical ontology
representation in iCAT Analytics, which will always be represented by the diameter of the
concepts, such as the number of Changes or the number of unique authors that have changed
a concept.
The implementation can easily be adopted to other activity measures and color-codes, allowing
for different activity algorithms and graphical representations with different areas of focus.
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Figure 6.1: A screenshot of iCAT Analytics showing a graphical visualization of ICD-11 with
activated heat-map.
The heat-map extension for iCAT Analytics originally was developed as a tool to monitor
activity in collaborative ontology engineering projects, which initially should be used to help
to identify branches and areas of an ontology that are currently (not) worked on.

6.2 Dashboard
iCAT Analytics originally provided many very detailed statistics about ICD-11, however
something similar to an “Overview” page was missing. This so called Dashboard (see
Figure 6.2) was implemented to provide such an overview for ICD-11 but also works, with a
few restrictions, with other ontologies loaded into iCAT Analytics.
The dashboard view can be separated into the following areas:
1. The changes and notes chart over time: Situated on the top left, shows the number of
changes and notes contributed to the ontology over time. The only limitation to the
representation is the length of the observation period of the ChAO.
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Figure 6.2: iCAT Analytics Dashboard View
2. The top contributors pie chart: Placed right next to the changes and notes chart,
it visualizes the amount of changes contributed by the top 15 authors and the rest
accumulated into others. This pie chart gives a quick overview of what has been analyzed
in Section 4.2.1. As can be seen in Figure 6.2 the top 5 contributers have contributed
significantly more to ICD-11 than the rest of the users together.
3. The basic statistics: They are a textual representation that is used to sum up the actual
size of the ontology, represented by the total number of concepts, changes, notes or
annotations and authors. In the case of ICD-11 and ICTM the additional parameter
TAG count is displayed showing the overall number of TAGs stored in ChAO.
4. The category statistics (across the whole ontology): The category statistics are ICD-11
exclusive as only ICD-11 provides color coded display states. These states are correlated
to the progress a concept has made, providing an interesting feature that can be (and
in that case is) used to provide additional analysis (see Figure 6.4).
5. The TAG statistics (across the whole ontology): Similar to the category statistics the
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TAG statistics are limited to ICD-11 and ICTM, as these two ontologies are the only
collaborative ontology engineering projects compatible to iCAT Analytics that feature
and use Topic Advisory Groups (TAGs) (see Figure 6.3).

Figure 6.3: iCAT Analytics different TAG Pie-Charts for Dashboard View
The changes and notes chart, the top contributors pie chart and the basic statistics are
self-explanatory. The category statistics provides two separate pie-charts that can be switched
by using the drop-down selector above the actual chart. The left pie-chart is used to visualize
category statistics that are related to the colored states that concepts feature as an attribute
in ICD-11.

Figure 6.4: iCAT Analytics different Category Pie-Charts for Dashboard View
The right pie-chart is used to provide a visualization of TAG activity within (all and color
coded) concepts. In ICD-11 and ICTM every concept has a property called primary_tag
and secondary_tag. These TAGs are manually set by WHO. Involved Tags are inherited
primary_tag and secondary_tag properties of super-class concepts. Therefore, a concept can
only have one primary TAG and one secondary TAG but multiple inherited or involved TAGs
assigned to it.
This analysis was intended to provide insights into the distribution of changes across primary,
secondary and involved TAGs as well as authors working for WHO and authors that are not
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related to any previously mentioned group and therefore are “outside TAGs”. This analysis
has shown that the secondary TAG is nearly neglected in ICD-11.
The dashboard originally was invented to enable ontology administrators to view basic or
general statistics about the currently selected ontology. All values are pre-calculated to
minimize CPU, hard-disk and memory load as well as response time.

6.3 TAG views
The TAG views are very similar to the dashboard (see Section 6.2) and only differ in the
person that is addressed by the view. As the name already suggest, the TAG views are for
TAG members and TAG administrators. They resemble an “Overview” page of a given TAG.
Contrary to the Dashboard, the TAG views are only browsable for collaboratively created
ontologies that support TAGs such as ICD-11 and ICTM.
The TAG view can be separated into the following areas:
1. Total change and annotation information: Just below the heading, a textual representation of all the changes and annotations performed on concepts that have the current
TAG assigned can be found. Additionally the number of changes and annotations
performed by members of the current TAG on concepts with the current TAG assigned
can be viewed.
2. The changes and notes chart over time: Situated on the top left just below the total
change and annotation information, shows the number of changes and notes contributed
to concepts that have the corresponding TAG assigned to it (either as primary, secondary
or inherited TAG).
3. The top contributors pie chart: Placed right next to the changes and notes chart
and visualizes the amount of changes contributed by the top 15 authors and the rest
accumulated into others, for all concepts that have the currently browsed TAG assigned.
4. The basic statistics: A textual representation, used to sum up the actual amount of
concepts, changes and annotations and authors that are part of the current TAG.
5. The category statistics (for current TAG): This pie chart provides information about
the distribution of display states across all concepts assigned to the current TAG. It
can be read as a “progress chart” with the ultimate goal to transform all concepts to
the blue display status.
6. The TAG statistics (for current TAG): A statistic about the changes performed on
each concept and the assigned TAG type. It shows the amount of changes that were
performed on concepts where the current TAG was assigned either primary, secondary
or involved TAG.

Chapter 6. Implementation of extensions to iCAT Analytics

85

Figure 6.5: iCAT Analytics TAG view for the TAG: http://who.int/icd#TAG_H_Mortality
Contrary to the Dashboard, the category and TAG statistics only feature one pie-chart that
can be switched using the drop-down selector above the chart.
The TAG views were originally implemented to provide a progress and statistics view for
ontology workers that are assigned to a specific work-group or TAG. As ICD-11 and ICTM
are the only ontologies featuring TAGs they are the only ontologies where TAG views are
supported in iCAT Analytics. Again, all statistics and values are pre-calculated and stored
to the database in a separate table to minimize CPU, hard-disk and memory load as well as
response time.
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6.4 TAG statistics for every concept
The detailed category views have been extended by a pie chart to be able to monitor TAG
activity. As can be seen in Figure 6.6 a drop-down selector was implemented to switch
between the change-distribution across users and the change-distribution across TAGs, all for
the currently viewed concept.

Figure 6.6: iCAT Analytics category view for XI ’Diseases of the digestive system’ at http:
//who.int/icd#XI
To be able to interpret the TAG changes pie-chart, the TAGs assigned to every concept are
displayed beneath the changes and notes chart.

6.5 Multiple data set switcher
As the name of iCAT Analytics suggest, the tool was originally built to only support ICD11 and its ChAO. As the functionality of iCAT Analytics improved over time, additional
ontologies have been loaded into and analyzed by iCAT Analytics. As of now the tool can
basically support all ontologies that are created with Protégé or one of its derivatives that
also features a ChAO.
All five collaborative ontology engineering data sets analyzed in Chapters 4 and 5 have been
imported into iCAT Analytics to perform detailed analysis on their change logs and provide
a graphical visualization of the ontology.
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Figure 6.7: The data set switcher allows for convenient change of data sets in the iCAT
Analytics user interface.
To be able to comfortably switch between multiple data sets, a drop down selector has been
introduced into the user interface.

7 Discussion & conclusions
The intention of this master’s thesis was to provide a pragmatic analysis of five different
collaborative ontology engineering processes. Furthermore, a first implementation and
evaluation of three different types of recommender systems have been implemented using
iCAT Analytics in addition to several other extensions that can be used to monitor activity.
The pragmatic analysis was focused around dynamic, social, semantic and behavioral
aspects of all five collaboratively engineered ontologies.
The dynamic aspects provided insights that lead to general observations about the chronological
distribution of activity as well as the distribution of activity across all concepts. It was shown
that work in all five collaborative ontology engineering projects was performed in bursts,
followed by periods of relatively low activity. Additionally a concentration of work on a
limited number of concepts was observed, which indicates that users concentrate their work
on a limited set of concepts rather than trying to change the whole ontology.
The analysis of social aspects across the five different collaborative ontology engineering
projects provided evidence that the distribution of work across users strongly resembles a
“power-law” distribution. Additionally, the conducted analysis indicated that users engage in
collaboration regardless of the size of the ontology or the number of active users. Furthermore,
collaboration is concentrated around very active users that have performed many changes.
By analyzing semantic aspects across the five different collaborative ontology engineering
projects different states of semantic stabilization and vocabulary size were identified, all
correlating with the current project progress/phase or special events.
The investigation of behavioral aspects has shown that work in collaborative ontology engineering environments is more likely to be performed top-down than bottom-up and the structure
of the ontology greatly influences the locality where (i.e. the locality) work is performed.
The implementation and evaluation of the three different recommender systems for ICD11 showed that the content based recommender approach performed best. However, all
three implementations provide significantly better results than just randomly selecting and
recommending concepts to users.
The main idea of all implemented iCAT Analytics extensions was to monitor activity and
progress, to aid ontology developers in their work.
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7.1 Contributions
This master’s thesis provides a first analysis of several different pragmatic aspects across five
collaborative ontology engineering projects. Additionally this work features a first approach
to implement and evaluate recommender systems for collaborative ontology engineering
environments. To that end several iCAT Analytics extensions, that help to monitor activity
and allow for multiple different ontology data sets to be loaded have been implemented.

7.2 Limitations
The pragmatic analysis of the five collaborative ontology engineering projects provided
interesting results. Due to the different states of each project, the different observation
periods of each ChAO and the different scales of every project a direct comparison is very
difficult. Additionally, all observed results for every collaborative ontology engineering project
have to be further investigated to be able to determine if or what outcome yields work of a
higher quality.
The properties used to calculate recommendations have been chosen according to “best
practices” in literature that are expected to provide good results. However, the collaborative
filtering and knowledge based recommender approaches both exhibit a rather poor overall
performance. Therefore, once ICD-11 is opened-up to the public and the number of active
users to analyze is higher the evaluation might yield a different result for collaborative filtering.
The knowledge based recommender approach performs rather poor but yields a very constant
number of hits. Therefore, it would be especially interesting to compare knowledge based
recommendations using a different representative of the available ICD-11 domain knowledge,
to check if a better overall performance can be achieved.

7.3 Future work
The pragmatic analysis of collaborative ontology engineering projects can be seen as a first
approach to shift the focus of ontology evaluation from the final ontology to the process
of creating an ontology. Based on the results presented in this master’s thesis additional
measures could be inferred that can help assessing the quality of an ontology. To that end, it
would be especially interesting to perform the pragmatic analysis featured in this work using
ontology engineering projects with similar ChAOs at the same stage of progress.
It is also worth mentioning that in the pragmatic analysis featured in this master’s thesis
only is-a relations were investigated. However, ontologies provide many additional types of
relationships that are also worth analyzing.
To be able to better assess the quality of the implemented recommender systems, conducting
online experiments with the users of iCAT (and iCAT Analytics) to determine if and to what
extent the recommended concepts are helpful to identify new concepts of interest, would be
useful.

List of Abbreviations
BMIR Stanford Center for Biomedical Informatics Research
BRO

Biomedical Resource Ontology

ChAO Change and Annotation Ontology
CTSA Clinical and Translational Science Awards
iCAT

ICD-11 Collaborative Authoring Tool

iCAT TM ICD-11 Collaborative Authoring Tool - Traditional Medicine
ICD

International Classification of Diseases

ICD-10 International Classification of Diseases 10th revision
ICD-11 International Classification of Diseases 11th revision
NCBO National Center for Biomedical Ontology
NCI

National Cancer Institute

NCIm NCI Metathesaurus
NCIt

NCI Thesaurus

NIH

National Institutes of Health

OPL

Ontology for Parasite Life Cycle

OWL

Web Ontology Language

RDFS Resource Description Framework Schema
T.cruzi Trypanosoma cruzi
TAG

Topic Advisory Group

W3C

World Wide Web Consortium

WHO World Health Organization
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